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What's New in SAS/ETS 9 and 9.1

Overview

New procedures in SAS/ETS include the following:

e The experimental ENTROPY procedure provides Generalized Maximum
Entropy estimation for linear systems of equations.

e The QLIM procedure analyzes univariate and multivariate models where de-
pendent variables take discrete values or values in a limited range.

e The TIMESERIES procedure analyzes time-stamped transactional data with
respect to time and accumulates the data into a time series format.

e The UCM procedure provides estimation for Unobserved Component Models,
also referred to as Structural Models.

Several new financial and date, time, and datetime functions have been added.

The new experimental SASEHAVR interface engine is now available to SAS/ETS
for Windows users for accessing economic and financial data residing in a HAVER
ANALYTICS Data Link Express (DLX) database.

New features have been added to the following SAS/ETS components:

e PROC ARIMA

e PROC EXPAND

¢ PROC MDC

¢ PROC MODEL

e PROC VARMAX

e PROC X12

e Time Series Forecasting System

Financial Functions

SAS/ETS now provides nevitnancial functions They are described in detail in
Chapter 4, “SAS Macros and Functions.”

CUMIPMT Returns the cumulative interest paid on a loan between the start
period and the end period.

CUMPRINC Returns the cumulative principal paid on a loan between the start
period and the end period.
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IPMT Returns the interest payment for a given period for an investment
based on periodic, constant payments and a constant interest rate.

PMT Returns the periodic payment for a constant payment loan or the
periodic saving for a future balance.

PPMT Returns the payment on the principal for an investment for a given
period.

Date, Time, and Datetime Functions

SAS/ETS now provides the following neslate, time, and datetime functionSee
Chapter 3, “Date Intervals, Formats, and Functiorfey’ more details.

INTEFMT Returns a recommended format given a date, time, or datetime in-
terval.

INTCINDEX Returns the cycle index given a date, time, or datetime interval and

value.

INTCYCLE Returns the date, time, or datetime interval at the next higher sea-
sonal cycle given a date, time, or datetime interval.

INTINDEX Returns the seasonal index given a date, time, or datetime interval
and value.

INTSEA Returns the length of the seasonal cycle given a date, time, or date-
time interval.

SASEHAVR Engine

The experimentabASEHAVR interface engine gives Windows users random access

to economic and financial data residing in a HAVER ANALYTICS Data Link Express
(DLX) database. You can limit the range of data that is read from the time series
and specify a desired conversion frequency. Start dates are recommended on the
libname statement to help you save resources when processing large databases or
when processing a large number of observations. You can further the subsetting of
your data by using the WHERE, KEEP, or DROP statements in your DATA step. You
can use the SQL procedure to create a view of your resulting SAS data set.

ARIMA Procedure

The OUTLIER statement of thé\RIMA procedure has become production in SAS
System 9. A new ID option that provides date labels to the discovered outliers has
been added.

In the presence of embedded missing values, the new default White Noise test of
residuals uses the one proposed by Stoffer and Toloi (1992), which is more appropri-
ate.



EXPAND Procedure ¢ xi

The default forecasting algorithm when the data have embedded missing values and
the model has multiple orders of differencing for the dependent series has been
slightly modified. This modification usually improves the statistical properties of
the forecasts.

ENTROPY Procedure

The new experiment&NTROPY procedure implements a parametric method of lin-
ear estimation based on Generalized Maximum Entropy.

Often the statistical-economic model of interest is ill-posed or underdetermined for
the observed data, for example when limited data is available or acquiring data is
costly. For the general linear model this can imply that high degrees of collinearity
exist among explanatory variables or that there are more parameters to estimate than
observations to estimate them with. These conditions lead to high variances or non-
estimability for traditional GLS estimates.

The principle of maximum entropy, at the base of the ENTROPY procedure, is the
foundation for an estimation methodology that is characterized by its robustness to
ill-conditioned designs and its ability to fit overparameterized models.

Generalized Maximum Entropy, GME, is a means of selecting among probability
distributions so as to choose the distribution that maximizes uncertainty or unifor-
mity remaining in the distribution, subject to information already known about the
distribution itself. Information takes the form of data or moment constraints in the
estimation procedure. PROC ENTROPY creates a GME distribution for each param-
eter in the linear model, based upon support points supplied by the user. The mean
of each distribution is used as the estimate of the parameter. Estimates tend to be
biased, as they are a type of shrinkage estimate, but will typically portray smaller
variances than OLS counterparts, making them more desirable from a mean squared
error viewpoint.

PROC ENTROPYcan be used to fit simultaneous systems of linear regression mod-
els, Markov models, and seemingly unrelated regression models as well as to solve
pure inverse problems and unordered, multinomial choice problems. Bounds ar 9.1 -
strictions on parameters can be specified and Wald, Likelihood ratio, and Lagrange
multiplier tests can be computed. Prior information can also be supplied to enhance
estimates and data.

EXPAND Procedure

The EXPAND procedure has several nésansformation operatarsnoving product,
moving rank, moving geometric mean, sequence operators, fractional differencing,
Hodrick-Prescott filtering, and scaling.

The EXPAND procedure has a new option for creating time series graphics. 9.1
PLOT=option enables you to graph the input, output, and transformed time series.

Xi
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MDC Procedure

The RESTRICTstatement now has a new syntax and supports linear restrictions.

The newBOUNDS statement enables you to specify simple boundary constraints
on the parameter estimates. You can use both the BOUNDS statement and the
RESTRICT statement to impose boundary constraints; however, the BOUNDS state-
ment provides a simpler syntax for specifying these kinds of constraints.

MODEL Procedure

The SMM (Simulated Method of Moments) estimation is now available as an option
in the FIT statement. This method of estimation is appropriate for estimating models
in which integrals appear in the objective function and these integrals can be approx-
imated by simulation. There may be various reasons for that to happen, for example,
transformation of a latent model into an observable model, missing data, random co-
efficients, heterogeneity, etc. A typical use of SMM is in estimating stochastic volatil-
ity models in finance, where only the stock return is observable, while the volatility
process is not, and needs to be integrated out of the likelihood function. The simu-
lation method can be used with all the estimation methods except Full Information
Maximum Likelihood (FIML) in PROC MODEL. Simulated Generalized Method of
Moments (SGMM) is the default estimation method.

Heteroscedastic Corrected Covariance Matrix Estimators (HCCME) have been im-
plemented. ThéedCCME= option selects which correction is applied to the covari-
ance matrix.

Instrumental variables can now be specified for specific equations rather than for all
equations. This is done with expanded syntax onN&TRUMENT statement.

QLIM Procedure

The newQLIM procedure analyzes univariate and multivariate limited dependent
variable models where dependent variables take discrete values or dependent vari-
ables are observed only in a limited range of values. This procedure includes logit,
probit, tobit, selection, and multivariate models. The multivariate model can contain
discrete choice and limited endogenous variables as well as continuous endogenous
variables.

The QLIM procedure supports the following models:

¢ linear regression model with heteroscedasticity

probit with heteroscedasticity

logit with heteroscedasticity
tobit (censored and truncated) with heteroscedasticity

Box-Cox regression with heteroscedasticity

Xii
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bivariate probit
bivariate tobit

sample selection and switching regression models

multivariate limited dependent variables

TIMESERIES Procedure

The newTIMESERIESprocedure analyzes time-stamped transactional data with re-
spect to time and accumulates the data into a time series format. The procedure can
perform trend and seasonal analysis on the transactions. Once the transactional data
are accumulated, time domain and frequency domain analysis can be performed on
the resulting time series. The procedure produces numerous graphical results related
to time series analysis.

UCM Procedure

The newUCM procedure, experimental in SAS System 9, is production in SAS ¢ 9.1
You can use this procedure to analyze and forecast equally spaced univariate time
series data using Unobserved Components Models (UCM).

The UCMs can be regarded as regression models where, apart from the usual regres-
sion variables, the model consists of components such as trend, seasonals, and cycles.
In time series literature UCMs are also referred to as Structural Models. The differ-
ent components in a UCM can be modeled separately and are customized to represent
salient features of a given time series. The analysis provides separate in-sample and
out of sample estimates (forecasts) of these component series. In particular, model-
based seasonal decomposition and seasonal adjustment of the dependent series is
easily available. The distribution of errors in the model is assumed to be Gaussian
and the model parameters are estimated by maximizing the Gaussian likelihood. The
UCM procedure can handle missing values in the dependent series.

The domains of applicability of PROC UCM and PROC ARIMA are virtually iden-
tical; however, decomposition of a series in features such as trend, seasonals, and
cycles is more convenient in PROC UCM. A seasonal decomposition of a time se-
ries can also be obtained using other procedures, for example, PROC X12. However,
these seasonal decompositions generally do not take into account regression and other
effects and are not model based. The seasonal decomposition in PROC UCM is based
on a comprehensive model, providing all the advantages of model diagnostics.

Xiii
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VARMAX Procedure

The VARMAX procedure now provides the following features:

e The ECTREND option is available in the ECM=() option of ti®DEL state-
ment to fit the VECMp) with a restriction on the drift. The ECTREND option
is ignored when either the NSEASON or NOINT option is specified.

e You can now use the DFTEST option at multiple lags. For example,
DFTEST=(DLAG=(1)(12)) provides the Dickey-Fuller regular unit root test
and seasonal unit root test. If the TREND= option is specified, the seasonal
unit root test is not available.

e The DYNAMIC option is added to the PRINT=( ) option. This representa-
tion displays the contemporaneous relationships among the components of the
vector time series.

e The CORRX, CORRY, COVPE, COVX, COVY, DECOMPOSE, IARR,
IMPULSE, IMPULSX, PARCOEF, PCANCORR, and PCORR options can be
used with the number in parentheses in the PRINT=( ) option. For example,
you can use CORRX or CORRM@mbe}. The options print the number of
lags specified byyumber The default is the number of lags specified by the
LAGMAX= number

e The subset BVAR model is now available.
e The statistics for the one lagged coefficient matrix are removed in the ECM.

e The last columns of the BETA and ALPHA are removed in the COINTTEST
option when the NOINT option is not specified.

e The long variable names are available in the model parameter estimation table.

e The schematic representation of the estimates that shows the significance of the
parameters is now available.

e Two new ODS Tables, ParameterGraph and GARCHParameterGraph, are
added.

9.1 Many ODS table namelave been changed.

Xiv
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X12 Procedure

The X12 procedure default behavior has changed with regard to missing leading and
trailing values. Previously the default was not to trim leading/trailing missing values
from the series. This made it difficult to process multiple series within a data set
when the series had differing spans. Now the default is to trim leading and trailing
missing values. The neNOTRIMMISS option provides the old default behavior;
when NOTRIMMISS is specified, PROC X12 will automatically generate missing
value regressors for any missing value within the span of the series, including leading
and trailing missing values.

The following statements and options are new:

e The AUTOMDL statement uses the TRAMO method based on the work of
Gomez and Maravall (1997a and 1997b) to automatically select the ARIMA
part of a regARIMA model for the time series.

e The OUTLIER statement automatically detects additive, level shift, and tem-
porary change outliers in the time series. After the outliers are identified, the
appropriate regression variables are incorporated into the model.

e The MAXITER andTOL options of theESTIMATE statement provide addi-
tional control over the convergence of the nonlinear estimation.

e The ITPRINT and PRINTERR options of theESTIMATE statement enable
you to examine the iterations history of the nonlinear estimation.

e TheFINAL andFORCEoptions of theX11 statement enable you to control th: 9.1
final seasonally adjusted series. TR®&AL option specifies whether outlier,
level shift, and temporary change effects should be removed from the final
seasonally adjusted series. TRORCE option specifies whether or not the
yearly totals of final seasonally adjusted series match the totals of the original
series.

Time Series Forecasting System

Enhancements to this graphical point-and-click system provide new kinds of fore-
casting models, better ways to customize lists of models, greater flexibility in sharing
projects over a network, and support for graphical and tabular Web reports:

e TheFactored ARIMA Model Specificatiowindow provides a general purpose
interface for specifying ARIMA models. You can specify any number of fac-
tors and select the AR and MA lags to include in each factor. This makes it
easy to model series with unusual and/or multiple seasonal cycles.

e Improvements to th&lodel Selection List Editowindow enable you to open 9.1
alternate model lists included with the software as well as user defined model
lists. You can create a new model list, open an existing model list, modify it,
use it to replace the current list, append it to the current list, save it in a catalog,
assign it to a project, or assign it as a user default list for newly created projects.

XV
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Several new ARIMA and dynamic regression model lists are provided. You can
combine these into large sets for automatic model selection and select from
them to create the best set of candidate models for your data.

e Project optionsare no longer stored exclusively in the SASUSER library. You
can use any path to which you have write access by assigning the libname
TSFSUSER. The system prompts you for this path if you do not have write
access to the SASUSER library.

e The Series Viewer and Model Viewer suppseving graphs and tablesa
the Output Delivery System (ODS). Select the “Use Output Delivery System”
option in the Save As dialog to create html pages and corresponding gif files.
You can access and organize these using the ODS Results window, display
them automatically in your browser (depending on your results preferences
settings), or publish them via the Internet or an intranet. You can also create
other forms of output by providing your own ODS statements.

e The Time Series Viewer and Time Series Forecasting System can now be
started from amacro submitted from the Program Editor or the Enhanced
Editor. The FORECAST and TSVIEW macros accept the same arguments
as the FORECAST and TSVIEW commands. You can use the FORECAST
macro to generate and submit any number of independent unattended forecast-
ing runs from a data step program.

References
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Chapter 1
Introduction

Overview of SAS/ETS Software

SAS/ETS software, a component of the SAS System, provides SAS procedures for

e econometric analysis

¢ time series analysis

e time series forecasting

e systems modeling and simulation

e discrete choice analysis

e analysis of qualitative and limited dependent variable models
¢ seasonal adjustment of time series data

¢ financial analysis and reporting

e access to economic and financial databases

e time series data management

In addition to SAS procedures, SAS/ETS software also includes interactive environ-
ments for time series forecasting and investment analysis.

Uses of SAS/ETS Software

SAS/ETS software provides tools for a wide variety of applications in business, gov-
ernment, and academia. Major uses of SAS/ETS procedures are economic analysis,
forecasting, economic and financial modeling, time series analysis, financial report-
ing, and manipulation of time series data.

The common theme relating the many applications of the software is time series data:
SAS/ETS software is useful whenever it is necessary to analyze or predict processes
that take place over time or to analyze models that involve simultaneous relationships.

Although SAS/ETS software is most closely associated with business and economics,
time series data also arise in many other fields. SAS/ETS software is useful whenever
time dependencies, simultaneous relationships, or dynamic processes complicate data
analysis. For example, an environmental quality study might use SAS/ETS software’s
time series analysis tools to analyze pollution emissions data. A pharmacokinetic
study might use SAS/ETS software’s features for nonlinear systems to model the
dynamics of drug metabolism in different tissues.

The diversity of problems for which econometrics and time series analysis tools are
needed is reflected in the applications reported by SAS users. The following listed
items are some applications of SAS/ETS software presented by SAS users at past
annual conferences of the SAS Users Group International (SUGI).
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o forecasting college enroliment (Calise and Earley 1997)
o fit a pharmacokinetic model (Morelock et al. 1995)

e testing interaction effect in reducing SIDS (Fleming, Gibson, and Fleming
1996)

e forecasting operational indices to measure productivity changes (McCarty
1994)

e spectral decomposition and reconstruction of nuclear plant signals (Hoyer and
Gross 1993)

e estimating parameters for the CES-Translog model (Hisnanick 1993)

e applying econometric analysis for mass appraisal of real property (Amal and
Weselowski 1993)

o forecasting telephone usage data (Fishetti, Heathcote, and Perry 1993)

o forecasting demand and utilization of inpatient hospital services (Hisnanick
1992)

e using conditional demand estimation to determine electricity demand (Keshani
and Taylor 1992)

e estimating tree biomass for measurement of forestry yields (Parresol and
Thomas 1991)

e evaluating the theory of input separability in the production function of U.S.
manufacturing (Hisnanick 1991)

o forecasting dairy milk yields and composition (Benseman 1990)

e predicting the gloss of coated aluminum products subject to weathering (Khan
1990)

e learning curve analysis for predicting manufacturing costs of aircraft (Le
Bouton 1989)

e analyzing Dow Jones stock index trends (Early, Sweeney, and Zekavat 1989)

¢ analyzing the usefulness of the composite index of leading economic indicators
for forecasting the economy (Lin and Myers 1988)

Contents of SAS/ETS Software

Procedures

SAS/ETS software includes the following SAS procedures:

ARIMA ARIMA (Box-Jenkins) and ARIMAX (Box-Tiao) modeling and
forecasting

AUTOREG regression analysis with autocorrelated or heteroscedastic errors
and ARCH and GARCH modeling

COMPUTAB  spreadsheet calculations and financial report generation
DATASOURCE access to financial and economic databases



ENTROPY
EXPAND

FORECAST
LOAN

MDC
MODEL

PDLREG
QLIM
SIMLIN
SPECTRA
STATESPACE

SYSLIN
TIMESERIES
TSCSREG
UCM
VARMAX

X11
X12

Macros

Overview of SAS/ETS Software

maximum entropy-based regression

time series interpolation and frequency conversion, and transfor-
mation of time series

automatic forecasting
loan analysis and comparison
multinomial discrete choice analysis

nonlinear simultaneous equations regression and nonlinear systems
modeling and simulation

polynomial distributed lag regression (Almon lags)
gualitative and limited dependent variable analysis
linear systems simulation

spectral and cross spectral analysis

state space modeling and automated forecasting of multivariate
time series

linear simultaneous equations models

analysis of time-stamped transactional data

time series cross-sectional regression analysis

unobserved components analysis of time series

vector autoregressive and moving-average modeling and forecast-
ing

seasonal adjustment (Census X-11 and X-11 ARIMA)

seasonal adjustment (Census X-12 ARIMA)

SAS/ETS software includes the following SAS macros:

%AR

%BOXCOXAR

%DFPVALUE
%DFTEST
%LOGTEST

%MA

%PDL

generates statements to define autoregressive error models for the
MODEL procedure

investigates Box-Cox transformations useful for modeling and
forecasting a time series

computes probabilities for Dickey-Fuller test statistics
performs Dickey-Fuller tests for unit roots in a time series process

tests to see if a log transformation is appropriate for modeling and
forecasting a time series

generates statements to define moving average error models for the
MODEL procedure

generates statements to define polynomial distributed lag models
for the MODEL procedure

These macros are part of the SAS AUTOCALL facility and are automatically avail-
able for use in your SAS program. Refer$&S Macro Language: Referenioe
information about the SAS macro facility.
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The Time Series Forecasting System

In addition to SAS procedures and macros, SAS/ETS software also includes an in-
teractive forecasting user interface. This user interface was developed with SAS/AF
software and uses PROC ARIMA to perform time series forecasting. The TSF sys-

tem makes it easy to forecast time series and provides many features for graphi-
cal data exploration and graphical comparisons of forecasting models and forecasts.
(SAS/GRAPH is required to use the graphical features of the system.)

The Investment Analysis System

The Investment Analysis system is an interactive environment for the time-value of
money of a variety of investments. Various analyses are provided to help analyze
the value of investment alternatives: time value, periodic equivalent, internal rate of
return, benefit-cost ratio, and breakeven analysis.

Some of the features of SAS/ETS software are also available through menu driven
interfaces provided by SAS/ASSIST software. (Both SAS/ASSIST software and
SAS/ETS software must be licensed for you to use these features.)

The following components of SAS/ASSIST software enable you to use SAS/ETS
procedures through a menu interface:

loan analysis (uses PROC LOAN)
regression with correction for autocorrelation (uses PROC AUTOREG)

seasonal adjustment (uses PROC X11)

convert frequency of time series data (uses PROC EXPAND)

About This Book

This book is a user’s guide to SAS/ETS software. Since SAS/ETS software is a part
of the SAS System, this book assumes that you are familiar with Base SAS software
and have the bookSAS Language: ReferenaadSAS Procedures Guidwevailable

for reference. It also assumes that you are familiar with SAS data sets, the SAS
DATA step, and with basic SAS procedures such as PROC PRINT and PROC SORT.
Chapter 2, “Working with Time Series Dataif this book summarizes the aspects of
Base SAS software most relevant to the use of SAS/ETS software.

Chapter Organization

Following a brief What's New section, this book is divided into four major parts.
“Part One” contains general information to aid you in working with SAS/ETS
Software. “Part Two” is the “Procedure Reference” that is comprised of chapters
that explain the SAS procedures that make up SAS/ETS software. “Part Three” is the
reference for the Time Series Forecasting System, an interactive forecasting menu
system that uses PROC ARIMA to perform time series forecasting. Finally, “Part
Four” is the reference for the Investment Analysis System.
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The new features added to SAS/ETS software since the publicati@ASIETS
Software: Changes and Enhancements for Releasarg.aummarized in “What'’s
New in SAS/ETS 9 and 9.1.” If you have used SAS/ETS software in the past, you
may want to skim this chapter to see what'’s new.

“Part One” contains the following chapters.

Chapter 1the current chapter, provides an overview of SAS/ETS software and sum-
marizes related SAS Institute publications, products, and services.

Chapter 2, “Working with Time Series Datadliscusses the use of SAS data man-
agement and programming features for time series data.

Chapter 3, “Date Intervals, Formats, and Functiorsyinmarizes the time intervals,
date and datetime informats, date and datetime formats, and date and datetime func-
tions available in the SAS System.

Chapter 4, “SAS Macros and Functionsgocuments SAS macros and DATA step
financial functions provided with SAS/ETS software. The macros use SAS/ETS pro-
cedures to perform Dickey-Fuller tests, test for the need for log transformations, or
select optimal Box-Cox transformation parameters for time series data.

Chapter 5, “The SASECRSP Interface Engingldcuments the SASECRSP inter-

face engine that enables SAS users to access and process time series data residing in
CRSPAccess data files, and provides a seamless interface between CRSP and SAS
data processing.

Chapter 6, “The SASEFAME Interface Enginegiocuments the SASEFAME inter-

face engine that enables SAS users to access and process time series data residing in
a FAME database, and provides a seamless interface between FAME and SAS data
processing.

Chapter 7, “The SASEHAVR Interface Enginedocuments the SASEHAVR inter-
face engine that provides Windows users random access to economic and financial
data residing in a HAVER ANALYTICS Data Link Express (DLX) database.

Chapter 8, “Using the Output Delivery Systemgrovides an introduction to the
Output Delivery System (ODS).

Chapter 9, “Statistical Graphics Using OD$fovides an introduction to the exper-
imental graphics extension to the Output Delivery System.

Chapter 10, “Nonlinear Optimization Methods,”documents the NonLinear
Optimization subsystem used by some ETS procedures to perform nonlinear
optimization tasks.

“Part Two” contains the chapters that explain the SAS procedures that make up
SAS/ETS software. These chapters appear in alphabetical order by procedure name.

The chapters documenting the SAS/ETS procedures are organized as follows:

1. Each chapter begins with an “Overview” section that gives a brief description
of the procedure.
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2. The “Getting Started” section provides a tutorial introduction on how to use
the procedure.

3. The “Syntax” section is a reference to the SAS statements and options that
control the procedure.

4. The “Details” section discusses various technical details.
5. The “Examples” section contains examples of the use of the procedure.
6. The “References” section contains technical references on methodology.

“Part Three” contains the chapters that document the features of the Time Series
Forecasting System, while the features of the Investment Analysis System are docu-
mented in “Part Four.”

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 lan-
guage 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 s used in the “Syntax” sections’ initial lists of SAS state-
ments and options.

oblique is used for user-supplied values for options in the syntax
definitions. In the text, these values are writteritatic.

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

bold is used to refer to matrices and vectors, and to refer to com-
mands (e.@ndor cd.)

italic is used for terms that are defined 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.

Options Used in Examples

Output of Examples

For each example, the procedure output is numbered consecutively starting with 1,
and each output is given a title. Each page of output produced by a procedure is
enclosed in a box.

Most of the output shown in this book is produced with the following SAS System
options:

10
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options linesize=80 pagesize=200 nonumber nodate;

The template STATDOC.TPL is used to create the HTML output that appears in the
online (CD) version. A style template controls stylistic HTML elements such as
colors, fonts, and presentation attributes. The style template is specified in the ODS
HTML statement as follows:

ODS HTML style=statdoc;

If you run the examples, you may get slightly different output. This is a function of
the SAS System options used and the precision used by your computer for floating-
point calculations.

Graphics Options

The examples that contain graphical output are created with a specific set of options
and symbol statements. The code you see in the examples creates the color graphics
that appear in the online (CD) version of this book. A slightly different set of op-
tions and statements is used to create the black-and-white graphics that appear in the
printed version of the book.

If you run the examples, you may get slightly different results. This may occur be-
cause not all graphic options for color devices translate directly to black-and-white
output formats. For complete information on SAS/GRAPH software and graphics
options, refer t6AS/GRAPH Software: Reference

The following GOPTIONS statement is used to create the online (color) version of
the graphic output.

filename GSASFILE '<file-specification>’

goptions reset=all
gaccess=GSASFILE gsfmode=replace

fileonly

transparency dev = gif

ftext = swiss Ifactor = 1
htext = 4.0pct htitle = 4.5pct
hsize = 5.5in vsize = 3.5in
noborder cback = white
horigin = 0Oin vorigin = Qin ;

The following GOPTIONS statement is used to create the black-and-white version of
the graphic output, which appears in the printed version of the manual.

filename GSASFILE '<file-specification>’
goptions reset=all

gaccess=GSASFILE gsfmode=replace
fileonly

11
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dev = pslepsf

ftext = swiss Ifactor = 1
htext = 3.0pct htitle = 3.5pct
hsize = 5.5in vsize = 3.5in
border cback = white
horigin = 0Qin vorigin = Qin;

In most of the online examples, the plot symbols are specified as follows:

symboll value=dot color=white height=3.5pct;

The SYMBOLn statements used in online examples order the symbol colors as fol-
lows: white, yellow, cyan, green, orange, blue, and black.

In the examples appearing in the printed manual, symbol statements specify
COLOR=BLACK and order the plot symbols as follows: dot, square, triangle, circle,
plus, x, diamond, and star.

Where to Turn for More Information

This section describes other sources of information about SAS/ETS software.

Accessing the SAS/ETS Sample Library

The SAS/ETS Sample Library includes many examples that illustrate the use of
SAS/ETS software, including the examples used in this documentation. To ac-
cess these sample programs, seléelp from the menu and sele&AS Help and
Documentation From the Contents list, chooseearning to Use SASand then
Sample SAS Programs

Online Help System

You can access online help information about SAS/ETS software in two ways, de-
pending on whether you are using the SAS windowing environment in the command
line mode or the pull-down menu mode.

If you are using a command line, you can access the SAS/ETS help menus by typing
help on the SAS windowing environment command line. Or you can or issue the
commandhelp ARIMA (or another procedure name) to bring up the help for that
particular procedure.

If you are using the SAS windowing environment pull-down menus, you can pull-
down theHelp menu and make the following selections:

e SAS Help and Documentation

Learning to Use SAS in the Contents list
SAS Products
e SAS/ETS

The content of the Online Help System follows closely the one of this book.

12
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Other Related SAS Institute Publications

In addition to this user's guide, SAS Institute publishes other books on using
SAS/ETS software. The following books are companions to this user’s guide:

e SAS/ETS Software: Applications Guide 1, Version 6, First Edition
e SAS/ETS Software: Applications Guide 2, Version 6, First Edition

The first volume,SAS/ETS Software: Applications Guidedlscusses features of
SAS/ETS software for time series modeling and forecasting, financial reporting, and
loan analysis. The second volunf@AS/ETS Software: Applications Guidedss-
cusses features of SAS/ETS software for econometric modeling and simulation.

Forecasting Examples for Business and Economics Using the SAS Syistamses
forecasting using SAS/ETS software.

SAS Institute Short Courses

SAS Institute offers the following short course on using SAS/ETS software:

Introduction to Time Series Forecasting Using SAS/ETS Sofiwarkevel Il course

is designed for statisticians, economists, business planners, inventory managers, mar-
ket researchers, and others who analyze time series data and need to forecast time
series data. This course uses the Time Series Forecasting System (TSFS) and the
SAS/ETS procedures ARIMA, FORECAST, and EXPAND. After completing this
course, you should be able to

e preprocess time series data using SAS date, time, and mathematical DATA step
functions

e impute missing or invalid values in time series data using a variety of methods

e recognize and understand the basic components of time series data, including
trend and seasonality

e forecast individual time series using regression, exponential smoothing,
ARIMA, and composite models

e implement procedures for the automatic generation of forecasts for a large
number of time series

e produce forecasts using data collected at different summary levels (for exam-
ple, SKU, product group, product line, business line)

e produce effective graphics presentations of forecasts
e evaluate the accuracy of forecast models
e select from a variety of competing models

13
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SAS Institute Technical Support Services

As with all SAS Institute products, the SAS Institute Technical Support staff is avail-
able to respond to problems and answer technical questions regarding the use of
SAS/ETS software.

Major Features of SAS/ETS Software

The following sections briefly summarize major features of SAS/ETS software. See
the chapters on individual procedures for more detailed information.

Discrete Choice and Qualitative and Limited Dependent
Variable Analysis

The MDC procedure provides maximum likelihood (ML) or simulated maximum
likelihood estimates of multinomial discrete choice models in which the choice set
consists of unordered multiple alternatives. The MDC procedure supports the follow-
ing models and features:

e conditional logit

e nested logit

e heteroscedastic extreme value

e multinomial probit

e mixed logit

e pseudo-random or quasi-random numbers for simulated maximum likelihood
estimation

e bounds imposed on the parameter estimates

e linear restrictions imposed on the parameter estimates

e SAS data set containing predicted probabilities and linear predixt@) (al-
ues

e goodness-of-fit measures including

— likelihood ratio

— Aldrich-Nelson

— Cragg-Uhler 1

— Cragg-Uhler 2

— Estrella

— Adjusted Estrella

— McFadden’s LRI

— Veall-Zimmermann

— Akaike Information Criterion (AIC)
— Schwarz Criterion

14
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TheQLIM procedure analyzes univariate and multivariate limited dependent variable
models where dependent variables take discrete values or dependent variables are
observed only in a limited range of values. This procedure includes logit, probit,
tobit, and general simultaneous equations models. The QLIM procedure supports the
following models:

e linear regression model with heteroscedasticity

probit with heteroscedasticity

logit with heteroscedasticity

tobit (censored and truncated) with heteroscedasticity

Box-Cox regression with heteroscedasticity

bivariate probit
bivariate tobit

Regression with Autocorrelated and Heteroscedastic Errors

The AUTOREG procedure provides regression analysis and forecasting of linear
models with autocorrelated or heteroscedastic errors. The AUTOREG procedure in-
cludes the following features:

e estimation and prediction of linear regression models with autoregressive errors
e any order autoregressive or subset autoregressive process

e optional stepwise selection of autoregressive parameters

¢ choice of the following estimation methods:

exact maximum likelihood
exact nonlinear least squares
Yule-Walker

iterated Yule-Walker

e tests for any linear hypothesis involving the structural coefficients
e restrictions for any linear combination of the structural coefficients
e forecasts with confidence limits

e estimation and forecasting of ARCH (autoregressive conditional heteroscedas-
ticity), GARCH (generalized autoregressive conditional heteroscedasticity),
I-GARCH (integrated GARCH), E-GARCH (exponential GARCH), and
GARCH-M (GARCH in mean) models

e ARCH and GARCH models can be combined with autoregressive models, with
or without regressors

e estimation and testing of general heteroscedasticity models
e variety of model diagnostic information including

— autocorrelation plots

15
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— partial autocorrelation plots

— Durbin-Watson test statistic and generalized Durbin-Watson tests to any
order

— Durbinh and Durbint statistics

— Akaike information criterion

— Schwarz information criterion

— tests for ARCH errors

— Ramsey’s RESET test

— Chow and PChow tests

— Phillips-Perron stationarity test

— CUSUM and CUMSUMSQ statistics

e exact significance levelp{values) for the Durbin-Watson statistic
e embedded missing values

Simultaneous Systems Linear Regression

The SYSLIN and ENTROPY procedures provide regression analysis of a simulta-
neous system of linear equations. The SYSLIN procedure includes the following
features:

e estimation of parameters in simultaneous systems of linear equations

o full range of estimation methods including

— ordinary least squares (OLS)

— two-stage least squares (2SLS)

three-stage least squares (3SLS)

iterated 3SLS

seemingly unrelated regression (SUR)
iterated SUR

limited-information maximume-likelihood (LIML)
— full-information maximum-likelihood (FIML)

— minimum-expected-loss (MELO)

— general K-class estimators

e weighted regression

e any number of restrictions for any linear combination of coefficients, within a
single model or across equations

o tests for any linear hypothesis, for the parameters of a single model or across
eqguations

¢ wide range of model diagnostics and statistics including

— usual ANOVA tables and Rstatistics
— Durbin-Watson statistics

16
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standardized coefficients

test for over-identifying restrictions
residual plots

standard errors and T tests

covariance and correlation matrices of parameter estimates and equation
errors

e predicted values, residuals, parameter estimates, and variance-covariance ma-
trices saved in output SAS data sets

The ENTROPY procedure includes the following features:

e generalized maximum entropy (GME) estimation

e generalized cross entropy (GCE) estimation

e maximum entropy SUR (MESUR) estimation

e pure inverse estimation

e estimation of parameters in simultaneous systems of linear equations
e weighted regression

e any number of restrictions for any linear combination of coefficients, within a
single model or across equations

e tests for any linear hypothesis, for the parameters of a single model or across
equations

Linear Systems Simulation

TheSIMLIN procedure performs simulation and multiplier analysis for simultaneous
systems of linear regression models. The SIMLIN procedure includes the following
features:

e reduced form coefficients

interim multipliers

total multipliers

dynamic forecasts and simulations

goodness-of-fit statistics

processes equation system coefficients estimated by the SYSLIN procedure

Polynomial Distributed Lag Regression

The PDLREG procedure provides regression analysis for linear models with poly-
nomial distributed (Almon) lags. The PDLREG procedure includes the following
features:

17
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e any number of regressors may enter as a polynomial lag distribution, and any
number of covariates may be used

e any order lag length and degree polynomial for lag distribution may be used
e optional upper and lower endpoint restrictions
e any number of linear restrictions may be placed on covariates

e option to repeat analysis over a range of degrees for the lag distribution poly-
nomials

e support for autoregressive errors to any lag
o forecasts with confidence limits

Nonlinear Systems Regression and Simulation

The MODEL procedure provides parameter estimation, simulation, and forecasting
of dynamic nonlinear simultaneous equation models. The MODEL procedure in-
cludes the following features:

e nonlinear regression analysis for systems of simultaneous equations, including
weighted nonlinear regression

o full range of parameter estimation methods including

— nonlinear ordinary least squares (OLS)

— nonlinear seemingly unrelated regression (SUR)

— nonlinear two-stage least squares (2SLS)

— nonlinear three-stage least squares (3SLS)

— iterated SUR

— iterated 3SLS

— generalized method of moments (GMM)

— nonlinear full information maximum likelihood (FIML)
— simulated method of moments (SMM)

e supports dynamic multi-equation nonlinear models of any size or complexity

e uses the full power of the SAS programming language for model definition,
including left-hand side expressions

¢ hypothesis tests of nonlinear functions of the parameter estimates
¢ linear and nonlinear restrictions of the parameter estimates
e bounds imposed on the parameter estimates

e computation of estimates and standard errors of nonlinear functions of the pa-
rameter estimates

e estimation and simulation of Ordinary Differential Equations (ODE’s)

e vector autoregressive error processes and polynomial lag distributions easily
specified for the nonlinear equations

e variance modeling (ARCH, GARCH, and others)

18
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e computes goal-seeking solutions of nonlinear systems to find input values
needed to produce target outputs

e dynamic, static, on-period-ahead-forecast simulation modes
e simultaneous solution or single equation solution modes

e Monte Carlo simulation using parameter estimate covariance and across-
equation residuals covariance matrices or user specified random functions

e avariety of diagnostic statistics including

— model R statistics

— general Durbin-Watson statistics and exact p-values
asymptotic standard errors and T tests

first stage R statistics

covariance estimates

collinearity diagnostics

simulation goodness-of-fit statistics

Theil inequality coefficient decompositions

— Theil relative change forecast error measures
— heteroscedasticity tests

— Godfrey test for serial correlation

— Chow tests

e block structure and dependency structure analysis for the nonlinear system
e listing and cross reference of fitted model
e automatic calculation of needed derivatives using exact analytic formula

o efficient sparse matrix methods used for model solution; choice of other solu-
tion methods

e model definition, parameter estimation, simulation, and forecasting may be
performed interactively in a single SAS session or models can also be stored in
files and reused and combined in later runs

ARIMA (Box-Jenkins) and ARIMAX (Box-Tiao) Modeling and
Forecasting

The ARIMA procedure provides the identification, parameter estimation, and fore-
casting of autoregressive integrated moving average (Box-Jenkins) models, seasonal
ARIMA models, transfer function models, and intervention models. The ARIMA
procedure includes the following features:

e complete ARIMA (Box-Jenkins) modeling with no limits on the order of au-
toregressive or moving average processes

e model identification diagnostics, include the following:

— autocorrelation function
— partial autocorrelation function
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inverse autocorrelation function

cross-correlation function

extended sample autocorrelation function

minimum information criterion for model identification
— squared canonical correlations

e stationarity tests

e outlier detection

e intervention analysis

e regression with ARMA errors

o transfer function modeling with fully general rational transfer functions
e seasonal ARIMA models

¢ ARIMA model-based interpolation of missing values

e several parameter estimation methods including

— exact maximum likelihood
— conditional least squares
— exact nonlinear unconditional least squares

e forecasts and confidence limits for all models

e forecasting tied to parameter estimation methods: finite memory forecasts for
models estimated by maximum likelihood or exact nonlinear least squares
methods and infinite memory forecasts for models estimated by conditional
least squares

e a variety of model diagnostic statistics including

— Akaike’s information criterion (AIC)

— Schwarz’s Bayesian criterion (SBC or BIC)

Box-Ljung chi-square test statistics for white noise residuals
autocorrelation function of residuals

partial autocorrelation function of residuals

inverse autocorrelation function of residuals

automatic outlier detection

Vector Time Series Analysis

The VARMAX procedure enables you to model both the dynamic relationship be-
tween the dependent variables and between the dependent and independent variables.
The VARMAX procedure includes the following features:

e several modeling features:

— vector autoregressive model
— vector autoregressive model with exogenous variables
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vector autoregressive and moving-average model

Bayesian vector autoregressive model

vector error correction model

Bayesian vector error correction model

GARCH-type multivariate conditional heteroscedasticity models

e criteria for automatically determining AR and MA orders:

— Akaike Information Criterion (AIC)
— Corrected AIC (AICC)

— Hannan-Quinn (HQ) Criterion

— Final Prediction Error (FPE)

— Schwarz Bayesian Criterion (SBC), also known as Bayesian Information
Criterion (BIC)

o AR order identification aids:

— partial cross-correlations

— Yule-Walker estimates

— partial autoregressive coefficients
— partial canonical correlations

¢ testing the presence of unit roots and cointegration:

— Dickey-Fuller tests

— Johansen cointegration test for nonstationary vector processes of inte-
grated order one

— Stock-Watson common trends test for the possibility of cointegration
among nonstationary vector processes of integrated order one

— Johansen cointegration test for nonstationary vector processes of inte-
grated order two

model parameter estimation methods:

— Least Squares (LS)
— Maximum Likelihood (ML)

model checks and residual analysis using the following tests:

— Durbin-Watson (DW) statistics

— Ftestfor autoregressive conditional heteroscedastic (ARCH) disturbance
— F test for AR disturbance

— Jarque-Bera normality test

— Portmanteau test

seasonal deterministic terms

subset models

multiple regression with distributed lags
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e dead-start model that does not have present values of the exogenous variables
e Granger-causal relationships between two distinct groups of variables.

¢ infinite order AR representation

e impulse response function (or infinite order MA representation)

e decomposition of the predicted error covariances

e roots of the characteristic functions for both the AR and MA parts to evaluate
the proximity of the roots to the unit circle

e contemporaneous relationships among the components of the vector time series
o forecasts

State Space Modeling and Forecasting

The STATESPACEprocedure provides automatic model selection, parameter esti-
mation, and forecasting of state space mode&taté space modetncompass an
alternative general formulation of multivariate ARIMA models.) The STATESPACE
procedure includes the following features:

e multivariate ARIMA modeling using the general state space representation of
the stochastic process

e automatic model selection using Akaike’s information criterion (AIC)
e user-specified state space models including restrictions
o transfer function models with random inputs

e any combination of simple and seasonal differencing; input series can be dif-
ferenced to any order for any lag lengths

o forecasts with confidence limits
e can save selected and fitted model in a data set and reuse for forecasting

¢ wide range of output options; print any statistics concerning the data and their
covariance structure, the model selection process, and the final model fit

Spectral Analysis

The SPECTRAprocedure provides spectral analysis and cross-spectral analysis of
time series. The SPECTRA procedure includes the following features:

¢ efficient calculation of periodogram and smoothed periodogram using fast fi-
nite Fourier transform and Chirp algorithms

e multiple spectral analysis, including raw and smoothed spectral and cross-
spectral function estimates, with user-specified window weights

e choice of kernel for smoothing
e outputs the following spectral estimates to a SAS data set:

— Fourier sine and cosine coefficients
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— periodogram
smoothed periodogram
cospectrum
quadrature spectrum
amplitude

— phase spectrum

— squared coherency

e Fisher’s Kappa and Bartlett's Kolmogorov-Smirnov test statistic for testing a
null hypothesis of white noise

Seasonal Adjustment

The X11 procedure provides seasonal adjustment of time series using the Census X-
11 or X-11 ARIMA method. The X11 procedure is based on the U.S. Bureau of
the Census X-11 seasonal adjustment program and also supports the X-11 ARIMA
method developed by Statistics Canada. The X11 procedure includes the following
features:

e decomposition of monthly or quarterly series into seasonal, trend, trading day,
and irregular components

¢ both multiplicative and additive form of the decomposition

e includes all the features of the Census Bureau program

e supports the X-11 ARIMA method

e supports sliding spans analysis

e processes any number of variables at once with no maximum length for a series
e performs tests for stable, moving and combined seasonality

e can optionally print or store in SAS data sets the individual X11 tables showing
the various components at different stages of the computation. Full control over
what is printed or output

e can project seasonal component one year ahead enabling reintroduction of sea-
sonal factors for an extrapolated series

The X12 procedure provides seasonal adjustment of time series using the X-12
ARIMA method. The X12 procedure is based on the U.S. Bureau of the Census
X-12 ARIMA seasonal adjustment program (version 0.3) and also supports the X-11
ARIMA method developed by Statistics Canada and the previous X-11 method of the
U.S. Census Bureau. The X12 procedure includes the following features:

e decomposition of monthly or quarterly series into seasonal, trend, trading day,
and irregular components

e supports multiplicative, additive, pseudo-additive, and log additive forms of
decomposition
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e supports the X-12 ARIMA method

e supports regARIMA modeling

e automatically identifies outliers

e supports TRAMO-based automatic model selection

e USes regressors to process missing values within the span of the series

e processes any number of variables at once with no maximum length for a series
e performs tests for stable, moving and combined seasonality

e provides spectral analysis of original, seasonally adjusted, and irregular series

e optionally prints or stores in SAS a data set the individual X11 tables showing
the various components at different stages of the decomposition. Offers full
control over what is printed or output

e optionally projects seasonal component one year ahead, enabling reintroduc-
tion of seasonal factors for an extrapolated series

Structural Time Series Modeling and Forecasting

The UCM procedure provides a very flexible environment for analyzing time se-
ries data using Structural Time Series models, also called Unobserved Components
Models (UCM). These models represent the observed series as a sum of suitably cho-
sen components such as trend, seasonals, cycles, and regression effects. You can use
the UCM procedure to formulate very comprehensive models that bring out all the
salient features of the series under consideration. Structural models are applicable
in the same situations where Box-Jenkins ARIMA models are applicable; however,
the structural models tend to be more informative about the underlying stochastic
structure of the series. The UCM procedure includes the following features:

e General Unobserved Components modeling where the models can include
trend, multiple seasons and cycles, and regression effects

e Maximum likelihood estimation of the model parameters

e Model diagnostics that includes a variety of Goodness of Fit statistics, and
extensive graphical diagnosis of the model residuals

e Forecasts and confidence limits for the series and all the model components
e Model-based seasonal decomposition
e Extensive plotting capability that includes:

— Forecast and confidence interval plots for the series and model compo-
nents such as trend, cycles, and seasons

— Diagnostic plots such as residual plot, residual auto-correlation plots, etc.

— Seasonal decomposition plots such as trend, trend plus cycles, trend plus
cycles plus seasons, etc.

e Model-based interpolation of series missing values
e Full sample (also called smoothed) estimates of the model components
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Time Series Cross-Sectional Regression Analysis

The TSCSREGprocedure provides combined time series cross-sectional regression
analysis. The TSCSREG procedure includes the following features:

e estimation of the regression parameters under several common error structures:

Fuller and Battese method (variance component model)

Parks method (autoregressive model)

Da Silva method (mixed variance component moving-average maodel)
one-way fixed effects

two-way fixed effects

one-way random effects

— two-way random effects

e any number of model specifications
e unbalanced panel data for the fixed or random effects models
e variety of estimates and statistics including

— underlying error components estimates
— regression parameter estimates

— standard errors of estimates

— t-tests

— R-squared statistic

— correlation matrix of estimates

— covariance matrix of estimates

— autoregressive parameter estimate

— cross-sectional components estimates
— autocovariance estimates

— F-tests of linear hypotheses about the regression parameters
— specification tests

Automatic Time Series Forecasting

The FORECASTprocedure provides forecasting of univariate time series using au-
tomatic trend extrapolation. PROC FORECAST is an easy-to-use procedure for au-
tomatic forecasting that uses simple popular methods that do not require statistical
modeling of the time series, such as exponential smoothing, time trend with autore-
gressive errors, and the Holt-Winters method.

The FORECAST procedure supplements the powerful forecasting capabilities of the
econometric and time series analysis procedures described above. You can use PROC
FORECAST when you have many series to forecast and want to extrapolate trends
without developing a model for each series.

The FORECAST procedure includes the following features:
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¢ choice of the following four forecasting methods:

exponential smoothing: single, double, triple, or Holt two-parameter
smoothing

stepwise autoregressive models with constant, linear, or quadratic trend
and autoregressive errors to any order

— Holt-Winters forecasting method with constant, linear, or quadratic trend
— additive variant of the Holt-Winters method

e support for up to three levels of seasonality for Holt-Winters method: time-of-
year, day-of-week, or time-of-day

o ability to forecast any number of variables at once
o forecast confidence limits for all methods

Time Series Interpolation and Frequency Conversion

The EXPAND procedure provides time interval conversion and missing value inter-
polation for time series. The EXPAND procedure includes the following features:

e conversion of time series frequency; for example, constructing quarterly esti-
mates from annual series or aggregating quarterly values to annual values

e conversion of irregular observations to periodic observations
e interpolation of missing values in time series

e conversion of observation types; for example, estimate stocks from flows and
vice versa. All possible conversions supported between

— beginning of period
— end of period

— period midpoint

— period total

— period average

e conversion of time series phase shift; for example, conversion between fiscal
years and calendar years

e choice of four interpolation methods:

— cubic splines
linear splines

step functions
simple aggregation

¢ ability to transform series before and after interpolation (or without interpola-
tion) using:

— constant shift or scale
— sign change or absolute value
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— logarithm, exponential, square root, square, logistic, inverse logistic
— lags, leads, differences

— classical decomposition

— bounds, trims, reverse series

— centered moving, cumulative, or backward moving average

— centered moving, cumulative, or backward moving corrected sum of
squares

— centered moving, cumulative, or backward moving sum
— centered moving, cumulative, or backward moving median
— centered moving, cumulative, or backward moving variance

e support for a wide range of time series frequencies:

— YEAR

— SEMIYEAR
— QUARTER
— MONTH

— SEMIMONTH
— TENDAY

— WEEK
WEEKDAY
— DAY
HOUR
MINUTE
SECOND

e The basic interval types can be repeated or shifted to define a great variety of
different frequencies, such as fiscal years, biennial periods, work shifts, and so
forth.

Access to Financial and Economic Databases

The DATASOURCE procedure provides a convenient way to read time series data
from data files supplied by a variety of different commercial and governmental data
vendors. The DATASOURCE procedure includes the following features:

e support for data files distributed by the following data vendors:

DRI/McGraw-Hill

FAME Information Services

Haver Analytics

Standard & Poors Compustat Service

— Center for Research in Security Prices (CRSP)
— International Monetary Fund

— U.S. Bureau of Labor Statistics
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— U.S. Bureau of Economic Analysis
— Organization for Economic Cooperation and Development (OECD)

o ability to select the series, time range, and cross sections of data extracted

e can create an output data set containing descriptive information on the series
available in the data file

e can read EBCDIC tapes on ASCII systems and vice versa

The SASECRSHnterface engine enables random access to time series data residing
in CRSPAccess database files and provides a seamless interface between CRSP and
SAS data processing. The SASECRSP engine uses the LIBNAME statement to en-
able you to specify which time series you would like to read from the CRSPAccess
database, and how you would like to perform selection on the CRSP set you choose
to access. The following data sets are available:

STKHEAD header identification and summary data
NAMES history array

SHARES outstanding observation array

DELIST delisting history array

PRC Price or Bid/Ask Average Time Series
RET Returns Time Series

BID, ASK, RETX Returns without Dividends Time Series
SPREAD Spread Between Bid and Ask Time Series
VOL Volume Time Series

NUMTRD Number of Trades Time Series
ALTPRCDT Alternate Price Date Time Series

PORT1-PORT9 nine types of Portfolio Assignments and Portfolio Statistics.

The SASEFAME interface engine provides SAS and FAME users flexibility in ac-
cessing and processing time series data residing in either a FAME database or a SAS
data set, and provides a seamless interface between FAME and SAS data process-
ing. The SASEFAME engine uses the LIBNAME statement to enable you to specify
which time series you would like to read from the FAME database, and how you
would like to convert the selected time series to the same time scale. The SAS DATA
step can then be used to perform further subsetting and to store the resulting time
series into a SAS data set. You can perform more analysis if desired either in the
same SAS session or in another session at a later time. If you are running FAME in
a client/server environment and have FAME CHLI capability on your FAME server,
you can access your FAME remote data by specifying the port number of the TCP/IP
service that is defined for yodrdb_m and the node name of your FAME master
server in your physical path.

TheSASEHAVRinterface engine is experimental for V9 and enables Windows users
random access to economic and financial data residing in a HAVER ANALYTICS
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Data Link Express (DLX) database. You can limit the range of data that is read from
the time series and specify a desired conversion frequency. Start dates are recom-
mended on the libname statement to help you save resources when processing large
databases or when processing a large number of observations. You can further sub-
setting of your data by using the WHERE, KEEP, or DROP statements in your DATA
step. You can use the SQL procedure to create a view of your resulting SAS data set.

Spreadsheet Calculations and Financial Report Generation

The COMPUTAB procedure generates tabular reports using a programmable data
table.

The COMPUTAB procedure is especially useful when you need both the power of

a programmable spreadsheet and a report generation system, and you want to set
up a program to run in batch mode and generate routine reports. The COMPUTAB
procedure includes the following features:

e report generation facility for creating tabular reports such as income state-
ments, balance sheets, and other row and column reports for analyzing business
or time series data

e can tailor report format to almost any desired specification

e uses the SAS programming language to provide complete control of the calcu-
lation and format of each item of the report

e reports definition in terms of a data table on which programming statements
operate

e a single reference to a row or column brings the entire row or column into a
calculation

e can create new rows and columns (such as totals, subtotals, and ratios) with a
single programming statement

e access to individual table values is available when needed

¢ built-in features to provide consolidation reports over summarization variables

An alternate to the COMPUTAB procedure is the experimental SYLK procedure
available in Base SAS. The documentation for the SYLK procedure can be found at
http://support.sas.com/documentation/onlinedoc by selecting “Base SAS” from the
Product-Specific Documentation list.

Loan Analysis, Comparison, and Amortization

The LOAN procedure provides analysis and comparison of mortgages and other in-
stallment loans. The LOAN procedure includes the following features:

e contract terms for any number of different loans may be input and various

financing alternatives may be analyzed and compared
e analysis of four different types of loan contracts including
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— fixed rate

— adjustable rate
— buydown rate

— balloon payment

o full control over adjustment terms for adjustable rate loans: life caps, adjust-
ment frequency, and maximum and minimum rates
e support for a wide variety of payment and compounding intervals

e loan calculations can incorporate initialization costs, discount points, down
payments, and prepayments (uniform or lump-sum)

e analysis of different rate adjustment scenarios for variable rate loans including

— worst case

— best case

— fixed rate case
— estimated case

e can make loan comparisons at different points in time
e can make loan comparisons at each analysis date on the basis of five different
economic criteria

— present worth of cost (net present value of all payments to date)
— true interest rate (internal rate of return to date)

— current periodic payment

— total interest paid to date

— outstanding balance

e can base loan comparisons on either after-tax or before-tax analysis
e reports best alternative when loans of equal amount are compared
e amortization schedules for each loan contract

e when starting date is specified, output shows payment dates rather than just
payment sequence numbers

e can optionally print or output to SAS data sets the amortization schedules, loan
summaries, and loan comparison information

e can specify rounding of payments to any number of decimal places

Time Series Forecasting System

SAS/ETS software includes tiéme Series Forecasting Systempoint-and-click
application for exploring and analyzing univariate time series data. You can use the
automatic model selection facility to select the best-fitting model for each time series,
or you can use the system’s diagnostic features and time series modeling tools inter-
actively to develop forecasting models customized to best predict your time series.
The system provides both graphical and statistical features to help you choose the
best forecasting method for each series.
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The system can be invoked from the Solutions menu under Analysis, by the Forecast
command, and by the Forecasting icon in the Data Analysis folder of the SAS
Desktop.

The following is a brief summary of the features of the Time Series Forecasting sys-
tem. With the system you can

use a wide variety of forecasting methods, including several kinds of exponen-
tial smoothing models, Winters method, and ARIMA (Box-Jenkins) models.
You can also produce forecasts by combining the forecasts from several mod-
els.

use predictor variables in forecasting models. Forecasting models can include
time trend curves, regressors, intervention effects (dummy variables), adjust-
ments you specify, and dynamic regression (transfer function) models.

view plots of the data, predicted versus actual values, prediction errors, and
forecasts with confidence limits. You can plot changes or transformations of
series, zoom in on parts of the graphs, or plot autocorrelations.

use hold-out samples to select the best forecasting method.

compare goodness-of-fit measures for any two forecasting models side by side
or list all models sorted by a particular fit statistic.

view the predictions and errors for each model in a spreadsheet or view and
compare the forecasts from any two models in a spreadsheet.

examine the fitted parameters of each forecasting model and their statistical
significance.

control the automatic model selection process: the set of forecasting models
considered, the goodness-of-fit measure used to select the best model, and the
time period used to fit and evaluate models.

customize the system by adding forecasting models for the automatic model
selection process and for point-and-click manual selection.

save your work in a project catalog.
print an audit trail of the forecasting process.
save and print system output including spreadsheets and graphs.
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Investment Analysis System

The Investment Analysis Systers an interactive environment for the time-value of
money of a variety of investments:

Loans

Savings

Depreciations

Bonds

Generic cashflows

Various analyses are provided to help analyze the value of investment alterna-
tives: time value, periodic equivalent, internal rate of return, benefit-cost ratio, and
breakeven analysis.

These analyses can help answer a number of questions you may have about your
investments:

e Which option is more profitable or less costly?
e Is it better to buy or rent?
o Are the extra fees for refinancing at a lower interest rate justified?

e What is the balance of this account after saving this amount periodically for so
many years?

e How much is legally tax-deductible?

e |s this a reasonable price?

Investment Analysis can be beneficial to users in many industries for a variety of
decisions:

e manufacturing: cost justification of automation or any capital investment, re-
placement analysis of major equipment, or economic comparison of alternative
designs

e government: setting funds for services

¢ finance: investment analysis and portfolio management for fixed-income secu-
rities

Related SAS Software

Many features not found in SAS/ETS software are available in other parts of the SAS
System. If you do not find something you need in SAS/ETS software, you may find
it in one of the following SAS software products.
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Base SAS Software

The features provided by SAS/ETS software are extensions to the features provided
by Base SAS software. Many data management and reporting capabilities you will
need are part of Base SAS software. Refeés &5 Language: Referenard theSAS
Procedures Guidér documentation of Base SAS software.

The following sections summarize Base SAS software features of interest to users of
SAS/ETS software. Se€hapter Zor further discussion of some of these topics as
they relate to time series data and SAS/ETS software.

SAS DATA Step

The DATA step is your primary tool for reading and processing data in the SAS
System. The DATA step provides a powerful general purpose programming language
that enables you to perform all kinds of data processing tasks. The DATA step is
documented iIr5AS Language: Reference

Base SAS Procedures

Base SAS software includes many useful SAS procedures. Base SAS procedures
are documented in thBAS Procedures Guid& he following is a list of Base SAS
procedures you may find useful:

CATALOG for managing SAS catalogs

CHART for printing charts and histograms

COMPARE for comparing SAS data sets

CONTENTS  for displaying the contents of SAS data sets

COPY for copying SAS data sets

CORR for computing correlations

CPORT for moving SAS data libraries between computer systems

DATASETS for deleting or renaming SAS data sets

FREQ for computing frequency crosstabulations

MEANS for computing descriptive statistics and summarizing or collapsing
data over cross sections

PLOT for printing scatter plots

PRINT for printing SAS data sets

RANK for computing rankings or order statistics

SORT for sorting SAS data sets

SQL for processing SAS data sets with Structured Query Language

STANDARD for standardizing variables to a fixed mean and variance

SYLK for translating spreadsheets to batch SAS programs. The SYLK

procedure is experimental. The documentation can be found
at http://support.sas.com/documentation/onlinedoc by selecting
“Base SAS” from the Product-Specific Documentation list
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TABULATE
TIMEPLOT
TRANSPOSE
UNIVARIATE

Global Statements

¢ |Introduction

for printing descriptive statistics in tabular format
for plotting variables over time

for transposing SAS data sets

for computing descriptive statistics

Global statements can be specified anywhere in your SAS program, and they re-
main in effect until changed. Global statements are document8&8 Language:
ReferenceYou may find the following SAS global statements useful:

FILENAME
FOOTNOTE
%INCLUDE
LIBNAME
OPTIONS
RUN

TITLE

X

for accessing data files

for printing footnote lines at the bottom of each page
for including files of SAS statements

for accessing SAS data libraries

for setting various SAS system options

for executing the preceding SAS statements

for printing title lines at the top of each page

for issuing host operating system commands from within your SAS
session

Some Base SAS statements can be used with any SAS procedure, including SAS/ETS
procedures. These statements are not global, and they only affect the SAS procedure
they are used with. These statements are documen@fSLanguage: Reference

The following Base SAS statements are useful with SAS/ETS procedures:

BY
FORMAT
LABEL
WHERE

SAS Functions

for computing separate analyses for groups of observations
for assigning formats to variables
for assigning descriptive labels to variables

for subsetting data to restrict the range of data processed or to select
or exclude observations from the analysis

SAS functions can be used in DATA step programs and in the COMPUTAB and
MODEL procedures. The following kinds of functions are available:

e character functions for manipulating character strings

e date and time functions, for performing date and calendar calculations

o financial functions, for performing financial calculations such as depreciation,
net present value, periodic savings, and internal rate of return
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¢ lagging and differencing functions, for computing lags and differences

e mathematical functions, for computing data transformations and other mathe-
matical calculations

e probability functions, for computing quantiles of statistical distributions and
the significance of test statistics

e random number functions, for simulation experiments

e sample statistics functions, for computing means, standard deviations, kurtosis,
and so forth

SAS functions are documented 8AS Language: Referenc€hapter 2, “Working
with Time Series Data,"discusses the use of date and time and lagging and differ-
encing functions.Chapter 3, “Date Intervals, Formats, and Functionsgntains a
reference list of date and time functionShapter 4, “SAS Macros and Functions,”
documents more financial functions that are not liste8A% Language: Reference

Formats, Informats, and Time Intervals

Base SAS software provides formats to control the printing of data values, informats
to read data values, and time intervals to define the frequency of time series. See
Chapter 3, “Date Intervals, Formats, and Functiorfsf’more information.

SAS/GRAPH Software

SAS/GRAPH software includes procedures that create two- and three-dimensional
high resolution color graphics plots and charts. You can generate output that graphs
the relationship of data values to one another, enhance existing graphs, or simply
create graphics output that is not tied to data. SAS/GRAPH software can produce

e charts
e plots
e maps
o text

¢ three-dimensional graphs

With SAS/GRAPH software you can produce high-resolution color graphics plots of
time series data.

SAS/STAT Software

SAS/STAT software is of interest to users of SAS/ETS software because many econo-
metric and other statistical methods not included in SAS/ETS software are provided
in SAS/STAT software.

SAS/STAT software includes procedures for a wide range of statistical methodologies
including
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e logistic regression

e censored regression

e principal component analysis

e structural equation models using covariance structure analysis
o factor analysis

e survival analysis

e discriminant analysis

e cluster analysis

e categorical data analysis; log-linear and conditional logistic models
e general linear models

e mixed linear and nonlinear models

e generalized linear models

e response surface analysis

e kernel density estimation

e LOESS regression

e spline regression

o two-dimensional kriging

e multiple imputation for missing values

SAS/IML Software

SAS/IML software gives you access to a powerful and flexible programming lan-
guage (Interactive Matrix Language) in a dynamic, interactive environment. The
fundamental object of the language is a data matrix. You can use SAS/IML soft-
ware interactively (at the statement level) to see results immediately, or you can store
statements in a module and execute them later. The programming is dynamic be-
cause necessary activities such as memory allocation and dimensioning of matrices
are done automatically.

You can access built-in operators and call routines to perform complex tasks such as
matrix inversion or eigenvector generation. You can define your own functions and
subroutines using SAS/IML modules. You can perform operations on an entire data
matrix. You have access to a wide choice of data management commands. You can
read, create, and update SAS data sets from inside SAS/IML software without ever
using the DATA step.

SAS/IML software is of interest to users of SAS/ETS software because it enables
you to program your own econometric and time series methods in the SAS System.
It contains subroutines for time series operators and for general function optimization.
If you need to perform a statistical calculation not provided as an automated feature
by SAS/ETS or other SAS software, you can use SAS/IML software to program the

matrix equations for the calculation.
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Kalman Filtering and Time Series Analysis in SAS/IML

SAS/IML software includes a library for Kalman filtering and time series analysis
which provides the following functions:

e generating univariate, multivariate, and fractional time series
e computing likelihood function of ARMA, VARMA, and ARFIMA models

e computing an autocovariance function of ARMA, VARMA, and ARFIMA
models

e checking the stationarity of ARMA and VARMA models
e filtering and smoothing of time series models using Kalman method

e fitting AR, periodic AR, time-varying coefficient AR, VAR, and ARFIMA
models

¢ handling Bayesian seasonal adjustment model

Refer to Chapter 10, “Time Series Analysis and Example&3XS/IML User's Guide
for detalils.

SAS/INSIGHT Software

SAS/INSIGHT software is a highly interactive tool for data analysis. You can ex-
plore data through a variety of interactive graphs including bar charts, scatter plots,
box plots, and three-dimensional rotating plots. You can examine distributions and
perform parametric and nonparametric regression, analyze general linear models and
generalized linear models, examine correlation matrixes, and perform principal com-
ponent analyses. Any changes you make to your data show immediately in all graphs
and analyses. You can also configure SAS/INSIGHT software to produce graphs and
analyses tailored to the way you work.

SAS/INSIGHT software is an integral part of the SAS System. You can use it to ex-
amine output from a SAS procedure, and you can use any SAS procedure to analyze
results from SAS/INSIGHT software.

SAS/INSIGHT software includes features for both displaying and analyzing data in-
teractively. A data window displays a SAS data set as a table with columns of the
table displaying variables and rows displaying observations. Data windows provide
data management features for editing, transforming, subsetting, and sorting data. A
graph window displays different types of graphs: bar charts, scatter plots, box plots,
and rotating plots. Graph windows provide interactive exploratory techniques such
as data brushing and highlighting. Analysis windows display statistical analyses in
the form of graphs and tables. Analysis window features include

e univariate statistics

e robust estimates

¢ density estimates

e cumulative distribution functions
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theoretical quantile-quantile plots

multiple regression analysis with numerous diagnostic capabilities
general linear models

generalized linear models

smoothing spline estimates

kernel density estimates

correlations

principal components

SAS/INSIGHT software may be of interest to users of SAS/ETS software for interac-
tive graphical viewing of data, editing data, exploratory data analysis, and checking
distributional assumptions.

SAS/OR Software

SAS/OR software provides SAS procedures for operations research and project plan-
ning and includes a menu driven system for project management. SAS/OR software
has features for

solving transportation problems

linear, integer, and mixed-integer programming
nonlinear programming and optimization
scheduling projects

plotting Gantt charts

drawing network diagrams

solving optimal assignment problems

network flow programming

SAS/OR software may be of interest to users of SAS/ETS software for its mathemat-
ical programming features. In particular, the NLP procedure in SAS/OR software
solves nonlinear programming problems and can be used for constrained and uncon-
strained maximization of user-defined likelihood functions.

SAS/QC Software

SAS/QC software provides a variety of procedures for statistical quality control and
quality improvement. SAS/QC software includes procedures for

Shewhart control charts
cumulative sum control charts

moving average control charts
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process capability analysis

Ishikawa diagrams
Pareto charts

experimental design

SAS/QC software also includes the SQC menu system for interactive application of
statistical quality control methods and the ADX Interface for experimental design.

MLE for User-Defined Likelihood Functions

There are three SAS procedures that enable you to do maximum likelihood estimation
of parameters in an arbitrary model with a likelihood function that you define: PROC
MODEL, PROC NLP, and PROC IML.

The MODEL procedure in SAS/ETS software enables you to minimize general log-
likelihood functions for the error term of a model.

The NLP procedure in SAS/OR software is a general nonlinear programming pro-
cedure that can maximize a general function subject to linear equality or inequality
constraints. You can use PROC NLP to maximize a user-defined nonlinear likelihood
function.

You can use the IML procedure in SAS/IML software for maximum likelihood prob-
lems. The optimization routines used by PROC NLP are available through IML sub-
routines. You can write the likelihood function in the SAS/IML matrix language and
call the constrained and unconstrained nonlinear programming subroutines to maxi-
mize the likelihood function with respect to the parameter vector.

Other Statistical Tools

Many other statistical tools are available in Base SAS, SAS/STAT, SAS/OR,
SAS/QC, SAS/INSIGHT, and SAS/IML software. If you don't find something you
need in SAS/ETS software, you may find it in SAS/STAT software and in Base SAS
software. If you still don't find it, look in other SAS software products or contact the
SAS Institute Technical Support staff.
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Chapter 2
Working with Time Series Data

Overview

This chapter discusses working with time series data in the SAS System. The follow-
ing topics are included:

e dating time series and working with SAS date and datetime values
¢ subsetting data and selecting observations

e storing time series data in SAS data sets

e specifying time series periodicity and time intervals
e plotting time series

e using calendar and time interval functions

e computing lags and other functions across time

e transforming time series

e transposing time series data sets

e interpolating time series

e reading time series data recorded in different ways

In general, this chapter focuses on using features of the SAS programming language
and not on features of SAS/ETS software. However, since SAS/ETS procedures
are used to analyze time series, understanding how to use the SAS programming
language to work with time series data is important for the effective use of SAS/ETS
software.

You do not need to read this chapter to use SAS/ETS procedures. If you are already
familiar with SAS programming you may want to skip this chapter, or you may refer
to sections of this chapter for help on specific time series data processing questions.

Time Series and SAS Data Sets

Introduction

To analyze data with the SAS System, data values must be stored in a SAS data
set. A SAS data set is a matrix or table of data values organized into variables and
observations.

Thevariablesin a SAS data set label the columns of the data matrix and the observa-
tions in a SAS data set are the rows of the data matrix. You can also think of a SAS
data set as a kind of file, with the observations representing records in the file and
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the variables representing fields in the records. (Ref&AS Language: Reference,
Version 6for more information about SAS data sets.)

Usually, each observation represents the measurement of one or more variables for
the individual subject or item observed. Often, the values of some of the variables in
the data set are used to identify the individual subjects or items that the observations
measure. These identifying variables are referred iDasriables

For many kinds of statistical analysis, only relationships among the variables are of
interest, and the identity of the observations does not matter. ID variables may not be
relevant in such a case.

However, for time series data the identity and order of the observations are crucial. A
time series is a set of observations made at a succession of equally spaced points in
time.

For example, if the data are monthly sales of a company’s product, the variable mea-
sured is sales of the product and the thing observed is the operation of the company
during each month. These observations can be identified by year and month. If the
data are quarterly gross national product, the variable measured is final goods produc-
tion and the thing observed is the economy during each quarter. These observations
can be identified by year and quarter.

For time series data, the observations are identified and related to each other by their
position in time. Since the SAS system does not assume any particular structure to the
observations in a SAS data set, there are some special considerations needed when
storing time series in a SAS data set.

The main considerations are how to associate dates with the observations and how
to structure the data set so that SAS/ETS procedures and other SAS procedures will
recognize the observations of the data set as constituting time series. These issues are
discussed in following sections.

Reading a Simple Time Series

Time series data can be recorded in many different ways. The section "Reading Time
Series Data" later in this chapter discusses some of the possibilities. The example
below shows a simple case.

The following SAS statements read monthly values of the U.S. Consumer Price Index
for June 1990 through July 1991. The data set USCPI is shoWwiyime 2.1

data uscpi;
input year month cpi;
datalines;
1990 6 129.9
1990 7 1304
1990 8 131.6
1990 9 132.7

1990 10 133.5
1990 11 133.8
1990 12 133.8
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1991 1 134.6
1991 2 134.8
1991 3 135.0
1991 4 135.2
1991 5 135.6
1991 6 136.0

7 136.2

1991

proc print data=uscpi;
run;

Obs year month cpi
1 1990 6 129.9
2 1990 7 130.4
3 1990 8 131.6
4 1990 9 132.7
5 1990 10 1335
6 1990 11 133.8
7 1990 12 133.8
8 1991 1 134.6
9 1991 2 134.8
10 1991 3 135.0
11 1991 4 135.2
12 1991 5 135.6
13 1991 6 136.0
14 1991 7 136.2

Figure 2.1. Time Series Data

When a time series is stored in the manner shown by this example, thederies
andvariable can be used interchangeably. There is one observation per row, and one
series/variable per column.

Dating Observations

The SAS System supports special date, datetime, and time values, which make it
easy to represent dates, perform calendar calculations, and identify the time period of
observations in a data set.

The preceding example used the ID variables YEAR and MONTH to identify the
time periods of the observations. For a quarterly data set, you might use YEAR and
QTR as ID variables. A daily data set might have the ID variables YEAR, MONTH,
and DAY. Clearly, it would be more convenient to have a single ID variable that could
be used to identify the time period of observations, regardless of their frequency.

The following section, "SAS Date, Datetime, and Time Values," discusses how the
SAS System represents dates and times internally and how to specify date, datetime,
and time values in a SAS program. The section "Reading Date and Datetime Values
with Informats" discusses how to control the display of date and datetime values in
SAS output and how to read in date and time values from data records. Later sections
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discuss other issues concerning date and datetime values, specifying time intervals,
data periodicity, and calendar calculations.

SAS date and datetime values and the other features discussed in the following
sections are also described 8AS Language: Referencdreference documenta-

tion on these features is also providedGhapter 3, “Date Intervals, Formats, and
Functions.”

SAS Date, Datetime, and Time Values

Year 2000 Compliance

SAS software correctly represents dates from 1582 AD to the year 20,000 AD. If
dates in an external data source are represented with four-digit-year values SAS can
read, write and compute these dates. If the dates in an external data source are two-
digit years, SAS software provides informats, functions, and formats to read, manip-
ulate, and output dates that are Year 2000 compliant. The YEARCUTOFF= system
option can also be used to interpret dates with two-digit years by specifying the first
year of a 100-year span that will be used in informats and functions. The default
value for the YEARCUTOFF= option is 1920.

SAS Date Values

The SAS System represents dates as the number of days since a reference date. The
reference date, or date zero, used for SAS date values is 1 January 1960. Thus, for
example, 3 February 1960 is represented by the SAS System as 33. The SAS date for
17 October 1991 is 11612.

Dates represented in this way are called S¥&8 valuesAny numeric variable in a
SAS data set whose values represent dates in this way is called de&d8ariable

Representing dates as the number of days from a reference date makes it easy for the
computer to store them and perform calendar calculations, but these numbers are not
meaningful to users. However, you never have to use SAS date values directly, since
SAS automatically converts between this internal representation and ordinary ways
of expressing dates, provided that you indicate the format with which you want the
date values to be displayed. (Formatting of date values is explained in a following
section.)

SAS Date Constants

SAS date values are written in a SAS program by placing the dates in single quotes
followed by a D. The date is represented by the day of the month, the three letter
abbreviation of the month name, and the year.

For example, SAS reads the value '170CT1991'D the same as 11612, the SAS date
value for 17 October 1991. Thus, the following SAS statements print DATE=11612.

data _null_;
date = '170ct1991'd;
put date=;

run;
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The year value can be given with two or four digits, so '170CT91'D is the same
as '170CT1991'D. (The century assumed for a two-digit year value can be con-
trolled with the YEARCUTOFF= option in the OPTIONS statement. Refer to the

SAS Language: Referenimr information on YEARCUTOFF=.)

SAS Datetime Values and Datetime Constants

To represent both the time of day and the date, the SAS Systendatstisne values

SAS datetime values represent the date and time as the number of seconds the time
is from a reference time. The reference time, or time zero, used for SAS datetime
values is midnight, 1 January 1960. Thus, for example, the SAS datetime value for
17 October 1991 at 2:45 in the afternoon is 1003329900.

To specify datetime constants in a SAS program, write the date and time in single
guotes followed by DT. To write the date and time in a SAS datetime constant, write
the date part using the same syntax as for date constants, and follow the date part
with the hours, the minutes, and the seconds, separating the parts with colons. The
seconds are optional.

For example, in a SAS program you would write 17 October 1991 at 2:45 in the
afternoon as '170CT91:14:45'DT. SAS reads this as 1003329%8fle 2.1shows
some other examples of datetime constants.

Table 2.1. Examples of Datetime Constants
Datetime Constant Time
'170CT1991:14:45:32'DT| 32 seconds past 2:45 p.m., 17 October 1991
'170CT1991:12:5'DT 12:05 p.m., 17 October 1991
'"170CT1991:2:0'DT 2 AM, 17 October 1991
'170CT1991:0:0DT midnight, 17 October 1991

SAS Time Values

The SAS System also suppotisie values SAS time values are just like datetime
values, except that the date part is not given. To write a time value in a SAS program,
write the time the same as for a datetime constant but use T instead of DT. For exam-
ple, 2:45:32 p.m. is written '14:45:32'T. Time values are represented by a number of
seconds since midnight, so SAS reads '14:45:32'T as 53132.

SAS time values are not very useful for identifying time series, since usually both
the date and the time of day are needed. Time values are not discussed further in this
book.

Reading Date and Datetime Values with Informats

The SAS System provides a selectionrdbrmatsfor reading SAS date and datetime
values from date and time values recorded in ordinary notations.

A SAS informat is an instruction that converts the values from a character string
representation into the internal numerical value of a SAS variable. Date informats
convert dates from ordinary notations used to enter them to SAS date values; datetime
informats convert date and time from ordinary notation to SAS datetime values.
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For example, the following SAS statements read monthly values of the U.S.

Consumer Price Index. Since the data are monthly, you could identify the date with
the variables YEAR and MONTH, as in the previous example. Instead, in this exam-
ple the time periods are coded as a three-letter month abbreviation followed by the
year. The informat MONYY. is used to read month-year dates coded this way and to
express them as SAS date values for the first day of the month, as follows.

data uscpi;
input date: monyy7. cpi;
datalines;
jun1990 129.9
jul1990 130.4
augl1990 131.6
sepl990 132.7
oct1990 133.5
nov1990 133.8
dec1990 133.8
jan1991 134.6
feb1991 134.8
mar1991 135.0
apr1991 135.2
may1991 135.6
jun1991 136.0
jul1991 136.2

The SAS System provides informats for most common notations for dates and times.
SeeChapter Jor more information on the date and datetime informats available.

Formatting Date and Datetime Values

The SAS System providdermatsto convert the internal representation of date and
datetime values used by SAS to ordinary notations for dates and times. Several dif-
ferent formats are available for displaying dates and datetime values in most of the
commonly used notations.

A SAS format is an instruction that converts the internal numerical value of a SAS
variable to a character string that can be printed or displayed. Date formats convert
SAS date values to a readable form; datetime formats convert SAS datetime values
to a readable form.

In the preceding example, the variable DATE was set to the SAS date value for the
first day of the month for each observation. If the data set USCPI were printed or
otherwise displayed, the values shown for DATE would be the number of days since
1 January 1960. (See the "DATE with no format" columrrigure 2.2) To display

date values appropriately, use the FORMAT statement.

The following example processes the data set USCPI to make several copies of the
variable DATE and uses a FORMAT statement to give different formats to these
copies. The format cases shown are the MONYY7. format (for the DATE vari-
able), the DATE9. format (for the DATEL variable), and no format (for the DATEQ

50



variable). The PROC PRINT output Figure 2.2shows the effect of the different

formats on how the date values are printed.

data fmttest;

set uscpi;

date0 = date;
datel = date;
= "DATE with MONYY7. format"
datel = "DATE with DATE9. format"
date0 = "DATE with no format";
format date monyy7. datel date9.;

label date

run;

proc print data=fmttest label;

Dating Observations

run;
DATE with DATE with
MONYY. DATE with DATE.
Obs format cpi no format format
1 JUN1990 129.9 11109 01JUN1990
2 JUL1990 130.4 11139 01JUL1990
3 AUG1990 131.6 11170 01AUG1990
4 SEP1990 132.7 11201 01SEP1990
5 OCT1990 1335 11231 010CT1990
6 NOV1990 133.8 11262 01NOV1990
7 DEC1990 133.8 11292 01DEC1990
8 JAN1991 134.6 11323 01JAN1991
9 FEB1991 134.8 11354 01FEB1991
10 MAR1991 135.0 11382 01MAR1991
Figure 2.2. SAS Date Values Printed with Different Formats

The appropriate format to use for SAS date or datetime valued ID variables de-
pends on the sampling frequency or periodicity of the time sefieble 2.2shows
recommended formats for common data sampling frequencies and shows how the
date '170CT1991'D or the datetime value '170CT1991:14:45:32'DT is displayed
by these formats.

Table 2.2. Formats for Different Sampling Frequencies

ID values Periodicity | FORMAT Example

SAS Date Annual YEARA4. 1991
Quarterly | YYQCS6. 1991:4
Monthly MONYY7. 0OCT1991
Weekly WEEKDATX23. | Thursday, 17 Oct 1991

DATEDO. 170CT1991

Daily DATEDO. 170CT1991

SAS Datetime| Hourly DATETIME10. | 170CT91:14
Minutes DATETIME13. | 170CT91:14:45
Seconds DATETIME16. | 170CT91:14:45:32

SeeChapter For more information on the date and datetime formats available.
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The Variables DATE and DATETIME

SAS/ETS procedures enable you to identify time series observations in many dif-
ferent ways to suit your needs. As discussed in preceding sections, you can use a
combination of several ID variables, such as YEAR and MONTH for monthly data.

However, using a single SAS date or datetime ID variable is more convenient and
enables you to take advantage of some features SAS/ETS procedures provide for pro-
cessing ID variables. One such feature is automatic extrapolation of the ID variable
to identify forecast observations. These features are discussed in following sections.

Thus, it is a good practice to include a SAS date or datetime ID variable in all the
time series SAS data sets you create. Itis also a good practice to always give the date
or datetime ID variable a format appropriate for the data periodicity.

You can name a SAS date or datetime valued ID variable any name conforming to
SAS variable name requirements. However, you may find working with time series

data in SAS easier and less confusing if you adopt the practice of always using the
same name for the SAS date or datetime ID variable.

This book always hames the dating ID variable "DATE" if it contains SAS date values
or "DATETIME" if it contains SAS datetime values. This makes it easy to recognize
the ID variable and also makes it easy to recognize whether this ID variable uses SAS
date or datetime values.

Sorting by Time

Many SAS/ETS procedures assume the data are in chronological order. If the data are
not in time order, you can use the SORT procedure to sort the data set. For example

proc sort data=a;
by date;
run;

There are many ways of coding the time ID variable or variables, and some ways
do not sort correctly. If you use SAS date or datetime ID values as suggested in the
preceding section, you do not need to be concerned with this issue. But if you encode
date values in nonstandard ways, you need to consider whether your ID variables will
sort.

SAS date and datetime values always sort correctly, as do combinations of numeric
variables like YEAR, MONTH, and DAY used together. Julian dates also sort cor-
rectly. (Julian dates are numbers of the foryaddd whereyy is the year andiddis

the day of the year. For example 17 October 1991 has the Julian date value 91290.)

Calendar dates such as numeric values codethragldyyor ddmmyydo not sort
correctly. Character variables containing display values of dates, such as dates in the
notation produced by SAS date formats, generally do not sort correctly.
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Subsetting Data and Selecting Observations

It is often necessary to subset data for analysis. You may need to subset data to

e restrict the time range. For example, you want to perform a time series analysis
using only recent data and ignoring observations from the distant past.

e select cross sections of the data. (See the section "Cross-sectional Dimensions
and BY Groups" later in this chapter.) For example, you have a data set with
observations over time for each of several states, and you want to analyze the
data for a single state.

e select particular kinds of time series from an interleaved form data set. (See the
section "Interleaved Time Series and thEYPE_ Variable" later in this chap-
ter.) For example, you have an output data set produced by the FORECAST
procedure that contains both forecast and confidence limits observations, and
you want to extract only the forecast observations.

e exclude particular observations. For example, you have an outlier in your time
series, and you want to exclude this observation from the analysis.

You can subset data either by using the DATA step to create a subset data set or by
using a WHERE statement with the SAS procedure that analyzes the data.

A typical WHERE statement used in a procedure has the form

proc arima data=full;
where '31dec1993'd < day < ’'26marl1994'd,;
identify var=close;

run;

For complete reference documentation on the WHERE statement ref8A%
Language: Reference

Subsetting SAS Data Sets

To create a subset data set, specify the name of the subset data set on the DATA
statement, bring in the full data set with a SET statement, and specify the subsetting
criteria with either subsetting IF statements or WHERE statements.

For example, suppose you have a data set containing time series observations for
each of several states. The following DATA step uses a WHERE statement to ex-
clude observations with dates before 1970 and uses a subsetting IF statement to select
observations for the state NC:

data subset;

set full;
where date >= ’1jan1970'd;
if state = 'NC’;

run;
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In this case, it makes no difference logically whether the WHERE statement or the
IF statement is used, and you can combine several conditions on one subsetting state-
ment. The following statements produce the same results as the previous example:

data subset;

set full;

if date >= '1jan1970'd & state = 'NC’;
run;

The WHERE statement acts on the input data sets specified in the SET statement be-
fore observations are processed by the DATA step program, whereas the IF statement
is executed as part of the DATA step program. If the input data set is indexed, using
the WHERE statement can be more efficient than using the IF statement. However,
the WHERE statement can only refer to variables in the input data set, not to variables
computed by the DATA step program.

To subset the variables of a data set, use KEEP or DROP statements or use KEEP=
or DROP= data set options. Refer$&\S Language: Referenfi® information on
KEEP and DROP statements and SAS data set options.

For example, suppose you want to subset the data set as in the preceding example,
but you want to include in the subset data set only the variables DATE, X, and Y. You
could use the following statements:

data subset;
set full;
if date >= ’'1jan1970'd & state = 'NC’;
keep date x vy;

run;

Using the WHERE Statement with SAS Procedures

Use the WHERE statement with SAS procedures to process only a subset of the input
data set. For example, suppose you have a data set containing monthly observations
for each of several states, and you want to use the AUTOREG procedure to analyze
data since 1970 for the state NC. You could use the following:

proc autoreg data=full;
where date >= '1jan1970'd & state = 'NC’;
. additional statements ...

run;

You can specify any number of conditions on the WHERE statement. For example,
suppose that a strike created an outlier in May 1975, and you want to exclude that
observation. You could use the following:

proc autoreg data=full;
where date >= ’'1jan1970’d & state = 'NC’
& date "= ’1lmayl1975d;
. additional statements ...
run;
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Using SAS Data Set Options

You can use the OBS= and FIRSTOBS= data set options to subset the input data set.
These options cannot be used in conjunction with the WHERE statement.

For example, the following statements print observations 20 through 25 of the data
set FULL.

proc print data=full(firstobs=20 obs=25);
run;

You can use KEEP= and DROP= data set options to exclude variables from the input
data set. Refer t8 AS Language: Referenime information on SAS data set options.

Storing Time Series in a SAS Data Set

This section discusses aspects of storing time series in SAS data sets. The topics
discussed are the standard form of a time series data set, storing several series with
different time ranges in the same data set, omitted observations, cross-sectional di-
mensions and BY groups, and interleaved time series.

Any number of time series can be stored in a SAS data set. Normally, each time
series is stored in a separate variable. For example, the following statements augment
the USCPI data set read in the previous example with values for the producer price
index.

data usprice;
input date monyy7. cpi ppi;
format date monyy7.;
label cpi = "Consumer Price Index"
ppi = "Producer Price Index";
datalines;
jun1990 129.9 114.3
jul1990 130.4 114.5
augl990 131.6 116.5
sepl990 132.7 118.4
oct1990 133.5 120.8
nov1990 133.8 120.1
dec1990 133.8 118.7
jan1991 134.6 119.0
feb1991 134.8 117.2
marl991 135.0 116.2
aprl991 135.2 116.0
may1991 135.6 116.5
jun1991 136.0 116.3
jul1991 136.2 116.0

proc print data=usprice;
run;
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Obs date cpi ppi
1 JUN1990 129.9 114.3
2 JUL1990 130.4 114.5
3 AUG1990 131.6 116.5
4 SEP1990 132.7 1184
5 OCT1990 133.5 120.8
6 NOV1990 133.8 120.1
7 DEC1990 133.8 118.7
8 JAN1991 134.6 119.0
9 FEB1991 134.8 117.2
10 MAR1991 135.0 116.2
11 APR1991 135.2 116.0
12 MAY1991 135.6 116.5
13 JUN1991 136.0 116.3
14 JUL1991 136.2 116.0

Figure 2.3. Time Series Data Set Containing Two Series

Standard Form of a Time Series Data Set

The simple way the CPI and PPI time series are stored in the USPRICE data set in
the preceding example is termed standard formof a time series data set. A time
series data set in standard form has the following characteristics:

e The data set contains one variable for each time series.
e The data set contains exactly one observation for each time period.

e The data set contains an ID variable or variables that identify the time period
of each observation.

e The data set is sorted by the ID variables associated with date time values, so
the observations are in time sequence.

e The data are equally spaced in time. That is, successive observations are a
fixed time interval apart, so the data set can be described by a single sampling
interval such as hourly, daily, monthly, quarterly, yearly, and so forth. This
means that time series with different sampling frequencies are not mixed in the
same SAS data set.

Most SAS/ETS procedures that process time series expect the input data set to contain
time series in this standard form, and this is the simplest way to store time series in
SAS data sets. There are more complex ways to represent time series in SAS data
sets.

You can incorporate cross-sectional dimensions with BY groups, so that each BY
group is like a standard form time series data set. This method is discussed in the
section "Cross-sectional Dimensions and BY Groups."

You can interleave time series, with several observations for each time period identi-
fied by another ID variable. Interleaved time series data sets are used to store several
series in the same SAS variable. Interleaved time series data sets are often used
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to store series of actual values, predicted values, and residuals, or series of fore-
cast values and confidence limits for the forecasts. This is discussed in the section
"Interleaved Time Series and th& YPE_ Variable" later in this chapter.

Several Series with Different Ranges

Different time series can have values recorded over different time ranges. Since a

SAS data set must have the same observations for all variables, when time series with
different ranges are stored in the same data set, missing values must be used for the
periods in which a series is not available.

Suppose that in the previous example you did not record values for CPI before August
1990 and did not record values for PPI after June 1991. The USPRICE data set could
be read with the following statements:

data usprice;
input date monyy7. cpi ppi;
format date monyy7.;

datalines;
jun1990 . 114.3
jul1990 . 114.5

augl990 131.6 116.5
sepl990 132.7 118.4
oct1990 133.5 120.8
nov1990 133.8 120.1
dec1990 133.8 118.7
jan1991 134.6 119.0
feb1991 134.8 117.2
marl991 135.0 116.2
apr1991 135.2 116.0
may1991 135.6 116.5
jun1991 136.0 116.3
jul1991 136.2

The decimal points with no digits in the data records represent missing data and are
read by the SAS System as missing value codes.

In this example, the time range of the USPRICE data set is June 1990 through July
1991, but the time range of the CPI variable is August 1990 through July 1991, and
the time range of the PPI variable is June 1990 through June 1991.

SAS/ETS procedures ignore missing values at the beginning or end of a series. That
is, the series is considered to begin with the first nonmissing value and end with the
last nonmissing value.
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Missing Values and Omitted Observations

Missing data can also occur within a series. Missing values that appear after the
beginning of a time series and before the end of the time series are ealilzelded
missing values

Suppose that in the preceding example you did not record values for CPI for
November 1990 and did not record values for PPI for both November 1990 and March
1991. The USPRICE data set could be read with the following statements.

data usprice;
input date monyy. cpi ppi;
format date monyy.;

datalines;
jun1990 . 114.3
jul1990 . 1145

augl1990 131.6 116.5
sepl1990 132.7 118.4
oct1990 133.5 120.8
nov1990 .
dec1990 133.8 118.7
jan1991 134.6 119.0
feb1991 134.8 117.2
mar1991 135.0

apr1991 135.2 116.0
may1991 135.6 116.5
jun1991 136.0 116.3
jull991 136.2

In this example, the series CPI has one embedded missing value, and the series PPI
has two embedded missing values. The ranges of the two series are the same as
before.

Note that the observation for November 1990 has missing values for both CPI and
PPI; there is no data for this period. This is an examplerofssing observatian

You might ask why the data record for this period is included in the example at all,
since the data record contains no data. However, if the data record for November
1990 were deleted from the example, this would causernaitted observatiom the
USPRICE data set. SAS/ETS procedures expect input data sets to contain observa-
tions for a contiguous time sequence. If you omit observations from a time series
data set and then try to analyze the data set with SAS/ETS procedures, the omitted
observations will cause errors. When all data are missing for a period, a missing
observation should be included in the data set to preserve the time sequence of the
series.
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Cross-sectional Dimensions and BY Groups

Often, a collection of time series are related by a cross-sectional dimension. For
example, the national average U.S. consumer price index data shown in the previous
example can be disaggregated to show price indexes for major cities. In this case
there are several related time series: CPI for New York, CPI for Chicago, CPI for Los
Angeles, and so forth. When these time series are considered one data set, the city
whose price level is measured is a cross-sectional dimension of the data.

There are two basic ways to store such related time series in a SAS data set. The first
way is to use a standard form time series data set with a different variable for each
series.

For example, the following statements read CPI series for three major U.S. cities:

data citycpi;
input date monyy7. cpiny cpichi cpila;
format date monyy7.;
datalines;
novl1989 133.200 126.700 130.000
dec1989 133.300 126.500 130.600
jan1990 135.100 128.100 132.100
feb1990 135.300 129.200 133.600
marl990 136.600 129.500 134.500
aprl990 137.300 130.400 134.200
may1990 137.200 130.400 134.600
jun1990 137.100 131.700 135.000
jul1990 138.400 132.000 135.600

The second way is to store the data in a time series cross-sectional form. In this
form, the series for all cross sections are stored in one variable and a cross-section ID
variable is used to identify observations for the different series. The observations are
sorted by the cross-section ID variable and by time within each cross section.

The following statements indicate how to read the CPI series for U.S. cities in time
series cross-sectional form:

data cpicity;
input city $11. date monyy7. cpi;
format date monyy7.;

datalines;

Chicago nov1989 126.700
Chicago dec1989 126.500
Chicago jan1990 128.100
Chicago feb1990 129.200
Chicago mar1990 129.500
Chicago aprl990 130.400
Chicago may1990 130.400
Chicago jun1990 131.700
Chicago jull990 132.000

Los Angeles nov1989 130.000
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Los Angeles dec1989 130.600
Los Angeles jan1990 132.100

. etc. ...
New York may1990 137.200
New York jun1990 137.100

New York jull990 138.400

proc sort data=cpicity;
by city date;
run;

When processing a time series cross-section-form data set with most SAS/ETS pro-

cedures, use the cross-section ID variable in a BY statement to process the time series
separately. The data set must be sorted by the cross-section ID variable and sorted
by date within each cross section. The PROC SORT step in the preceding example

ensures that the CPICITY data set is correctly sorted.

When the cross-section ID variable is used in a BY statement, each BY group in the
data set is like a standard form time series data set. Thus, SAS/ETS procedures that
expect a standard form time series data set can process time series cross-sectional
data sets when a BY statement is used, producing an independent analysis for each
cross section.

It is also possible to analyze time series cross-sectional data jointly. The TSCSREG
procedure expects the input data to be in the time series cross-sectional form de-
scribed here. Se€hapter 27for more information.

Interleaved Time Series

Normally, a time series data set has only one observation for each time period, or
one observation for each time period within a cross section for a time series cross-
sectional form data set. However, it is sometimes useful to store several related time
series in the same variable when the different series do not correspond to levels of a
cross-sectional dimension of the data.

In this case, the different time series can be interleaved. An interleaved time series
data set is similar to a time series cross-sectional data set, except that the observations
are sorted differently, and the ID variable that distinguishes the different time series
does not represent a cross-sectional dimension.

Some SAS/ETS procedures produce interleaved output data sets. The interleaved
time series form is a convenient way to store procedure output when the results consist
of several different kinds of series for each of several input series. (Interleaved time
series are also easy to process with plotting procedures. See the section "Plotting
Time Series" later in this chapter.)

For example, the FORECAST procedure fits a model to each input time series and
computes predicted values and residuals from the model. The FORECAST procedure
then uses the model to compute forecast values beyond the range of the input data and
also to compute upper and lower confidence limits for the forecast values.
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Thus, the output from PROC FORECAST consists of five related time series for each
variable forecast. The five resulting time series for each input series are stored in
a single output variable with the same name as the input series being forecast. The
observations for the five resulting series are identified by values of the ID variable
_TYPE_. These observations are interleaved in the output data set with observations
for the same date grouped together.

The following statements show the use of PROC FORECAST to forecast the variable
CPl in the USCPI data seEigure 2.4shows part of the output data set produced by
PROC FORECAST and illustrates the interleaved structure of this data set.

proc forecast data=uscpi interval=month lead=12
out=foreout outfull outresid,;
var cpi;
id date;
run;

proc print data=foreout;
run;

Obs date _TYPE_ _LEAD_ cpi
37 JUN1991 ACTUAL 0 136.000
38 JUN1991 FORECAST 0 136.146
39 JUN1991 RESIDUAL 0 -0.146
40 JUL1991 ACTUAL 0 136.200
41 JUL1991 FORECAST 0 136.566
42 JUL1991 RESIDUAL 0 -0.366
43 AUG1991 FORECAST 1 136.856
44 AUG1991 L95 1 135.723
45 AUG1991 u9s 1 137.990
46 SEP1991 FORECAST 2 137.443
a7 SEP1991 L95 2 136.126
48 SEP1991 u9s 2 138.761

Figure 2.4.  Partial Listing of Output Data Set Produced by PROC FORECAST

Observations with. TYPE_=ACTUAL contain the values of CPI read from the input
data set. Observations witlTYPE_=FORECAST contain one-step-ahead predicted
values for observations with dates in the range of the input series, and contain forecast
values for observations for dates beyond the range of the input series. Observations
with _TYPE_=RESIDUAL contain the difference between the actual and one-step-
ahead predicted values. Observations witty PE_=U95 and_TYPE_=L95 contain

the upper and lower bounds of the 95% confidence interval for the forecasts.

Using Interleaved Data Sets as Input to SAS/ETS Procedures

Interleaved time series data sets are not directly accepted as input by SAS/ETS pro-
cedures. However, itis easy to use a WHERE statement with any procedure to subset
the input data and select one of the interleaved time series as the input.

For example, to analyze the residual series contained in the PROC FORECAST
output data set with another SAS/ETS procedure, include a WHERE
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_TYPE_='RESIDUAL’; statement. The following statements perform a spec-
tral analysis of the residuals produced by PROC FORECAST in the preceding
example:

proc spectra data=foreout out=spectout;
var cpi;
where _type ='RESIDUAL’;

run;

Combined Cross Sections and Interleaved Time Series Data Sets

Interleaved time series output data sets produced from BY-group processing of time
series cross-sectional input data sets have a complex structure combining a cross-
sectional dimension, a time dimension, and the values of TNGPE_ variable. For
example, consider the PROC FORECAST output data set produced by the following.

data cpicity;
input city $11. date monyy7. cpi;
format date monyy7.;

datalines;
Chicago novl989 126.700
Chicago dec1989 126.500
Chicago jan1990 128.100

. etc. ...
New York may1990 137.200
New York jun1990 137.100

New York jul1990 138.400

proc sort data=cpicity;
by city date;
run;

proc forecast data=cpicity interval=month lead=2
out=foreout outfull outresid;
var cpi;
id date;
by city;
run;

The output data set FOREOUT contains many different time series in the single vari-
able CPI. BY groups identified by the variable CITY contain the result series for
the different cities. Within each value of CITY, the actual, forecast, residual, and
confidence limits series are stored in interleaved form, with the observations for the
different series identified by the values_ 6f YPE_.
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Output Data Sets of SAS/ETS Procedures

Some SAS/ETS procedures produce interleaved output data sets (like PROC
FORECAST), while other SAS/ETS procedures produce standard form time series
data sets. The form a procedure uses depends on whether the procedure is normally
used to produce multiple result series for each of many input series in one step (as
PROC FORECAST does).

The way different SAS/ETS procedures store result series in output data sets is sum-
marized inTable 2.3
Table 2.3.  Form of Output Data Set for SAS/ETS Procedures

Procedures producing standard form output data sets with fixed names for result
series:

e ARIMA

e SPECTRA

e STATESPACE

Procedures producing standard form output data sets with result series named by
an OUTPUT statement:
¢ AUTOREG

¢ PDLREG

e SIMLIN

e SYSLIN

e X11

Procedures producing interleaved form output data sets:
e FORECAST
¢ MODEL

See the chapters for these procedures for details on the output data sets they create.

For example, the ARIMA procedure can output actual series, forecast series, residual
series, and confidence limit series just as the FORECAST procedure does. The PROC
ARIMA output data set uses the standard form because PROC ARIMA is designed
for the detailed analysis of one series at a time and so only forecasts one series at a
time.

The following statements show the use of the ARIMA procedure to produce a forecast
of the USCPI data setFigure 2.5shows part of the output data set produced by
the ARIMA procedure’s FORECAST statement. (The printed output from PROC
ARIMA is not shown.) Compare the PROC ARIMA output data set showkigpire
2.5with the PROC FORECAST output data set showfigure 2.4

proc arima data=uscpi;

identify var=cpi(1);

estimate g=1;

forecast id=date interval=month lead=12 out=arimaout;
run;
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proc print data=arimaout;
run;

Obs date cpi FORECAST STD L95 u9s RESIDUAL
13 JUN1991 136.0 136.078 0.36160 135.369 136.787 -0.07816
14 JUL1991 136.2 136.437 0.36160 135.729 137.146 -0.23725
15 AUG1991 . 136.574 0.36160 135.865 137.283
16 SEP1991 . 137.042 0.62138 135.824 138.260

Figure 2.5. Partial Listing of Output Data Set Produced by PROC ARIMA

The output data set produced by the ARIMA procedure’'s FORECAST statement
stores the actual values in a variable with the same name as the input series, stores
the forecast series in a variable named FORECAST, stores the residuals in a variable
named RESIDUAL, stores the 95% confidence limits in variables named L95 and
U95, and stores the standard error of the forecast in the variable STD.

This method of storing several different result series as a standard form time series
data set is simple and convenient. However, it only works well for a single input
series. The forecast of a single series can be stored in the variable FORECAST, but
if two series are forecast, two different FORECAST variables are needed.

The STATESPACE procedure handles this problem by generating forecast variable
names FOR1, FOR2, and so forth. The SPECTRA procedure uses a similar method.
Names like FOR1, FOR2, RES1, RES2, and so forth require you to remember the
order in which the input series are listed. This is why PROC FORECAST, which is
designed to forecast a whole list of input series at once, stores its results in interleaved
form.

Other SAS/ETS procedures are often used for a single input series but can also be
used to process several series in a single step. Thus, they are not clearly like PROC
FORECAST nor clearly like PROC ARIMA in the number of input series they are
designed to work with. These procedures use a third method for storing multiple re-
sult series in an output data set. These procedures store output time series in standard
form (like PROC ARIMA does) but require an OUTPUT statement to give names to
the result series.

Time Series Periodicity and Time Intervals

A fundamental characteristic of time series data is how frequently the observations
are spaced in time. How often the observations of a time series occur is called the
sampling frequencyr the periodicity of the series. For example, a time series with
one observation each month has a monthly sampling frequency or monthly periodicity
and so is called a monthly time series.

In the SAS System, data periodicity is described by specifying pertodeintervals
into which the dates of the observations fall. For example, the SAS time interval
MONTH divides time into calendar months.
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Several SAS/ETS procedures enable you to specify the periodicity of the input data
set with the INTERVAL= option. For example, specifying INTERVAL=MONTH in-
dicates that the procedure should expect the ID variable to contain SAS date values,
and that the date value for each observation should fall in a separate calendar month.
The EXPAND procedure uses interval name values with the FROM= and TO= op-
tions to control the interpolation of time series from one periodicity to another.

The SAS System also uses time intervals in several other ways. In addition to indi-
cating the periodicity of time series data sets, time intervals are used with the interval
functions INTNX and INTCK, and for controlling the plot axis and reference lines
for plots of data over time.

Specifying Time Intervals

Time intervals are specified in SAS Software udimgrval namedike YEAR, QTR,
MONTH, DAY, and so forth.Table 2.4summarizes the basic types of intervals.

Table 2.4. Basic Interval Types

Name Periodicity

YEAR Yearly

SEMIYEAR Semiannual

QTR Quarterly

MONTH Monthly

SEMIMONTH | 1st and 16th of each month
TENDAY 1st, 11th, and 21st of each month
WEEK Weekly

WEEKDAY Daily ignoring weekend days
DAY Daily

HOUR Hourly

MINUTE Every Minute

SECOND Every Second

Interval names can be abbreviated in various ways. For example, you could spec-
ify monthly intervals as MONTH, MONTHS, MONTHLY, or just MON. The SAS
System accepts all these forms as equivalent.

Interval names can also be qualified with a multiplier to indicate multiperiod intervals.
For example, biennial intervals are specified as YEAR2.

Interval names can also be qualified with a shift index to indicate intervals with differ-
ent starting points. For example, fiscal years starting in July are specified as YEAR.7.

Time intervals are classified as either date intervals or datetime intervals. Date
intervals are used with SAS date values, while datetime intervals are used with
SAS datetime values. The interval types YEAR, SEMIYEAR, QTR, MONTH,
SEMIMONTH, TENDAY, WEEK, WEEKDAY, and DAY are date intervals. HOUR,
MINUTE, and SECOND are datetime intervals. Date intervals can be turned into
datetime intervals for use with datetime values by prefixing the interval name with
'DT’. Thus DTMONTH intervals are like MONTH intervals but are used with date-
time ID values instead of date ID values.
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SeeChapter Jor more information about specifying time intervals and for a detailed
reference to the different kinds of intervals available.

Using Time Intervals with SAS/ETS Procedures

The ARIMA, FORECAST, and STATESPACE procedures use time intervals with the
INTERVAL= option to specify the periodicity of the input data set. The EXPAND
procedure uses time intervals with the FROM= and TO= options to specify the pe-
riodicity of the input and the output data sets. The DATASOURCE and CITIBASE
procedures use the INTERVAL= option to control the periodicity of time series ex-
tracted from time series databases.

The INTERVAL= option (FROM= option for PROC EXPAND) is used with the ID
statement to fully describe the observations that make up the time series. SAS/ETS
procedures use the time interval specified by the INTERVAL= option and the ID
variable in the following ways:

¢ to validate the data periodicity. The ID variable is used to check the data and
verify that successive observations have valid ID values corresponding to suc-
cessive time intervals.

e to check for gaps in the input observations. For example, if
INTERVAL=MONTH and an input observation for January 1990 is fol-
lowed by an observation for April 1990, there is a gap in the input data with
two omitted observations.

e to label forecast observations in the output data set. The values of the ID vari-
able for the forecast observations after the end of the input data set are extrap-
olated according to the frequency specifications of the INTERVAL= option.

Time

Intervals, the Time Series Forecasting System and the
Time Series Viewer

Time intervals are used in the Time Series Forecasting System and Time Series
Viewer to identify the number of seasonal cycles or seasonality associated with a
DATE, DATETIME or TIME ID variable. For example, monthly time series have a
seasonality of 12 because there are 12 months in a year; quarterly time series have
a seasonality of 4 because there are 4 quarters in a year. The seasonality is used to
analyze seasonal properties of time series data and to estimate seasonal forecasting
methods.
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Plotting Time Series

This section discusses SAS procedures available for plotting time series data. This
section assumes you are generally familiar with SAS plotting procedures and only
discusses certain aspects of the use of these procedures with time series data.

The Time Series Viewers displays and analyzes time series plots for time series data
sets which do not contain cross-sections. Refer tchapter 34, “Getting Started
with Time Series Forecasting fater in this book.

The GPLOT procedure produces high resolution color graphics plots. Refer to
SAS/GRAPH Software: Reference, Volume 1 and Volumoe ibformation about
the GPLOT procedure, SYMBOL statements, and other SAS/GRAPH features.

The PLOT procedure and the TIMEPLOT procedure produce low resolution line
printer type plots. Refer to th8AS Procedures Guider information about these
procedures.

Using the Time Series Viewer

The following command starts the Time Series Viewer to display the plot of CPI in
the USCPI data set against DATE. (The USCPI data set was shown in the previous
example; the time series used in the following example contains more observations
than previously shown.)

tsview data=uscpi var=cpi timeid=date

The TSVIEW DATA=option specifies the data set to be viewed; the VAR=0ption
specifies the variable which contains the time series observations; the
TIMEID=option specifies the time series ID variable.

Using PROC GPLOT

The following statements use the GPLOT procedure to plot CPI in the USCPI data
set against DATE. (The USCPI data set was shown in a previous example; the data set
plotted in the following example contains more observations than shown previously.)
The SYMBOL statement is used to draw a smooth line between the plotted points
and to specify the plotting character.

proc gplot data=uscpi;
symbol i=spline v=circle h=2;
plot cpi * date;

run;

The plot is shown irFigure 2.6
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Figure 2.6. Plot of Monthly CPI Over Time

Controlling the Time Axis: Tick Marks and Reference Lines

It is possible to control the spacing of the tick marks on the time axis. The following
statements use the HAXIS= option to tell PROC GPLOT to mark the axis at the start
of each quarter. (The GPLOT procedure prints a warning message indicating that the
intervals on the axis are not evenly spaced. This message simply reflects the fact that
there is a different number of days in each quarter. This warning message can be
ignored.)

proc gplot data=uscpi;
symbol i=spline v=circle h=2;
format date yyqc.;
plot cpi * date /
haxis= '1jan89'd to '1ljul91'd by qtr;
run;

The plot is shown irFigure 2.7
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Figure 2.7.  Plot of Monthly CPI Over Time

The following example changes the plot by using year and quarter value to label the
tick marks. The FORMAT statement causes PROC GPLOT to use the YYQC format

to print the date values. This example also shows how to place reference lines on
the plot with the HREF= option. Reference lines are drawn to mark the boundary

between years.

proc gplot data=uscpi;
symbol i=spline v=circle h=2;
plot cpi * date /
haxis= '1jan89'd to '1jul91'd by qtr
href= '1jan90'd to 'ljan91'd by year;
format date yyqc6.;
run;

The plot is shown irFigure 2.8
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Figure 2.8.  Plot of Monthly CPI Over Time

Overlay Plots of Different Variables

You can plot two or more series on the same graph. Plot series stored in different
variables by specifying multiple plot requests on one PLOT statement, and use the
OVERLAY option. Specify a different SYMBOL statement for each plot.

For example, the following statements plot the CPI, FORECAST, L95, and U95 vari-
ables produced by PROC ARIMA in a previous example. The SYMBOL1 statement
is used for the actual series. Values of the actual series are labeled with a star, and
the points are not connected. The SYMBOL2 statement is used for the forecast se-
ries. Values of the forecast series are labeled with an open circle, and the points
are connected with a smooth curve. The SYMBOLS3 statement is used for the upper
and lower confidence limits series. Values of the upper and lower confidence limits
points are not plotted, but a broken line is drawn between the points. A reference line
is drawn to mark the start of the forecast period. Quarterly tick marks with YYQC
format date values are used.

proc arima data=uscpi;

identify var=cpi(1);

estimate q=1;

forecast id=date interval=month lead=12 out=arimaout;
run;

proc gplot data=arimaout;

symboll i=none  v=star h=2;
symbol2 i=spline v=circle h=2;
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symbol3 i=spline |=5;

format date yyqc4.;

plot cpi * date = 1
forecast * date = 2
(195 u95 ) * date = 3 /
overlay
haxis= '1jan89'd to '1jul92'd by qtr
href= '15jul91'd ;

run;

The plot is shown irFigure 2.9
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Figure 2.9. Plot of ARIMA Forecast

Overlay Plots of Interleaved Series

You can also plot several series on the same graph when the different series are stored
in the same variable in interleaved form. Plot interleaved time series by using the
values of the ID variable to distinguish the different series and by selecting different
SYMBOL statements for each plot.

The following example plots the output data set produced by PROC FORECAST ina
previous example. Since the residual series has a different scale than the other series,
it is excluded from the plot with a WHERE statement.

The _TYPE_ variable is used on the PLOT statement to identify the different series
and to select the SYMBOL statements to use for each plot. The first SYMBOL
statement is used for the first sorted value ®¥PE_, which is_TYPE_=ACTUAL.

The second SYMBOL statement is used for the second sorted value of ¥RE_
variable (TYPE_=FORECAST), and so forth.

71



General Information ¢+ Working with Time Series Data

proc forecast data=uscpi interval=month lead=12
out=foreout outfull outresid;
var cpi;
id date;
run;

proc gplot data=foreout;
symboll i=none  v=star h=2;
symbol2 i=spline v=circle h=2;
symbol3 i=spline [=20;
symbol4 i=spline [=20;
format date yyqc4.;
plot cpi * date = _type_ /
haxis= ’'1jan89'd to '1jul92'd by qtr
href= '15jul91'd ;
where _type_ ~= 'RESIDUAL’;
run;

The plot is shown irFigure 2.10
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Figure 2.10. Plot of Forecast

Residual Plots

The following example plots the residuals series that was excluded from the plot in
the previous example. The SYMBOL statement specifies a needle plot, so that each

residual point is plotted as a vertical line showing deviation from zero.

proc gplot data=foreout;
symboll i=needle v=circle width=6;
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format date yyqc4.;
plot cpi * date /
haxis= '1jan89'd to '1jul91'd by qtr ;
where _type_ = 'RESIDUAL’;
run;

The plot is shown irFigure 2.11
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Figure 2.11. Plot of Residuals

Using PROC PLOT

The following statements use the PLOT procedure to plot CPI in the USCPI data set
against DATE. (The data set plotted contains more observations than shown in the
previous examples.) The plotting character used is a plus sign (+).

proc plot data=uscpi;
plot cpi * date = '+
run;

The plot is shown irFigure 2.12
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Plot of cpi*date. Symbol used is '+
cpi |
140 +
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|
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Figure 2.12. Plot of Monthly CPI Over Time

Controlling the Time Axis: Tick Marks and Reference Lines

In the preceding example, the spacing of values on the time axis looks a bit odd in
that the dates do not match for each year. Because DATE is a SAS date variable,
the PLOT procedure needs additional instruction on how to place the time axis tick
marks. The following statements use the HAXIS= option to tell PROC PLOT to mark
the axis at the start of each quarter.

proc plot data=uscpi;
plot cpi * date = '+ /
haxis= ’'1jan89'd to '1jul91'd by qtr;
run;

The plot is shown irFigure 2.13
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Plot of cpi*date. Symbol used is '+'.
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Figure 2.13. Plot of Monthly CPI Over Time

The following example improves the plot by placing tick marks every year and adds
qguarterly reference lines to the plot using the HREF= option. The FORMAT state-

ment tells PROC PLOT to print just the year part of the date values on the axis. The
plot is shown inFigure 2.14

proc plot data=uscpi;

run;

plot cpi * date = '+ /
haxis= '1jan89'd to '1jan92'd by year
"1apr89’'d to 'lapr9l'd by qtr ;
format date year4.;

href=
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Plot of cpi*date. Symbol used is '+
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Figure 2.14. Plot of Monthly CPI Over Time

Marking the Subperiod of Points

In the preceding example, itis a little hard to tell which month each pointis, although
the quarterly reference lines help some. The following example shows how to set
the plotting symbol to the first letter of the month name. A DATA step first makes a
copy of DATE and gives this variable PCHAR a MONNAMEL. format. The variable
PCHAR is used in the PLOT statement to supply the plotting character.

This example also changes the plot by using quarterly tick marks and by using the
YYQC format to print the date values. This example also changes the HREF= option
to use annual reference lines. The plot is showRigure 2.15

data temp;

set uscpi;

pchar = date;

format pchar monnamel.;
run;

proc plot data=temp;

plot cpi * date = pchar /
haxis= '1jan89'd to '1jul91'd by qtr
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href= '1jan90'd to 'ljan91'd by year;
format date yyqc4.;

run;
Plot of cpi*date. Symbol is value of pchar.
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Figure 2.15.  Plot of Monthly CPI Over Time

Overlay Plots of Different Variables

Plot different series in different variables by specifying the different plot requests,
each with its own plotting character, on the same PLOT statement, and use the
OVERLAY option.

For example, the following statements plot the CPl, FORECAST, L95, and U95 vari-
ables produced by PROC ARIMA in a previous example. The actual series CPI is
labeled with the plot character plus (+). The forecast series is labeled with the plot
character F. The upper and lower confidence limits are labeled with the plot character
period (.). The plot is shown iRigure 2.16

proc arima data=uscpi;

identify var=cpi(1);

estimate g=1;

forecast id=date interval=month lead=12 out=arimaout;
run;
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proc plot data=arimaout;
plot cpi * date = '+ forecast * date = 'F’
(195 u9s5 ) * date = "' /
overlay
haxis= '1jan89'd to '1ljul92'd by qtr
href= '1jan90'd to '1ljan92'd by year ;

run;
Plot of cpi*date. Symbol used is '+
Plot of FORECAST*date. Symbol used is 'F'.
Plot of L95*date. Symbol used is ..
Plot of U95*date. Symbol used is ..
cpi | I I I
150 + | |
I I I I
| | | I
I I I I C
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140 + | | .. F FF .
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NOTE: 15 obs had missing values. 77 obs hidden.

Figure 2.16. Plot of ARIMA Forecast

Overlay Plots of Interleaved Series

Plot interleaved time series by using the first character of the ID variable to distinguish

the different series as the plot character.

The following example plots the output data set produced by PROC FORECAST in
a previous example. Thel YPE_ variable is used on the PLOT statement to supply

plotting characters to label the different series.

The actual series is plotted with A, the forecast series is plotted with F, the lower
confidence limit is plotted with L, and the upper confidence limit is plotted with U.
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Since the residual series has a different scale than the other series, it is excluded from
the plot with a WHERE statement. The plot is showrrigure 2.17

proc forecast data=uscpi interval=month lead=12
out=foreout outfull outresid;
var cpi;
id date;
run;

proc plot data=foreout;
plot cpi * date = _type /
haxis= '1jan89'd to '1jul92'd by qtr
href= '1jan90'd to ’'1ljan92'd by year ;
where _type_ "= 'RESIDUAL’;

run;
Plot of cpi*date. Symbol is value of _TYPE_.
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NOTE: 36 obs hidden.

Figure 2.17. Plot of Forecast
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Residual Plots

The following example plots the residual series that was excluded from the plot in the
previous example. The VREF=0 option is used to draw a reference line at 0 on the
vertical axis. The plot is shown iRigure 2.18

proc plot data=foreout;
plot cpi * date = ™ /
vref=0
haxis= '1jan89'd to '1jul91l'd by qtr
href= '1jan90’'d to '1ljan91'd by year ;
where _type = 'RESIDUAL’;

run;
Plot of cpi*date. Symbol used is ™.
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Figure 2.18. Plot of Residuals

80



Calendar and Time Functions

Using PROC TIMEPLOT

The TIMEPLOT procedure plots time series data vertically on the page instead of
horizontally across the page as the PLOT procedure does. PROC TIMEPLOT can
also print the data values as well as plot them.

The following statements use the TIMEPLOT procedure to plot CPI in the USCPI
data set. Only the last 14 observations are included in this example. The plot is
shown inFigure 2.19

proc timeplot data=uscpi;

plot cpi;
id date;
where date >= '1jun90'd;
run;
date cpi min max
129.9 136.2
JUN1990 129.90 lc |
JUL1990 130.40 c |
AUG1990 131.60 | |
SEP1990 132.70 | |
OCT1990 133.50 | |
NOV1990 133.80 | c |
DEC1990 133.80 | c |
JAN1991 134.60 | c |
FEB1991 134.80 | c |
MAR1991 135.00 | c |
APR1991 135.20 | c |
MAY1991 135.60 | c |
JUN1991 136.00 | c |
JUL1991 136.20 c|
*
Figure 2.19. Output Produced by PROC TIMEPLOT

The TIMEPLOT procedure has several interesting features not discussed here. Refer
to "The TIMEPLOT Procedure" in th8AS Procedures Guider more information.

Calendar and Time Functions

Calendar and time functions convert calendar and time variables like YEAR,
MONTH, DAY, and HOUR, MINUTE, SECOND into SAS date or datetime values,
and vice versa.

The SAS calendar and time functions are DATEJUL, DATEPART, DAY, DHMS,
HMS, HOUR, JULDATE, MDY, MINUTE, MONTH, QTR, SECOND, TIMEPART,
WEEKDAY, YEAR, and YYQ. Refer toSAS Language Referenfm more details

about these functions.
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Computing Dates from Calendar Variables

The MDY function converts MONTH, DAY, and YEAR values to a SAS date value.
For example, MDY (10,17,91) returns the SAS date value '170CT91'D.

The YYQ function computes the SAS date for the first day of a quarter. For example,
YYQ(91,4) returns the SAS date value '10CT91'D.

The DATEJUL function computes the SAS date for a Julian date. For example,
DATEJUL(91290) returns the SAS date '170CT91'D.

The YYQ and MDY functions are useful for creating SAS date variables when the
ID values recorded in the data are year and quarter; year and month; or year, month,
and day, instead of dates that can be read with a date informat.

For example, the following statements read quarterly estimates of the gross national
product of the U.S. from 1990:1 to 1991:1l from data records on which dates are
coded as separate year and quarter values. The YYQ function is used to compute the
variable DATE.

data usecon;
input year gtr gnp;
date = yyq( year, qtr );
format date yyqc.;

datalines;

1990 1 5375.4

1990 2 5443.3

1990 3 5514.6

1990 4 5527.3

1991 1 5557.7
2 5615.8

1991

The monthly USCPI data shown in a previous example contained time ID values
represented in the MONYY format. If the data records instead contain separate year
and month values, the data can be read in and the DATE variable computed with the
following statements:

data uscpi;
input month year cpi;
date = mdy( month, 1, year );
format date monyy.;
datalines;
6 90 129.9
7 90 130.4
8 90 131.6
. etc. ...
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Computing Calendar Variables from Dates

The functions YEAR, MONTH, DAY, WEEKDAY, and JULDATE compute calendar
variables from SAS date values.

Returning to the example of reading the USCPI data from records containing date
values represented in the MONYY format, you can find the month and year of each
observation from the SAS dates of the observations using the following statements.

data uscpi;
input date monyy7. cpi;
format date monyy7.;
year = year( date );
month = month( date );

datalines;

jun1990 129.9

jul1990 130.4

augl990 131.6

sepl990 132.7
. etc. ...

Converting between Date, Datetime, and Time Values

The DATEPART function computes the SAS date value for the date part of a SAS
datetime value. The TIMEPART function computes the SAS time value for the time
part of a SAS datetime value.

The HMS function computes SAS time values from HOUR, MINUTE, and SECOND
time variables. The DHMS function computes a SAS datetime value from a SAS date
value and HOUR, MINUTE, and SECOND time variables.

See the'Date, Time, and Datetime Functionséction on page 127 for more infor-
mation on the syntax of these functions.

Computing Datetime Values

To compute datetime ID values from calendar and time variables, first compute the
date and then compute the datetime with DHMS.

For example, suppose you read tri-hourly temperature data with time recorded as
YEAR, MONTH, DAY, and HOUR. The following statements show how to compute
the ID variable DATETIME:

data weather;
input year month day hour temp;
datetime = dhms( mdy( month, day, year ), hour, 0, 0 );
format datetime datetimelO.;

datalines;

91 10 16 21 61

91 10 17 0 56
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91 10 17 3 53

91 10 17 6 54

91 10 17 9 65

91 10 17 12 72
. etc. ...

Computing Calendar and Time Variables

The functions HOUR, MINUTE, and SECOND compute time variables from SAS
datetime values. The DATEPART function and the date-to-calendar variables func-
tions can be combined to compute calendar variables from datetime values.

For example, suppose the date and time of the tri-hourly temperature data in the
preceding example were recorded as datetime values in the datetime format. The
following statements show how to compute the YEAR, MONTH, DAY, and HOUR

of each observation and include these variables in the SAS data set:

data weather;
input datetime datetimel3. temp;
format datetime datetimelO.;

hour = hour( datetime );
date = datepart( datetime );
year = year( date );

month = month( date );

day = day( date );
datalines;
160ct91:21:00 61
170ct91:00:00 56
170ct91:03:00 53
170ct91:06:00 54
170ct91:09:00 65
170ct91:12:00 72

. etc. ...

Interval Functions INTNX and INTCK

The SAS interval functions INTNX and INTCK perform calculations with date, date-
time values, and time intervals. They can be used for calendar calculations with SAS
date values, to count time intervals between dates, and to increment dates or datetime
values by intervals.

The INTNX function increments dates by intervals. INTNX computes the date or
datetime of the start of the interval a specified number of intervals from the interval
containing a given date or datetime value.

The form of the INTNX function is

INTNX( interval, from, n <, alignment
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where:

interval is a character constant or variable containing an interval name.

from is a SAS date value (for date intervals) or datetime value (for date-
time intervals).

n is the number of intervals to increment from the interval containing
thefromvalue.

alignment controls the alignment of SAS dates, within the interval, used to

identify output observations. Can take the values BEGINNING|B,
MIDDLE|M, or ENDIE.

The number of intervals to incremenmt,can be positive, negative, or zero.

For example, the statement NEXTMON = INTNX(MONTH’,DATE,1); assigns to
the variable NEXTMON the date of the first day of the month following the month
containing the value of DATE.

The INTCK function counts the number of interval boundaries between two dates or
between two datetime values.

The form of the INTCK function is
INTCK( interval, from, to)

where:

interval is a character constant or variable containing an interval name

from is the starting date (for date intervals) or datetime value (for date-
time intervals)

to is the ending date (for date intervals) or datetime value (for date-

time intervals).

For example, the statement NEWYEARS = INTCK('YEAR',DATE1,DATE?2); as-
signs to the variable NEWYEARS the number of New Year’s Days between the two
dates.

Incrementing Dates by Intervals

Use the INTNX function to increment dates by intervals. For example, suppose you
want to know the date of the start of the week that is six weeks from the week of 17
October 1991. The function INTNX(WEEK’,170CT91'D,6) returns the SAS date
value '24NOV1991'D.

One practical use of the INTNX function is to generate periodic date values. For
example, suppose the monthly U.S. Consumer Price Index data in a previous exam-
ple were recorded without any time identifier on the data records. Given that you
know the first observation is for June 1990, the following statements use the INTNX
function to compute the ID variable DATE for each observation:
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data uscpi;
input cpi;
date = intnx( 'month’, '1jun1990'd, n_-1 );
format date monyy7.;
datalines;
129.9
130.4
131.6
132.7
. etc. ...

The automatic variableN_ counts the number of times the DATA step program has
executed, and in this casé&\_ contains the observation number. Thuld_-1 is the
increment needed from the first observation date. Alternatively, we could increment
from the month before the first observation, in which case the INTNX function in this
example would be written INTNX(MONTH’;1MAY1990'D, N_).

Alignment of SAS Dates

Any date within the time interval corresponding to an observation of a periodic time
series can serve as an ID value for the observation. For example, the USCPI data in
a previous example might have been recorded with dates at the 15th of each month.
The person recording the data might reason that since the CPI values are monthly
averages, midpoints of the months might be the appropriate ID values.

However, as far as SAS/ETS procedures are concerned, what is important about
monthly data is the month of each observation, not the exact date of the ID value.
If you indicate that the data are monthly (with an INTERVAL=MONTH) option,
SAS/ETS procedures ignore the day of the month in processing the ID variable. The
MONYY format also ignores the day of the month.

Thus, you could read in the monthly USCPI data with midmonth DATE values using
the following statements:

data uscpi;

input date date9. cpi;

format date monyy7.;
datalines;
15jun1990 129.9
15jul1990 130.4
15aug1990 131.6
15sep1990 132.7

. etc. ...

The results of using this version of the USCPI data set for analysis with SAS/ETS
procedures would be the same as with first-of-month values for DATE. Although you
can use any date within the interval as an ID value for the interval, you may find
working with time series in SAS less confusing if you always use date ID values
normalized to the start of the interval.
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For some applications it may be preferable to use end of period dates, such as
31Jan1994, 28Feb1994, 31Mar1994, ..., 31Decl1994. For other applications, such
as plotting time series, it may be more convenient to use interval midpoint dates to
identify the observations.

SAS/ETS procedures provide an ALIGN= option to control the alignment of dates
for output time series observations. Procedures supporting the ALIGN= option are
ARIMA, DATASOURCE, EXPAND, and FORECAST. In addition, the INTNX li-
brary function supports an optional argument to specify the alignment of the returned
date value.

To normalize date values to the start of intervals, use the INTNX function with a 0
increment. The INTNX function with an increment of 0 computes the date of the first
day of the interval (or the first second of the interval for datetime values).

For example, INTNX(CMONTH'’170CT1991'D,0, BEG) returns the date
"10CT1991'D’.

The following statements show how the preceding example can be changed to nor-
malize the mid-month DATE values to first-of-month and end-of-month values. For
exposition, the first-of-month value is transformed back into a middle-of-month
value.

data uscpi;
input date date9. cpi;
format date monyy7.;

monthbeg = intnx( 'month’, date, 0, beg );

midmonth = intnx( 'month’, monthbeg, 0, mid );

monthend = intnx( 'month’, date, 0, end );
datalines;

15jun1990 129.9

15jul1990 130.4

15aug1990 131.6

15sep1990 132.7
. etc. ...

If you want to compute the date of a particular day within an interval, you can use

calendar functions, or you can increment the starting date of the interval by a number
of days. The following example shows three ways to compute the 7th day of the
month:

data test;
set uscpi;
mon07_1 = mdy( month(date), 7, year(date) );
mon07_2 = intnx( 'month’, date, 0, beg ) + 6;
mon07_3 = intnx( 'day’, date, 6 );

run;
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Computing the Width of a Time Interval

To compute the width of a time interval, subtract the ID value of the start of the next
interval from the ID value of the start of the current interval. If the ID values are SAS
dates, the width will be in days. If the ID values are SAS datetime values, the width
will be in seconds.

For example, the following statements show how to add a variable WIDTH to the
USCPI data set that contains the number of days in the month for each observation:

data uscpi;
input date date9. cpi;
format date monyy7.;
width = intnx( 'month’, date, 1 ) - intnx( 'month’, date, 0 );
datalines;
15jun1990 129.9
15jul1990 130.4
15aug1990 131.6
15sep1990 132.7
. etc. ...

Computing the Ceiling of an Interval

To shift a date to the start of the next interval if not already at the start of an interval,
subtract 1 from the date and use INTNX to increment the date by 1 interval.

For example, the following statements add the variable NEWYEAR to the monthly
USCPI data set. The variable NEWYEAR contains the date of the next New Year's
Day. NEWYEAR contains the same value as DATE when the DATE value is the start
of year and otherwise contains the date of the start of the next year.

data test;
set uscpi;
newyear = intnx( 'year’, date - 1, 1 );
format newyear date.;

run;

Counting Time Intervals

Use the INTCK function to count the number of interval boundaries between two
dates.

Note that the INTCK function counts the number of times the beginning of an interval
is reached in moving from the first date to the second. It does not count the number
of complete intervals between two dates.

For example, the function INTCK(MONTH’,/1JAN1991'D,’31JAN1991'D) returns
0, since the two dates are within the same month.

The function INTCK(CMONTH’,’31JAN1991'D,1FEB1991'D) returns 1, since the
two dates lie in different months that are one month apart.
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When the first date is later than the second date, INTCK returns a negative count. For
example, the function INTCK(MONTH’,1FEB1991'D,’31JAN1991'D) returns -1.

The following example shows how to use the INTCK function to count the number of
Sundays, Mondays, Tuesdays, and so forth, in each month. The variables NSUNDAY,
NMONDAY, NTUESDAY, and so forth, are added to the USCPI data set.

data uscpi;
set uscpi;
d0 = intnx( 'month’, date, 0 ) - 1;
dl = intnx( 'month’, date, 1 ) - 1;
nsunday = intck( 'week.1l’, dO, d1 );
nmonday = intck( 'week.2’, dO, d1 );
ntuesday = intck( 'week.3’, d0O, dl );
nwedday = intck( 'week.4’, dO, dl1 );
nthurday = intck( 'week.5’, dO, d1 );
nfriday = intck( 'week.6’, dO, d1 );
nsatday = intck( 'week.7’, dO, dl1 );
drop dO di;

run;

Since the INTCK function counts the number of interval beginning dates between
two dates, the number of Sundays is computed by counting the number of week
boundaries between the last day of the previous month and the last day of the current
month. To count Mondays, Tuesdays, and so forth, shifted week intervals are used.
The interval type WEEK.2 specifies weekly intervals starting on Mondays, WEEK.3
specifies weeks starting on Tuesdays, and so forth.

Checking Data Periodicity

Suppose you have a time series data set, and you want to verify that the data period-
icity is correct, the observations are dated correctly, and the data set is sorted by date.
You can use the INTCK function to compare the date of the current observation with
the date of the previous observation and verify that the dates fall into consecutive time
intervals.

For example, the following statements verify that the data set USCPI is a correctly
dated monthly data set. The RETAIN statement is used to hold the date of the pre-
vious observation, and the automatic variabM._ is used to start the verification
process with the second observation.

data _null_;
set uscpi;
retain prevdate;
if n_> 1 then
if intck( 'month’, prevdate, date ) ~= 1 then
put "Bad date sequence at observation number " n_;
prevdate = date;
run;
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Filling in Omitted Observations in a Time Series Data Set

Recall that most SAS/ETS procedures expect input data to be in the standard form,
with no omitted observations in the sequence of time periods. When data are missing
for a time period, the data set should contain a missing observation, in which all
variables except the ID variables have missing values.

You can replace omitted observations in a time series data set with missing obser-
vations by merging the data set with a data set containing a complete sequence of
dates.

The following statements create a monthly data set, OMITTED, from data lines con-
taining records for an intermittent sample of months. (Data values are not shown.)
This data set is converted to a standard form time series data set in four steps.

First, the OMITTED data set is sorted to make sure itis in time order. Second, the first
and last date in the data set are determined and stored in the data set RANGE. Third,
the data set DATES is created containing only the variable DATE and containing
monthly observations for the needed time span. Finally, the data sets OMITTED
and DATES are merged to produce a standard form time series data set with missing
observations inserted for the omitted records.

data omitted;
input date monyy7. X y z;
format date monyy7.;

datalines;

jan1991

marl1991

aprl991l

jun1991

.. etc. ...

proc sort data=omitted;
by date;
run;

data range;
retain from to;
set omitted end=lastobs;

if n_ =1 then from = date;
if lastobs then do;
to = date;
output;
end;
run;
data dates;
set range;
date = from;
do while( date <= to );
output;
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date = intnx( 'month’, date, 1 );
end;
keep date;
run;

data standard;
merge omitted dates;
by date;

run;

Using Interval Functions for Calendar Calculations

With a little thought, you can come up with a formula involving INTNX and INTCK
functions and different interval types to perform almost any calendar calculation.

For example, suppose you want to know the date of the third Wednesday in the month
of October 1991. The answer can be computed as

intnx( 'week.4’, 'loct9l'd - 1, 3 )

which returns the SAS date value '160CT91'D.

Consider this more complex example: how many weekdays are there between 17
October 1991 and the second Friday in November 1991, inclusive? The following
formula computes the number of weekdays between the date value contained in the
variable DATE and the second Friday of the following month (including the ending
dates of this period):

n = intck( 'weekday’, date - 1,
intnx( 'week.6’, intnx( 'month’, date, 1 ) - 1, 2 ) + 1 );

Setting DATE to '170CT91'D and applying this formula produces the answer, N=17.

Lags, Leads, Differences, and Summations

When working with time series data, you sometimes need to refer to the values of a

series in previous or future periods. For example, the usual interest in the consumer
price index series shown in previous examples is how fast the index is changing,

rather than the actual level of the index. To compute a percent change, you need both
the current and the previous values of the series. When modeling a time series, you
may want to use the previous values of other series as explanatory variables.

This section discusses how to use the DATA step to perform operations over time:
lags, differences, leads, summations over time, and percent changes.

The EXPAND procedure can also be used to perform many of these operations; see
Chapter 16, “The EXPAND Procedurefor more information. See also the section
"Transforming Time Series" later in this chapter.
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The LAG and DIF Functions

The DATA step provides two functions, LAG and DIF, for accessing previous val-
ues of a variable or expression. These functions are useful for computing lags and
differences of series.

For example, the following statements add the variables CPILAG and CPIDIF to the
USCPI data set. The variable CPILAG contains lagged values of the CPI series. The
variable CPIDIF contains the changes of the CPI series from the previous period; that
is, CPIDIF is CPI minus CPILAG. The new data set is shown in parigure 2.20

data uscpi;
set uscpi;
cpilag = lag( cpi );
cpidif = dif( cpi );
run;

proc print data=uscpi;
run;

Obs date cpi cpilag cpidif

1 JUN9O 129.9 . .

2 JUL90 130.4 129.9 0.5
3 AUG90 131.6 130.4 1.2
4 SEP90 132.7 131.6 11
5 OCT90 1335 132.7 0.8
6 NOV90 133.8 133.5 0.3
7 DEC90 133.8 133.8 0.0
8 JAN91 134.6 133.8 0.8

Figure 2.20. USCPI Data Set with Lagged and Differenced Series

Understanding the DATA Step LAG and DIF Functions

When used in this simple way, LAG and DIF act as lag and difference functions.
However, it is important to keep in mind that, despite their names, the LAG and DIF
functions available in the DATA step are not true lag and difference functions.

Rather, LAG and DIF are queuing functions that remember and return argument val-
ues from previous calls. The LAG function remembers the value you pass to it and
returns as its result the value you passed to it on the previous call. The DIF function
works the same way but returns the difference between the current argument and the
remembered value. (LAG and DIF return a missing value the first time the function
is called.)

A true lag function does not return the value of the argument for the "previous call,”
as do the DATA step LAG and DIF functions. Instead, a true lag function returns the
value of its argument for the "previous observation,” regardless of the sequence of
previous calls to the function. Thus, for a true lag function to be possible, it must be
clear what the "previous observation" is.
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If the data are sorted chronologically, then LAG and DIF act as true lag and difference
functions. If in doubt, use PROC SORT to sort your data prior to using the LAG and

DIF functions. Beware of missing observations, which may cause LAG and DIF to

return values that are not the actual lag and difference values

The DATA step is a powerful tool that can read any number of observations from any
number of input files or data sets, can create any number of output data sets, and can
write any number of output observations to any of the output data sets, all in the same
program. Thus, in general, it is not clear what "previous observation” means in a
DATA step program. In a DATA step program, the "previous observation" exists only

if you write the program in a simple way that makes this concept meaningful.

Since, in general, the previous observation is not clearly defined, it is not possible
to make true lag or difference functions for the DATA step. Instead, the DATA step
provides queuing functions that make it easy to compute lags and differences.

of DATA Step LAG and DIF Functions

The LAG and DIF functions compute lags and differences provided that the sequence
of calls to the function corresponds to the sequence of observations in the output data
set. However, any complexity in the DATA step that breaks this correspondence
causes the LAG and DIF functions to produce unexpected results.

For example, suppose you want to add the variable CPILAG to the USCPI data set,
as in the previous example, and you also want to subset the series to 1991 and later
years. You might use the following statements:

data subset;

set uscpi;

if date >= ’1jan1991'd;

cpilag = lag( cpi ); /* WRONG PLACEMENT! *
run;

If the subsetting IF statement comes before the LAG function call, the value of
CPILAG will be missing for January 1991, even though a value for December 1990
is available in the USCPI data set. To avoid losing this value, you must rearrange
the statements to ensure that the LAG function is actually executed for the December
1990 observation.

data subset;
set uscpi;

cpilag = lag( cpi );
if date >= ’'1jan1991'd;
run;

In other cases, the subsetting statement should come before the LAG and DIF func-
tions. For example, the following statements subset the FOREOUT data set shown
in a previous example to select only YPE_=RESIDUAL observations and also to
compute the variable LAGRESID.
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data residual;
set foreout;
if _type_ = "RESIDUAL";
lagresid = lag( cpi );
run;

Another pitfall of LAG and DIF functions arises when they are used to process time
series cross-sectional data sets. For example, suppose you want to add the variable
CPILAG to the CPICITY data set shown in a previous example. You might use the
following statements:

data cpicity;
set cpicity;

cpilag = lag( cpi );
run;

However, these statements do not yield the desired result. In the data set produced
by these statements, the value of CPILAG for the first observation for the first city
is missing (as it should be), but in the first observation for all later cities, CPILAG
contains the last value for the previous city. To correct this, set the lagged variable to
missing at the start of each cross section, as follows.

data cpicity;

set cpicity;

by city date;

cpilag = lag( cpi );

if first.city then cpilag = .;
run;

Alternatives to LAG and DIF Functions

You can also calculate lags and differences in the DATA step without using LAG and
DIF functions. For example, the following statements add the variables CPILAG and
CPIDIF to the USCPI data set:

data uscpi;
set uscpi;
retain cpilag;
cpidif = cpi - cpilag;
output;
cpilag = cpi;

run;

The RETAIN statement prevents the DATA step from reinitializing CPILAG to a
missing value at the start of each iteration and thus allows CPILAG to retain the
value of CPI assigned to it in the last statement. The OUTPUT statement causes the
output observation to contain values of the variables before CPILAG is reassigned
the current value of CPI in the last statement. This is the approach that must be used
if you want to build a variable that is a function of its previous lags.
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You can also use the EXPAND procedure to compute lags and differences. For ex-
ample, the following statements compute lag and difference variables for CPI.

proc expand data=uscpi out=uscpi method=none;
id date;
convert cpi=cpilag / transform=( lag 1 );
convert cpi=cpidif / transform=( dif 1 );

run;

LAG and DIF Functions in PROC MODEL

The preceding discussion of LAG and DIF functions applies to LAG and DIF func-
tions available in the DATA step. However, LAG and DIF functions are also used in
the MODEL procedure.

The MODEL procedure LAG and DIF functions do not work like the DATA step
LAG and DIF functions. The LAG and DIF functions supported by PROC MODEL
are true lag and difference functions, not queuing functions.

Unlike the DATA step, the MODEL procedure processes observations from a single
input data set, so the "previous observation" is always clearly defined in a PROC
MODEL program. Therefore, PROC MODEL is able to define LAG and DIF as true
lagging functions that operate on values from the previous observatiorCl@gxer

20, “The MODEL Procedure,for more information on LAG and DIF functions in

the MODEL procedure.

Multiperiod Lags and Higher-Order Differencing

To compute lags at a lagging period greater than 1, add the lag length to the end of
the LAG keyword to specify the lagging function needed. For example, the LAG2
function returns the value of its argument two calls ago, the LAG3 function returns
the value of its argument three calls ago, and so forth.

To compute differences at a lagging period greater than 1, add the lag length to the
end of the DIF keyword. For example, the DIF2 function computes the differences
between the value of its argument and the value of its argument two calls ago. (The
maximum lagging period is 100.)

The following statements add the variables CPILAG12 and CPIDIF12 to the USCPI
data set. CPILAG12 contains the value of CPI from the same month one year ago.
CPIDIF12 contains the change in CPI from the same month one year ago. (In this
case, the first 12 values of CPILAG12 and CPIDIF12 will be missing.)

data uscpi;
set uscpi;
cpilagl2 = lagl2( cpi );
cpidifl2 = dif12( cpi );
run;

To compute second differences, take the difference of the difference. To compute

higher-order differences, nest DIF functions to the order needed. For example, the
following statements compute the second difference of CPI:
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data uscpi;

set uscpi;

cpi2dif = dif( dif( cpi ) );
run;

Multiperiod lags and higher-order differencing can be combined. For example, the
following statements compute monthly changes in the inflation rate, with inflation
rate computed as percent change in CPI from the same month one year ago:

data uscpi;

set uscpi;

infchng = dif( 100 * difl2( cpi ) / lagl2( cpi ) );
run;

Percent Change Calculations

There are several common ways to compute the percent change in a time series. This
section illustrates the use of LAG and DIF functions by showing SAS statements for
various kinds of percent change calculations.

Computing Period-to-Period Change

To compute percent change from the previous period, divide the difference of the
series by the lagged value of the series and multiply by 100.

data uscpi;

set uscpi;

pctchng = dif( cpi ) / lag( cpi ) * 100;

label pctchng = "Monthly Percent Change, At Monthly Rates";
run;

Often, changes from the previous period are expressed at annual rates. This is done
by exponentiation of the current-to-previous period ratio to the number of periods in a

year and expressing the result as a percent change. For example, the following state-
ments compute the month-over-month change in CPI as a percent change at annual

rates:
data uscpi;
set uscpi;
pctchng = ( ( cpi / lag( cpi ) ) ** 12 - 1 ) * 100;
label pctchng = "Monthly Percent Change, At Annual Rates";
run;

Computing Year-over-Year Change

To compute percent change from the same period in the previous year, use LAG and
DIF functions with a lagging period equal to the number of periods in a year. (For
quarterly data, use LAG4 and DIF4. For monthly data, use LAG12 and DIF12.)

For example, the following statements compute monthly percent change in CPI from
the same month one year ago:
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data uscpi;

set uscpi;

pctchng = difl2( cpi ) / lagl2( cpi ) * 100;

label pctchng = "Percent Change from One Year Ago";
run;

To compute year-over-year percent change measured at a given period within the
year, subset the series of percent changes from the same period in the previous year
to form a yearly data set. Use an IF or WHERE statement to select observations for
the period within each year on which the year-over-year changes are based.

For example, the following statements compute year-over-year percent change in CPI
from December of the previous year to December of the current year:

data annual;
set uscpi;
pctchng = dif12( cpi ) / lagl2( cpi ) * 100;
label pctchng = "Percent Change: December to December";

if month( date ) = 12;
format date year4.;
run;

Computing Percent Change in Yearly Averages

To compute changes in yearly averages, first aggregate the series to an annual series
using the EXPAND procedure, and then compute the percent change of the annual
series. (Se€hapter 16, “The EXPAND Procedurefér more information on PROC
EXPAND.)

For example, the following statements compute percent changes in the annual aver-
ages of CPI:

proc expand data=uscpi out=annual from=month to=year;
convert cpi / observed=average method=aggregate;
run;

data annual;

set annual;

pctchng = dif( cpi ) / lag( cpi ) * 100;

label pctchng = "Percent Change in Yearly Averages";
run;

It is also possible to compute percent change in the average over the most recent
yearly span. For example, the following statements compute monthly percent change
in the average of CPI over the most recent 12 months from the average over the
previous 12 months:

data uscpi;
retain suml12 O;
drop suml2 avel2 cpilagl2;
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set uscpi;

suml2 = suml2 + cpi;

cpilagl2 = lagl12( cpi );

if cpilagl2 ~= . then suml2 = suml2 - cpilagl2;

if lagll( cpi ) = . then avel2 = suml2 / 12;

pctchng = difl2( avel2 ) / lagl2( avel2 ) * 100;

label pctchng = "Percent Change in 12 Month Moving Ave.";
run;

This example is a complex use of LAG and DIF functions that requires care in han-
dling the initialization of the moving-window averaging process. The LAG12 of CPI

is checked for missing values to determine when more than 12 values have been ac-
cumulated, and older values must be removed from the moving sum. The LAG11
of CPl is checked for missing values to determine when at least 12 values have been
accumulated; AVE12 will be missing when LAG11 of CPI is missing. The DROP
statement prevents temporary variables from being added to the data set.

Note that the DIF and LAG functions must execute for every observation or the

queues of remembered values will not operate correctly. The CPILAG12 calcula-
tion must be separate from the IF statement. The PCTCHNG calculation must not be
conditional on the IF statement.

The EXPAND procedure provides an alternative way to compute moving averages.

Leading Series

Although the SAS System does not provide a function to look ahead at the "next"
value of a series, there are a couple of ways to perform this task.

The most direct way to compute leads is to use the EXPAND procedure. For example

proc expand data=uscpi out=uscpi method=none;
id date;
convert cpi=cpileadl / transform=( lead 1 );
convert cpi=cpilead2 / transform=( lead 2 );
run;

Another way to compute lead series in SAS software is by lagging the time 1D vari-
able, renaming the series, and merging the result data set back with the original data
set.

For example, the following statements add the variable CPILEAD to the USCPI data
set. The variable CPILEAD contains the value of CPI in the following month. (The
value of CPILEAD will be missing for the last observation, of course.)

data temp;
set uscpi;
keep date cpi;
rename cpi = cpilead,;
date = lag( date );
if date "=
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run;

data uscpi;
merge uscpi temp;
by date;

run;

To compute leads at different lead lengths, you must create one temporary data set
for each lead length. For example, the following statements compute CPILEAD1 and
CPILEAD2, which contain leads of CPI for 1 and 2 periods, respectively:

data templ(rename=(cpi=cpileadl)) temp2(rename=(cpi=cpilead?2));
set uscpi;
keep date cpi;
date = lag( date );
if date "= . then output templ;
date = lag( date );
if date "= . then output temp2;
run;

data uscpi;
merge uscpi templ temp2;
by date;

run;

Summing Series

Simple cumulative sums are easy to compute using SAS sum statements. The fol-
lowing statements show how to compute the running sum of variable X in data set A,
adding XSUM to the data set.

data a;
set a;
Xsum + Xx;
run;

The SAS sum statement automatically retains the variable XSUM and initializes it to

0, and the sum statement treats missing values as 0. The sum statement is equivalent
to using a RETAIN statement and the SUM function. The previous example could
also be written as follows:

data a;

set a;

retain xsum,;

Xsum = sum( xsum, X );
run;

You can also use the EXPAND procedure to compute summations. For example
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proc expand data=a out=a method=none;
convert x=xsum / transform=( sum );
run;

Like differencing, summation can be done at different lags and can be repeated to
produce higher-order sums. To compute sums over observations separated by lags
greater than 1, use the LAG and SUM functions together, and use a RETAIN state-
ment that initializes the summation variable to zero.

For example, the following statements add the variable XSUM2 to data set A.
XSUM2 contains the sum of every other observation, with even-numbered obser-
vations containing a cumulative sum of values of X from even observations, and
odd-numbered observations containing a cumulative sum of values of X from odd
observations.

data a;

set a;

retain xsum2 0;

xsum2 = sum( lag( xsum2 ), x );
run;

Assuming that A is a quarterly data set, the following statements compute running
sums of X for each quarter. XSUM4 contains the cumulative sum of X for all observa-
tions for the same quarter as the current quarter. Thus, for a first-quarter observation,
XSUM4 contains a cumulative sum of current and past first-quarter values.

data a;

set a;

retain xsum4 0;

xsum4 = sum( lag3( xsum4 ), x );
run;

To compute higher-order sums, repeat the preceding process and sum the summa-
tion variable. For example, the following statements compute the first and second
summations of X:

data a;
set a;
Xxsum + X;
X2sum + Xsum;
run;

The following statements compute the second order four-period sum of X:

data a;
set a;
retain xsum4 x2sum4 O;
xsum4 = sum( lag3( xsum4 ), x );
x2sum4 = sum( lag3( x2sum4 ), xsum4 );
run;
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You can also use PROC EXPAND to compute cumulative statistics and moving win-
dow statistics. Se€hapter 16, “The EXPAND Procedurefbr details.

Transforming Time Series

It is often useful to transform time series for analysis or forecasting. Many time
series analysis and forecasting methods are most appropriate for time series with an
unrestricted range, linear trend, and constant variance. Series that do not conform
to these assumptions can often be transformed to series for which the methods are
appropriate.

Transformations can be useful for the following:

e range restrictions. Many time series cannot have negative values or may be
limited by a maximum possible value. You can often create a transformed
series with an unbounded range.

e nonlinear trends. Many economic time series grow exponentially. Exponential
growth corresponds to linear growth in the logarithms of the series.

e series variability that changes over time. Various transformations can be used
to stabilize the variance.

e non-stationarity. The %DFTEST macro can be used to test a series for non-
stationarity which may then be removed by differencing.

Log Transformation

The logarithmic transformation is often useful for series that must be greater than
zero and that grow exponentially. For examplegure 2.21shows a plot of an airline
passenger miles series. Notice that the series has exponential growth and the vari-
ability of the series increases over time. Airline passenger miles must also be zero or
greater.
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International Airline Travel
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Figure 2.21. [Airline Series

The following statements compute the logarithms of the airline series:

data a;

set a;

logair = log( air );
run;

Figure 2.22shows a plot of the log transformed airline series. Notice that the log
series has a linear trend and constant variance.
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Figure 2.22. Log Airline Series

The %LOGTEST macro can help you decide if a log transformation is appropriate
for a series. Se€hapter 4, “SAS Macros and Functionddr more information on
the %LOGTEST macro.

Other Transformations

The Box-Cox transformation is a general class of transformations that includes the
logarithm as a special case. The %BOXCOXAR macro can be used to find an optimal
Box-Cox transformation for a time series. Seeapter 4or more information on the
%BOXCOXAR macro.

The logistic transformation is useful for variables with both an upper and a lower
bound, such as market shares. The logistic transformation is useful for proportions,
percent values, relative frequencies, or probabilities. The logistic function transforms
values between 0 and 1 to values that can range frano-+oco.

For example, the following statements transform the variable SHARE from percent
values to an unbounded range:

data a;

set a;

Ishare = log( share / ( 100 - share ) );
run;

Many other data transformation can be used. You can create virtually any desired
data transformation using DATA step statements.
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The EXPAND Procedure and Data Transformations

The EXPAND procedure provides a convenient way to transform series. For example,
the following statements add variables for the logarithm of AIR and the logistic of
SHARE to data set A:

proc expand data=a out=a method=none;

convert air=logair / transform=( log );

convert share=Ishare / transform=( / 100 logit );
run;

SeeTable 16.1in Chapter 16for a complete list of transformations supported by
PROC EXPAND.

Manipulating Time Series Data Sets

This section discusses merging, splitting, and transposing time series data sets and
interpolating time series data to a higher or lower sampling frequency.

Splitting and Merging Data Sets

In some cases, you may want to separate several time series contained in one data set
into different data sets. In other cases, you may want to combine time series from
different data sets into one data set.

To split a time series data set into two or more data sets containing subsets of the
series, use a DATA step to create the new data sets and use the KEEP= data set option
to control which series are included in each new data set. The following statements
split the USPRICE data set shown in a previous example into two data sets, USCPI
and USPPI:

data uscpi(keep=date cpi)
usppi(keep=date ppi);
set usprice;
run;

If the series have different time ranges, you can subset the time ranges of the output
data sets accordingly. For example, if you know that CPI in USPRICE has the range

August 1990 through the end of the data set, while PPl has the range from the be-
ginning of the data set through June 1991, you could write the previous example as
follows:

data uscpi(keep=date cpi)
usppi(keep=date ppi);
set usprice;
if date >= '1laug1990’d then output uscpi;
if date <= ’'1jun1991'd then output usppi;
run;
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To combine time series from different data sets into one data set, list the data sets to be
combined in a MERGE statement and specify the dating variable in a BY statement.
The following statements show how to combine the USCPI and USPPI data sets to
produce the USPRICE data set. It is important to use the BY DATE; statement so
observations are matched by time before merging.

data usprice;
merge uscpi usppi;
by date;

run;

Transposing Data Sets

The TRANSPOSE procedure is used to transpose data sets from one form to another.
The TRANSPOSE procedure can transpose variables and observations, or transpose
variables and observations within BY groups. This section discusses some applica-
tions of the TRANSPOSE procedure relevant to time series data sets. Refer to the
SAS Procedures Guider more information on PROC TRANSPOSE.

Transposing from Interleaved to Standard Time Series Form

The following statements transpose part of the interleaved form output data set
FOREOUT, produced by PROC FORECAST in a previous example, to a standard
form time series data set. To reduce the volume of output produced by the example,
a WHERE statement is used to subset the input data set.

Observations with TYPE_=ACTUAL are stored in the new variable ACTUAL; ob-
servations with_L TYPE_=FORECAST are stored in the new variable FORECAST;
and so forth. Note that the method used in this example only works for a single
variable.

title "Original Data Set";
proc print data=foreout;

where date > 'lmay1991'd & date < 'loct1991'd;
run;

proc transpose data=foreout out=trans(drop=_name_ _label );
var cpi;
id _type_;
by date;
where date > 'lmayl1991'd & date < ’loct1991'd;
run;

titte "Transposed Data Set";
proc print data=trans;
run;

The TRANSPOSE procedure adds the variablAME_ and_LABEL _ to the out-
put data set. These variables contain the names and labels of the variables that were
transposed. In this example, there is only one transposed variahl&lAAdE_ has
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the value CPI for all observations. Thus\AME_ and_LABEL _ are of no interest

and are dropped from the output data set using the DROP= data set option. (If none
of the variables transposed have a label, PROC TRANSPOSE does not output the
_LABEL _ variable and the DRORz# ABEL _ option produces a warning message.
You can ignore this message, or you can prevent the message by omitfBiEL _

from the DROP= list.)

The original and transposed data sets are showfigore 2.23 (The observation
numbers shown for the original data set reflect the operation of the WHERE state-

ment.)
Original Data Set
Obs date _TYPE_ _LEAD_ cpi
37 JUN1991 ACTUAL 0 136.000
38 JUN1991 FORECAST 0 136.146
39 JUN1991 RESIDUAL 0 -0.146
40 JuL1991 ACTUAL 0 136.200
41 JuL1991 FORECAST 0 136.566
42 JuL1991 RESIDUAL 0 -0.366
43 AUG1991 FORECAST 1 136.856
44 AUG1991 L95 1 135.723
45 AUG1991 u9s 1 137.990
46 SEP1991 FORECAST 2 137.443
47 SEP1991 L95 2 136.126
48 SEP1991 u9s 2 138.761
Transposed Data Set
Obs date ACTUAL FORECAST RESIDUAL L95 u9s
1 JUN1991 136.0 136.146 -0.14616
2 JuL1991 136.2 136.566 -0.36635 .
3 AUG1991 136.856 135.723 137.990
4 SEP1991 137.443 136.126 138.761
Figure 2.23. Original and Transposed Data Sets

Transposing Cross-sectional Dimensions

The following statements transpose the variable CPI in the CPICITY data set shown
in a previous example from time series cross-sectional form to a standard form time
series data set. (Only a subset of the data shown in the previous example is used
here.) Note that the method shown in this example only works for a single variable.

titte "Original Data Set",
proc print data=cpicity;
run;

proc sort data=cpicity out=temp;

by date city;
run;
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proc transpose data=temp out=citycpi(drop=_name_ _label );
var cpi;
id city;
by date;

run;

titte "Transposed Data Set";
proc print data=citycpi;
run;

The names of the variables in the transposed data sets are taken from the city names
in the ID variable CITY. The original and the transposed data sets are shdéuguire
2.24

Original Data Set

Obs city date cpi
1 Chicago JAN90 128.1
2 Chicago FEB90 129.2
3 Chicago MAR90 129.5
4 Chicago APR90 130.4
5 Chicago MAY90 130.4
6 Chicago JUN90 131.7
7 Chicago JUL90 132.0
8 Los Angeles JAN9O 132.1
9 Los Angeles FEB90 133.6

10 Los Angeles MAR90 134.5
11 Los Angeles APR90 134.2
12 Los Angeles MAY90 134.6
13 Los Angeles JUN9O 135.0
14 Los Angeles JUL90 135.6

15 New York JAN9O 135.1
16 New York FEB90 135.3
17 New York MAR90 136.6
18 New York APR90 137.3
19 New York MAY90 137.2
20 New York JUN90 137.1
21 New York JUL90 138.4

Transposed Data Set

Los

Obs date Chicago Angeles New_York
1 JAN9O 128.1 132.1 1351
2 FEB90 129.2 133.6 135.3
3 MAR90 129.5 134.5 136.6
4 APR90 130.4 134.2 137.3
5 MAY90 130.4 134.6 137.2
6 JUN90 131.7 135.0 137.1
7 JUL90 132.0 135.6 138.4

Figure 2.24. Original and Transposed Data Sets

The following statements transpose the CITYCPI data set back to the original form
of the CPICITY data set. The variableNAME_ is added to the data set to tell
PROC TRANSPOSE the name of the variable in which to store the observations in the
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transposed data set. (If the (DROINAME _ _LABEL _) option were omitted from
the first PROC TRANSPOSE step, this would not be necessary. PROC TRANSPOSE

assumes ID.NAME_ by default.)

The NAME=CITY option in the PROC TRANSPOSE statement causes PROC
TRANSPOSE to store the names of the transposed variables in the variable CITY.
Because PROC TRANSPOSE recodes the values of the CITY variable to create valid
SAS variable names in the transposed data set, the values of the variable CITY in the
retransposed data set are not the same as the original. The retransposed data set is

shown inFigure 2.25

data temp;
set citycpi;
_nhame_ = 'CPI’;
run;

proc transpose data=temp out=retrans name=city;

by date;
run;

proc sort data=retrans;
by city date;
run;

title "Retransposed Data Set";
proc print data=retrans;
run;

Retransposed Data Set

Obs date city

1 JAN9O Chicago

2 FEB90 Chicago

3 MAR90 Chicago

4 APR90 Chicago

5 MAY90 Chicago

6 JUN90 Chicago

7 JUL90 Chicago

8 JAN9O Los_Angeles
9 FEB90 Los_Angeles

10 MAR90 Los_Angeles
11 APR90 Los_Angeles
12 MAY90 Los_Angeles
13 JUN90 Los_Angeles
14 JUL90 Los_Angeles
15 JAN9O New_York

16 FEB90 New_York

17 MAR90 New_York
18 APR90 New_York
19 MAY90 New_York
20 JUN9O New_York
21 JUL90 New_York

CPI

128.1
129.2
129.5
130.4
130.4
131.7
132.0
1321
133.6
134.5
134.2
134.6
135.0
135.6
135.1
135.3
136.6
137.3
137.2
137.1
138.4

Figure 2.25. Data Set Transposed Back to Original Form
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Time Series Interpolation

The EXPAND procedure interpolates time series. This section provides a brief sum-
mary of the use of PROC EXPAND for different kinds of time series interpolation
problems. Most of the issues discussed in this section are explained in greater detail
in Chapter 16

By default, the EXPAND procedure performs interpolation by first fitting cubic spline
curves to the available data and then computing needed interpolating values from the
fitted spline curves. Other interpolation methods can be requested.

Note that interpolating values of a time series does not add any real information to
the data as the interpolation process is not the same process that generated the other
(nonmissing) values in the series. While time series interpolation can sometimes be
useful, great care is needed in analyzing time series containing interpolated values.

Interpolating Missing Values

To use the EXPAND procedure to interpolate missing values in a time series, specify
the input and output data sets on the PROC EXPAND statement, and specify the time
ID variable in an ID statement. For example, the following statements cause PROC
EXPAND to interpolate values for missing values of all numeric variables in the data
set USPRICE:

proc expand data=usprice out=interpl;
id date;
run;

Interpolated values are computed only for embedded missing values in the input
time series. Missing values before or after the range of a series are ignored by the
EXPAND procedure.

In the preceding example, PROC EXPAND assumes that all series are measured at
points in time given by the value of the ID variable. In fact, the series in the USPRICE
data set are monthly averages. PROC EXPAND may produce a better interpolation if
this is taken into account. The following example uses the FROM=MONTH option

to tell PROC EXPAND that the series is monthly and uses the CONVERT statement
with the OBSERVED=AVERAGE to specify that the series values are averages over
each month:

proc expand data=usprice out=interpl from=month;
id date;
convert cpi ppi / observed=average;

run;

Interpolating to a Higher or Lower Frequency

You can use PROC EXPAND to interpolate values of time series at a higher or lower
sampling frequency than the input time series. To change the periodicity of time se-
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ries, specify the time interval of the input data set with the FROM= option, and spec-
ify the time interval for the desired output frequency with the TO= option. For ex-
ample, the following statements compute interpolated weekly values of the monthly
CPIl and PPI series:

proc expand data=usprice out=interpl from=month to=week;
id date;
convert cpi ppi / observed=average;

run;

Interpolating between Stocks and Flows, Levels and Rates

A distinction is made between variables that are measured at points in time and vari-
ables that represent totals or averages over an interval. Point-in-time values are often
calledstocksor levels Variables that represent totals or averages over an interval are
often calledflowsor rates

For example, the annual series Gross National Product represents the final goods pro-
duction of over the year and also the yearly average rate of that production. However,
the monthly variable Inventory represents the cost of a stock of goods at the end of
the month.

The EXPAND procedure can convert between point-in-time values and period av-
erage or total values. To convert observation characteristics, specify the input and
output characteristics with the OBSERVED= option in the CONVERT statement.
For example, the following statements use the monthly average price index values in
USPRICE to compute interpolated estimates of the price index levels at the midpoint
of each month.

proc expand data=usprice out=midpoint from=month;
id date;
convert cpi ppi / observed=(average,middle);
run;

Reading Time Series Data

Time series data can be coded in many different ways. The SAS System can read time
series data recorded in almost any form. Earlier sections of this chapter show how to

read time series data coded in several commonly used ways. This section shows how
to read time series data from data records coded in two other commonly used ways

not previously introduced.

Several time series databases distributed by major data vendors can be read into SAS
data sets by the DATASOURCE procedure. Sd®mpter 14, “The DATASOURCE
Procedure,”for more information.

The SASECRSP, SASEFAME, and SASEHAVR interface engines enables SAS users
to access and process time series data in CRSPAccess data files, FAME databases,
and HAVER ANALYTICS Data Link Express (DLX) data bases, respectively. See
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Chapter 5, “The SASECRSP Interface EngineChapter 6, “The SASEFAME
Interface Engine,”and Chapter 7, “The SASEHAVR Interface Enginefor more
details.

Reading a Simple List of Values

Time series data can be coded as a simple list of values without dating information

and with an arbitrary number of observations on each data record. In this case, the
INPUT statement must use the trailing "@@" option to retain the current data record

after reading the values for each observation, and the time ID variable must be gen-
erated with programming statements.

For example, the following statements read the USPRICE data set from data records
containing pairs of values for CPI and PPI. This example assumes you know that the
first pair of values is for June 1990.

data usprice;
input cpi ppi @Q@;
date = intnx( 'month’, '1jun1990’d, n_-1 );
format date monyy7.;
datalines;
1299 114.3 130.4 1145 131.6 116.5
132.7 118.4 133.5 120.8 133.8 120.1 133.8 118.7
134.6 119.0 134.8 117.2 135.0 116.2 135.2 116.0
135.6 116.5 136.0 116.3 136.2 116.0

Reading Fully Described Time Series in Transposed Form

Data for several time series can be coded with separate groups of records for each
time series. Data files coded this way are transposed from the form required by SAS
procedures. Time series data can also be coded with descriptive information about
the series included with the data records.

The following example reads time series data for the USPRICE data set coded with
separate groups of records for each series. The data records for each series consist
of a series description record and one or more value records. The series description
record gives the series name, starting month and year of the series, number of values
in the series, and a series label. The value records contain the observations of the
time series.

The data are first read into a temporary data set that contains one observation for
each value of each series. This data set is sorted by date and series name, and the
TRANSPOSE procedure is used to transpose the data into a standard form time series
data set.

data temp;
length _name_ $8 _label_ $40;
keep _name_ _label date value;
format date monyy.;
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input _name_ month year nval _label_ &;
date = mdy( month, 1, year );
do i =1 to nval;
input value @;
output;
date = intnx( 'month’, date, 1 );
end;
datalines;
cpi 8 90 12 Consumer Price Index
131.6 132.7 133.5 133.8 133.8 134.6 134.8 135.0
135.2 135.6 136.0 136.2
ppi 6 90 13 Producer Price Index
114.3 114.5 116.5 118.4 120.8 120.1 118.7 119.0
117.2 116.2 116.0 116.5 116.3

proc sort data=temp;
by date _name_;
run;

proc transpose data=temp out=usprice(drop=_name_ _label );
by date;
var value;

run;

proc contents data=usprice;
run;

proc print data=usprice;
run;

The final data set is shown Figure 2.26
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The CONTENTS Procedure
Data Set Name: WORK.USPRICE Observations: 14
Member Type: DATA Variables: 3
Engine: V8 Indexes: 0
Created: 17:38 Monday, May 3, 1999 Observation Length: 24
Last Modified: 17:38 Monday, May 3, 1999 Deleted Observations: 0
Protection: Compressed: NO
Data Set Type: Sorted: NO
Label:
----- Alphabetic List of Variables and Attributes-----
# Variable Type Len Pos Format Label
3 cpi Num 8 16 Consumer Price Index
1 date Num 8 0 MONYY.
2 ppi Num 8 8 Producer Price Index
Obs date ppi cpi
1 JUN90 114.3
2 JUL90 114.5 .
3 AUG90 116.5 131.6
4 SEP90 118.4 132.7
5 OCT90 120.8 133.5
6 NOV90 120.1 133.8
7 DEC90 118.7 133.8
8 JAN91 119.0 134.6
9 FEB91 117.2 134.8
10 MAR91 116.2 135.0
11 APR91 116.0 135.2
12 MAY91 116.5 135.6
13 JUN91 116.3 136.0
14 JUL91 136.2
Figure 2.26. USPRICE Data Set
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Chapter 3

Date Intervals, Formats, and
Functions

Overview

This chapter summarizes the time intervals, date and datetime informats, date and
datetime formats, and date, time and datetime functions available in the SAS System.
The use of these features is explainedGhapter 2, “Working with Time Series
Data.” The material in this chapter is also contained in®# Language: Reference
Because these features are useful for work with time series data, documentation of
these features is consolidated and repeated here for easy reference.

Time Intervals

This section provides a reference for the different kinds of time intervals supported
by the SAS System. How intervals are used is not discussed her€&hsgxter 2,
“Working with Time Series Data,’for an introduction to the use of time intervals.

Some interval names are for use with SAS date values, while other interval names
are for use with SAS datetime values. The interval names used with SAS date val-
ues are YEAR, SEMIYEAR, QTR, MONTH, SEMIMONTH, TENDAY, WEEK,
WEEKDAY, and DAY. The interval names used with SAS datetime or time values
are HOUR, MINUTE, and SECOND. Various abbreviations of these names are also
allowed, as described in the section “Summary of Interval Types.”

Interval names for use with SAS date values can be prefixed with 'DT’ to
construct interval names for use with SAS datetime values. The interval
names DTYEAR, DTSEMIYEAR, DTQTR, DTMONTH, DTSEMIMONTH,
DTTENDAY, DTWEEK, DTWEEKDAY, and DTDAY are used with SAS datetime
or time values.

Constructing Interval Names

Multipliers and shift indexes can be used with the basic interval names to construct
more complex interval specifications. The general form of an interval name is as
follows:

NAMEnN.s

The three parts of the interval name are:
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NAME the name of the basic interval type. For example, YEAR spec-
ifies yearly intervals.
n an optional multiplier that specifies that the interval is a mul-

tiple of the period of the basic interval type. For example, the
interval YEARZ2 consists of two-year, or biennial, periods.

S an optional starting subperiod index that specifies that the inter-
vals are shifted to later starting points. For example, YEAR.3
specifies yearly periods shifted to start on the first of March
of each calendar year and to end in February of the following
year.

Both the multipliern and the shift indess are optional and default to 1. For exam-
ple, YEAR, YEARL, YEAR.1, and YEARL.1 are all equivalent ways of specifying
ordinary calendar years.

Both the multipliern and the shift indexs are optional and default to 1. For exam-
ple, YEAR, YEAR1, YEAR.1, and YEAR1.1 are all equivalent ways of specifying
ordinary calendar years.

Shifted Intervals

Different kinds of intervals are shifted by different subperiods.

e YEAR, SEMIYEAR, QTR, and MONTH intervals are shifted by calendar
months.

o WEEK, WEEKDAY, and DAY intervals are shifted by days.

e SEMIMONTH intervals are shifted by semi-monthly periods.
e TENDAY intervals are shifted by ten-day periods.

¢ HOUR intervals are shifted by hours.

¢ MINUTE intervals are shifted by minutes.

e SECOND intervals are shifted by seconds.

If a subperiod is specified, the shiftindex cannot be greater than the number of subpe-
riods in the whole interval. For example, you could use YEAR2.24, but YEAR2.25
would be an error because there is no twenty-fifth month in a two-year interval. For
interval types that shift by subperiods that are the same as the basic interval type, only
multiperiod intervals can be shifted.

For example, MONTH type intervals shift by MONTH subintervals; thus, monthly

intervals cannot be shifted since there is only one month in MONTH. However,
bimonthly intervals can be shifted, since there are two MONTH intervals in each
MONTH?2 interval. The interval name MONTH2.2 specifies bimonthly periods start-
ing on the first day of even-numbered months.
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Alignment of Intervals

Intervals that represent divisions of a year are aligned with the start of the year
(January). MONTH2 periods begin with odd-numbered months (January, March,
May, and so on). Likewise, intervals that represent divisions of a day are aligned
with the start of the day (midnight). Thus, HOURS8.7 intervals divide the day into the

periods 06:00 to 14:00, 14:00 to 22:00, and 22:00 to 06:00.

Intervals that do not nest within years or days are aligned relative to the SAS date
or datetime value 0. The arbitrary reference time of midnight on January 1, 1960, is
used as the origin for nonshifted intervals, and shifted intervals are defined relative to
that reference point. For example, MONTH13 defines the intervals January 1, 1960,
February 1, 1961, March 1, 1962, and so forth, and the intervals December 1, 1959,
November 1, 1958, and so on before the base date January 1, 1960.

Similarly, WEEK?2 interval beginning days are aligned relative to the Sunday of the
week of January 1, 1960. The interval specification WEEK6.13 defines six-week
periods starting on second Fridays, and the convention of alignment relative to the
period containing January 1, 1960, tells where to start counting to find out what dates
correspond to the second Fridays of six-week intervals.

See the section “Alignment of SAS Dates” later in this chapter.

Summary of Interval Types

The interval types are summarized as follows.

YEAR
specifies yearly intervals. Abbreviations are YEAR, YEARS, YEARLY, YR,
ANNUAL, ANNUALLY, ANNUALS. The starting subperiodsis in months.

SEMIYEAR
specifies semiannual intervals (every six months). Abbreviations are SEMIYEAR,
SEMIYEARS, SEMIYEARLY, SEMIYR, SEMIANNUAL, SEMIANN.

The starting subperiod is in months. For example, SEMIYEAR.3 intervals are
March—August and September—February.

QTR
specifies quarterly intervals (every three months). Abbreviations are QTR,
QUARTER, QUARTERS, QUARTERLY, QTRLY, QTRS. The starting subpersod
is in months.

MONTH
specifies monthly intervals. Abbreviations are MONTH, MONTHS, MONTHLY,
MON.

The starting subperiod is in months. For example, MONTH2.2 intervals are
February—March, April-May, June—July, August—September, October—November,
and December—January of the following year.

SEMIMONTH
specifies semimonthly intervals. SEMIMONTH breaks each month into two pe-

119



General Information + Date Intervals, Formats, and Functions

riods, starting on the first and sixteenth day. Abbreviations are SEMIMONTH,
SEMIMONTHS, SEMIMONTHLY, SEMIMON.

The starting subperiods is in SEMIMONTH periods. For example,
SEMIMONTH2.2 specifies intervals from the sixteenth of one month through
the fifteenth of the next month.

TENDAY
specifies 10-day intervals. TENDAY breaks the month into three periods, the first
through the tenth day of the month, the eleventh through the twentieth day of the
month, and the remainder of the month. (TENDAY is a special interval typically
used for reporting automobile sales data.)

The starting subperioslis in TENDAY periods. For example, TENDAY4.2 defines
40-day periods starting at the second TENDAY period.

WEEK
specifies weekly intervals of seven days. Abbreviations are WEEK, WEEKS,
WEEKLY.

The starting subperioslis in days, with the days of the week numbered as 1=Sunday,
2=Monday, 3=Tuesday, 4=Wednesday, 5=Thursday, 6=Friday, and 7=Saturday. For
example, WEEK.7 means weekly with Saturday as the first day of the week.

WEEKDAY

WEEKDAY17W
specifies daily intervals with weekend days included in the preceding week day.
Abbreviations are WEEKDAY, WEEKDAYS.

The WEEKDAY interval is the same as DAY except that weekend days are absorbed
into the preceding weekday. Thus there are five WEEKDAY intervals in a calendar
week: Monday, Tuesday, Wednesday, Thursday, and the three-day period Friday-
Saturday-Sunday.

The default weekend days are Saturday and Sunday, but any one to six weekend
days can be listed after the WEEKDAY string and followed by a W. Weekend
days are specified as "1’ for Sunday, '2’ for Monday, and so forth. For exam-
ple, WEEKDAY67W specifies a Friday-Saturday weekend. WEEKDAY1W speci-
fies a six-day work week with a Sunday weekend. WEEKDAY17W is the same as
WEEKDAY.

The starting subperioslis in days.

DAY
specifies daily intervals. Abbreviations are DAY, DAYS, DAILY. The starting subpe-
riod sis in days.

HOUR
specifies hourly intervals. Abbreviations are HOUR, HOURS, HOURLY, HR. The
starting subperiodis in hours.

MINUTE
specifies minute intervals. Abbreviations are MINUTE, MINUTES, MIN. The start-
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ing subperiodsis in minutes.

SECOND

specifies second intervals. Abbreviations are SECOND, SECONDS, SEC. The start-
ing subperiodsis in seconds.

Examples of Interval Specifications

Table 3.1shows examples of different kinds of interval specifications.

Table 3.1. Examples of Intervals

five-

day

day

d to

ight

Name Kind of Interval

YEAR years starting in January

YEAR.10 fiscal years starting in October

YEAR2.7 biennial intervals starting in July of even years

YEAR2.19 biennial intervals starting in July of odd years

YEAR4.11 four-year intervals starting in November of leap years (frequency
of U.S. presidential elections)

YEARA4.35 four-year intervals starting in November of even years between
leap years (frequency of U.S. midterm elections)

WEEK weekly intervals starting on Sundays

WEEK2 biweekly intervals starting on first Sundays

WEEK1.1 same as WEEK

WEEK.2 weekly intervals starting on Mondays

WEEKG6.3 six-week intervals starting on first Tuesdays

WEEKG6.11 six-week intervals starting on second Wednesdays

WEEKDAY daily with Friday-Saturday-Sunday counted as the same day
day work week with a Saturday-Sunday weekend)

WEEKDAY17W | same as WEEKDAY

WEEKDAY67W | daily with Thursday-Friday-Saturday counted as the same
(five-day work week with a Friday-Saturday weekend)

WEEKDAY1W | daily with Saturday-Sunday counted as the same day (six
work week with a Sunday weekend)

WEEKDAY3.2 | three-weekday intervals (with Friday-Saturday-Sunday counted as
one weekday) with the cycle three-weekday periods aligne
Monday 4 Jan 1960

HOURS8.7 eight-hour intervals starting at 6 a.m., 2 p.m., and 10 p.m. (m
be used for work shifts)

Date and Datetime Informats

Table 3.2summarizes the SAS date and datetime informats available in the SAS
System. Se€hapter 2, “Working with Time Series Datafor a discussion of the
use of date and datetime informats. RefeB&5 Language: Referenfoe a complete
description of these informats.

For each informatTable 3.2shows an example of a date or datetime value written in
the style that the informat is designed to read. The date 17 October 1991 and the time
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2:25:32 p.m. are used for the example in all caSedle 3.2shows the width range
allowed by the informat and the default width.

Table 3.2. SAS Date and Datetime Informats

Informat Width | Default
Example Description Range | Width

DATEw. day, month abbreviation, and year: 7-32 7
170ct91 ddMONyy

DATETIMEw.d date and timeddMONyy:hh:mm:ss 13-40 18
170ct91:14:45:32

DDMMYY w. day, month, yearddmmyydd/mm/yy 6-32 6
17/10/91 dd-mm-yyordd mm yy

JULIANwW. year and day of year (Julian dategyddd | 5-32 5
91290

MMDDYY w. month, day, yeanrmmddyymm/dd/yy 6-32 6
10/17/91 mm-dd-yyormm dd yy

MONYY w. month abbreviation and year 5-32 5
Oct91

NENGOw. Japanese Nengo notation 7-32 10
H.03/10/17

TIMEw.d hours, minutes, secondsh:mm:ss 5-32 8
14:45:32 or hours, minuteshh:mm

YYMMDD w. year, month, dayyymmddyy/mm/dd 6-32 6
91/10/17 yy-mm-ddoryy mm dd

YYQw. year and quarter of yeayyQq 4-32 4
91Q4

Date, Time, and Datetime Formats

The SAS date and datetime formats are summarizéldiivie 3.3and Table 3.4 A
width value can be specified with each format. The tables list the range of width
values allowed and the default width value for each format.

The notation used by a format is abbreviated in different ways depending on the width
option used. For example, the format MMDDYY8. writes the date 17 October 1991
as 10/17/91, while the format MMDDY'Y6. writes this date as 101791. In patrticular,
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formats that display the year show two- or four-digit year values depending on the
width option. The examples shown in the tables are for the default width.

Refer to SAS Language: Referenéer a complete description of these formats,
including the variations of the formats produced by different width options. See
Chapter 2, “Working with Time Series Datafor a discussion of the use of date and
datetime formats.

Date Formats

Table 3.3lists the date formats available in the SAS System. For each format, an
example is shown of a date value in the notation produced by the format. The date
"170CT91'D is used as the example.

Table 3.3. SAS Date Formats

Format Width Default
Example Description Range | Width

DATEw. day, month abbreviation, year: | 5-9 7
170ct91 ddMONyy

DAY w. day of month 2-32 2
17

DDMMYY w. day, month, yeardd/mm/yy 2-8 8
17/10/91

DOWNAMEwW. name of day of the week 1-32 9
Thursday

JULDAY w. day of year 3-32 3
290

JULIANw. year and day of yeayyddd 5-7 5
91290

MMDDYY w. month, day, yeannm/dd/yy 2-8 8
10/17/91

MMYY w. month and yearmmMyy 5-32 7
10M1991

MMYYC w. month and yeannm:yy 5-32 7
10:1991

MMYYD w. month and yearmm-yy 5-32 7
10-1991

MMYYP w. month and yearmm.yy 5-32 7
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Table 3.3. (continued)

Format Width Default
Example Description Range | Width
10.1991

MMYYSw. month and yeannm/yy 5-32 7
10/1991

MMYYN w. month and yeanmmyy 5-32 6
101991

MONNAMEw. name of month 1-32 9
October

MONTHw. month of year 1-32 2
10

MONYY w. month abbreviation and year: | 5-7 5
OCT91 MONyy

QTRw. quarter of year 1-32 1
4

QTRRw. quarter in Roman numerals 3-32 3
\

NENGOw. Japanese Nengo notation 2-10 10
H.03/10/17

WEEKDATEW. day-of-week, month-name dd, yy3-37 29
Thursday, October 17, 1991

WEEKDATXw. day-of-week, dd month-name yy 3-37 29
Thursday, 17 October 1991

WEEKDAY w. day of week 1-32 1
5

WORDDATEW. month-name dd, yy 3-32 18
October 17, 1991

WORDDAT Xw. dd month-name yy 3-32 18

17 October 1991

YEARwW. year 2-32 4

1991
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Table 3.3. (continued)

Format Width Default
Example Description Range | Width

YYMM w. year and monthyyMmm 5-32 7
1991M10

YYMMC w. year and monthyy:mm 5-32 7
1991:10

YYMMD w. year and monthyy-mm 5-32 7
1991-10

YYMMPw. year and monthyy.mm 5-32 7
1991.10

YYMMSw. year and monthyy/mm 5-32 7
1991/10

YYMMN w. year and monthyymm 5-32 7
199110

YYMONw. year and month abbreviation: | 5-32 7
19910CT yyMON

YYMMDD w. year, month, dayyy/mm/dd 2-8 8
91/10/17

YYQw. year and quarteryyQq 4-6 4
91Q4

YYQCw. year and quartery:q 4-32 6
1991:4

YYQDw. year and quartery-q 4-32 6
1991-4

YYQPw. year and quartery.q 4-32 6
1991.4

YYQSw. year and quarteryy/q 4-32 6
1991/4

YYQNw. year and quarterryq 3-32 5
19914

YYQRw. year and quarter in Roman 6-32 8
1991QIvV numeralsyyQrr
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Table 3.3. (continued)

Format Width Default
Example Description Range | Width

YYQRCw. year and quarter in Roman 6-32 8
1991:1V numeralsyy:rr

YYQRDw. year and quarter in Roman 6-32 8
1991-1v numeralsyy-rr

YYQRPw. year and quarter in Roman 6-32 8
1991.1IvV numeralsyy.rr

YYQRSw. year and quarter in Roman 6-32 8
1991/1V numeralsyy/rr

YYQRNw. year and quarter in Roman 6-32 8
19911V numeralsyyrr

Datetime and Time Formats

Table 3.4lists the datetime and time formats available. For each format, an example
is shown of a datetime value in the notation produced by the format. The datetime
value '170CT91:14:25:32'DT is used as the example.

Table 3.4. SAS Datetime and Time Formats

Format Width | Default
Example Description Range | Width

DATETIMEw.d ddMONyy:hh:mm:ss 7-40 16
170CT91:14:25:32

HHMMw.d hour and minutehh:mm 2-20 5
14:25

HOURw.d hour 2-20 2
14

MMSSw.d minutes and secondsim:ss| 2-20 5
25:32

TIMEw.d time of day:hh:mm:ss 2-20 8
14:25:32

TODw. time of day:hh:mm:ss 2-20 8
14:25:32
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Alignment of SAS Dates

SAS date values used to identify time series observations produced by SAS/ETS pro-
cedures are normally aligned with the beginning of the time intervals corresponding

to the observations. For example, for monthly data for 1994, the date values identify-

ing the observations are 1Jan94, 1Feb94, 1Mar94, ..., 1Dec94.

However, for some applications it may be preferable to use end of period dates, such
as 31Jan94, 28Feh94, 31Mar94, ..., 31Dec94. For other applications, such as plot-
ting time series, it may be more convenient to use interval midpoint dates to identify
the observations.

SAS/ETS procedures provide an ALIGN= option to control the alignment of dates
for output time series observations. Procedures supporting the ALIGN= option are
ARIMA, DATASOURCE, EXPAND, and FORECAST.

ALIGN=
The ALIGN= option allows the following values:

BEGINNING  Specifies that dates are aligned to the start of the interval. This is
the default. BEGINNING can be abbreviated as BEGIN, BEG, or

B.

MIDDLE Specifies that dates are aligned to the interval midpoint. MIDDLE
can be abbreviated as MID or M.

ENDING Specifies that dates are aligned to the end of the interval. ENDING

can be abbreviated as END or E.

The ALIGN= option can be specified on the PROC DATASOURCE statement, on
the PROC EXPAND statement, on the PROC FORECAST statement, and on the
FORECAST statement of the ARIMA procedure.

Date, Time, and Datetime Functions

The SAS System provides functions to perform calculations with SAS date, time, and
datetime values. SAS date, time, and datetime functions are used to:

e compute date, time, and datetime values from calendar and time-of-day values.
e compute calendar and time-of-day values from date and datetime values.

e convert between date, time, and datetime values.

e perform calculations involving time intervals.

SAS date, time, and datetime functions are listed in alphabetical order in the follow-
ing. Refer tocSAS Language: Referentoe a complete description of these functions.

127



General Information + Date Intervals, Formats, and Functions

SAS Date, Time, and Datetime Functions

DATE()
returns today’s date as a SAS date value.

DATEJUL( yyddd )
returns the Julian date for a SAS date value.

DATEPART( datetime )
returns the date part of a SAS datetime value as a date value.

DATETIME()
returns the current date and time of day.

DAY( date )
returns the day of the month from a SAS date value.

DHMS( date, hour, minute, second )
returns a SAS datetime value for date, hour, minute, and second values.

HMS( hour, minute, second )
returns a SAS time value for hour, minute, and second values.

HOUR( datetime )
returns the hour from a SAS datetime or time value.

INTCINDEX( 'interval’, value )
returns the cycle index, given a date, time, or datetime interval and value.

INTCK( interval, datel, date2 )
returns the number of boundaries of intervals of the given kind that lie between the
two date or datetime values.

INTCYCLE( 'interval’)
returns the date, time, or datetime interval at the next higher seasonal cycle, given a
date, time, or datetime interval.

INTFMT( 'interval’, 'size’ )
returns a recommended format, given a date, time, or datetime interval.

INTINDEX( 'interval’, value )
returns the seasonal index, given a date, time, or datetime interval and value.

INTNX( interval, date, n <, "alignment’ >)
returns the date or datetime value of the beginning of the interval thatriger-
vals from the interval that contains the given date or datetime value. The optional
alignment argument specifies that the returned date is aligned to either the beginning,
middle, or end of the interval. Beginning is the default.

INTSEA( 'interval’)

returns the length of the seasonal cycle, given a date, time, or datetime interval.
JULDATE( date )

returns the Julian date from a SAS date value.
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MDY ( month, day, year )
returns a SAS date value for month, day, and year values.

MINUTE( datetime )
returns the minute from a SAS time or datetime value.

MONTH( date )
returns the month of the year from a SAS date value.

QTR( date )
returns the quarter of the year from a SAS date value.

SECOND( date )
returns the second from a SAS time or datetime value.

TIME()
returns the current time of day.

TIMEPART( datetime )
returns the time part of a SAS datetime value.

TODAY()
returns the current date as a SAS date value. (TODAY is another name for the DATE
function.)

WEEKDAY( date )
returns the day of the week from a SAS date value.

YEAR( date )
returns the year from a SAS date value.

YYQ( year, quarter)
returns a SAS date value for year and quarter values.
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SAS Macros

This chapter describes several SAS macros and the SAS function PROBDF that are
provided with SAS/ETS software. A SAS macro is a program that generates SAS
statements. Macros make it easy to produce and execute complex SAS programs that
would be time-consuming to write yourself.

SAS/ETS software includes the following macros:

%AR generates statements to define autoregressive error models for the
MODEL procedure.

%BOXCOXAR investigates Box-Cox transformations useful for modeling and
forecasting a time series.

%DFPVALUE computes probabilities for Dickey-Fuller test statistics.
%DFTEST performs Dickey-Fuller tests for unit roots in a time series process.

%LOGTEST  tests to see if a log transformation is appropriate for modeling and
forecasting a time series.

%MA generates statements to define moving average error models for the
MODEL procedure.
%PDL generates statements to define polynomial distributed lag models

for the MODEL procedure.

These macros are part of the SAS AUTOCALL facility and are automatically avail-
able for use in your SAS program. Refer$#&S Macro Language: Referenios
information about the SAS macro facility.

Since the %AR, %MA, and %PDL macros are used only with PROC MODEL,
they are documented with the MODEL procedure. See the sections on the %AR,
%MA, and %PDL macros itChapter 20, “The MODEL Procedure,for more in-
formation about these macros. The %BOXCOXAR, %DFPVALUE, %DFTEST, and
%LOGTEST macros are described in the following sections.

BOXCOXAR Macro

The %BOXCOXAR macro finds the optimal Box-Cox transformation for a time se-
ries.

Transformations of the dependent variable are a useful way of dealing with nonlinear
relationships or heteroscedasticity. For example, the logarithmic transformation is
often used for modeling and forecasting time series that show exponential growth or
that show variability proportional to the level of the series.
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The Box-Cox transformation is a general class of power transformations that include
the log transformation and no-transformation as special cases. The Box-Cox trans-
formation is

o)A —
Y, — { X1 for A0
In(X;+c¢) forA=0

The parametek controls the shape of the transformation. For examt®,produces
a log transformation, while=.5 results in a square root transformation. Wheri
the transformed series differs from the original serieg byl.

The constant is optional. It can be used when somXe values are negative or 0.
You chooset so that the serieX; is always greater thanc.

The %BOXCOXAR macro tries a range afvalues and reports which of the values
tried produces the optimal Box-Cox transformation. To evaluate diffexesatiues,

the %BOXCOXAR macro transforms the series with eacfalue and fits an autore-
gressive model to the transformed series. It is assumed that this autoregressive model
is a reasonably good approximation to the true time series model appropriate for the
transformed series. The likelihood of the data under each autoregressive model is
computed, and tha& value producing the maximum likelihood over the values tried

is reported as the optimal Box-Cox transformation for the series.

The %BOXCOXAR macro prints and optionally writes to a SAS data set all okthe
values tried and the corresponding log likelihood value and related statistics for the
autoregressive model.

You can control the range and number)of/alues tried. You can also control the
order of the autoregressive models fit to the transformed series. You can difference
the transformed series before the autoregressive model is fit.

Syntax
The form of the %BOXCOXAR macro is
%BOXCOXAR (SAS-data-set, variable [, options ])

The first argumentSAS-data-sespecifies the name of the SAS data set containing
the time series to be analyzed. The second argumanigble specifies the time
series variable name to be analyzed. The first two arguments are required.

The following options can be used with the %BOXCOXAR macro. Options must
follow the required arguments and are separated by commas.

AR=n
specifies the order of the autoregressive model fit to the transformed series. The
default is AR=5.

CONST= value
specifies a constartt to be added to the series before transformation. Use the
CONST= option when some values of the series are 0 or negative. The default is
CONST=0.
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DIF= ( differencing-list )
specifies the degrees of differencing to apply to the transformed series before the
autoregressive model is fit. Tlidferencing-listis a list of positive integers separated
by commas and enclosed in parentheses. For example, DIF=(1,12) specifies that the
transformed series be differenced once at lag 1 and once at lag 12. For more details,
see “IDENTIFY Statement” irChapter 11, “The ARIMA Procedure.”

LAMBDAHI= value
specifies the maximum value of lambda for the grid search. The default is
LAMBDAHI=1. A large (in magnitude) LAMBDAHI= value can result in problems
with floating point arithmetic.

LAMBDALO= value
specifies the minimum value of lambda for the grid search. The default is
LAMBDALO=0. A large (in magnitude) LAMBDALO= value can result in prob-
lems with floating point arithmetic.

NLAMBDA= value
specifies the number of lambda values considered, including the LAMBDALO= and
LAMBDAMHI= option values. The default is NLAMBDA=2.

OUT= SAS-data-set
writes the results to an output data set. The output data set includes the lambda values
tried (LAMBDA), and for each lambda value the log likelihood (LOGLIK), resid-
ual mean square error (RMSE), Akaike Information Criterion (AIC), and Schwarz’s
Bayesian Criterion (SBC).

PRINT=YES | NO
specifies whether results are printed. The default is PRINT=YES. The printed out-
put contains the lambda values, log likelihoods, residual mean square errors, Akaike
Information Criterion (AIC), and Schwarz’s Bayesian Criterion (SBC).

Results

The value of\ producing the maximum log likelihood is returned in the macro vari-
able &BOXCOXAR. The value of the variable &BOXCOXAR is “ERROR” if the
%BOXCOXAR macro is unable to compute the best transformation due to errors.
This may be the result of large lambda values. The Box-Cox transformation pa-
rameter involves exponentiation of the data, so that large lambda values may cause
floating-point overflow.

Results are printed unless the PRINT=NO option is specified. Results are also stored
in SAS data sets when the OUT= option is specified.

Details
Assume that the transformed serlgss a stationaryth order autoregressive process

generated by independent normally distributed innovations.
(1-0B)(Y; —n) =«

€ ~ 1idN(0, 0%)
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Given these assumptions, the log likelihood function of the transformedrgdéga

"
2

1 _
~ 52(Y - 1)'S7HY —1p)

n(2r) — %m(m) - Zin(o?)

In this equationn is the number of observations, is the mean ofY;, 1 is then-
dimensional column vector of 182 is the innovation variancéy = (Y1, ---,Y,,),
andX is the covariance matrix df.

The log likelihood function of the original datd, - - -, X, is

Ix()=ly()+ A =1 In(X;+c)
t=1

wherec is the value of the CONST= option.

For each value ok, the maximum log likelihood of the original data is obtained from
the maximum log likelihood of the transformed data given the maximum likelihood
estimate of the autoregressive model.

The maximum log likelihood values are used to compute the Akaike Information
Criterion (AIC) and Schwarz’'s Bayesian Criterion (SBC) for eachalue. The
residual mean square error based on the maximum likelihood estimator is also pro-
duced. To compute the mean square error, the predicted values from the model are
re-transformed to the original scale (Pankratz 1983, pp. 256-258, and Taylor 1986).

After differencing as specified by the DIF= option, the process is assumed to be a
stationary autoregressive process. You can check for stationarity of the series with
the %DFTEST macro. If the process is not stationary, differencing with the DIF=
option is recommended. For a process with moving average terms, a large value for
the AR= option may be appropriate.

DFPVALUE Macro

The %DFPVALUE macro computes the significance of the Dickey-Fuller test. The
%DFPVALUE macro evaluates thevalue for the Dickey-Fuller test statisticfor

the test of H: “The time series has a unit root” vs,,HThe time series is stationary”
using tables published by Dickey (1976) and Dickey, Hasza, and Fuller (1984).

The %DFPVALUE macro can compugevalues for tests of a simple unit root with
lag 1 or for seasonal unit roots at lags 2, 4, or 12. The %DFPVALUE macro takes into
account whether an intercept or deterministic time trend is assumed for the series.

The %DFPVALUE macro is used by the %DFTEST macro described later in this
chapter.
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Note that the %DFPVALUE macro has been superseded by the PROBDF function
described later in this chapter. It remains for compatibility with past releases of
SAS/ETS.

Syntax
The %DFPVALUE macro has the following form:
%DFPVALUE (tau , nobs [, options ])
The first argumentau, specifies the value of the Dickey-Fuller test statistic.

The second argumemipbs specifies the number of observations on which the test
statistic is based.

The first two arguments are required. The following options can be used with the
%DFPVALUE macro. Options must follow the required arguments and are separated
by commas.

DLAG=1|2|4]|12
specifies the lag period of the unit root to be tested. DLAG=1 specifies a 1-period
unit root test. DLAG=2 specifies a test for a seasonal unit root with lag 2. DLAG=4
specifies a test for a seasonal unit root with lag 4. DLAG=12 specifies a test for a
seasonal unit root with lag 12. The default is DLAG=1.

TREND=0|1]2
specifies the degree of deterministic time trend included in the model. TREND=0
specifies no trend and assumes the series has a zero mean. TREND=1 includes an
intercept term. TREND=2 specifies both an intercept and a deterministic linear time
trend term. The default is TREND=1. TREND=2 is not allowed with DLAG=2, 4, or
12.

Results

The computegb-value is returned in the macro variable &DFPVALUE. If thealue
is less than 0.01 or larger than 0.99, the macro variable &DFPVALUE is set to 0.01
or 0.99, respectively.

Details
Minimum Observations

The minimum number of observations required by the %DFPVALUE macro depends
on the value of the DLAG= option. The minimum observations are as follows:

DLAG= | Min. Obs.
1 9
2 6
4 4
12 12
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DFTEST Macro

The %DFTEST macro performs the Dickey-Fuller unit root test. You can use the
%DFTEST macro to decide if a time series is stationary and to determine the order
of differencing required for the time series analysis of a nonstationary series.

Most time series analysis methods require that the series to be analyzed is station-
ary. However, many economic time series are nonstationary processes. The usual
approach to this problem is to difference the series. A time series which can be made
stationary by differencing is said to haveuait root. For more information, see the
discussion of this issue in th&etting Started”section on page 366 @hapter 11,

“The ARIMA Procedure.”

The Dickey-Fuller test is a method for testing whether a time series has a unit root.
The %DFTEST macro tests the hypothesjs FThe time series has a unit root” vs.

H,: “The time series is stationary” based on tables provided in Dickey (1976) and
Dickey, Hasza, and Fuller (1984). The test can be applied for a simple unit root with
lag 1, or for seasonal unit roots at lag 2, 4, or 12.

Note that the %DFTEST macro has been superseded by the PROC ARIMA station-
arity tests. Se€hapter 11, “The ARIMA Procedure for details.

Syntax
The %DFTEST macro has the following form:
%DFTEST (SAS-data-set , variable [ , options | )

The first argumentSAS-data-sespecifies the name of the SAS data set containing
the time series variable to be analyzed.

The second argumentariable specifies the time series variable name to be ana-
lyzed.

The first two arguments are required. The following options can be used with the
%DFTEST macro. Options must follow the required arguments and are separated by
commas.

AR=n
specifies the order of autoregressive model fit after any differencing specified by the
DIF=and DLAG= options. The default is AR=3.

DIF= ( differencing-list )
specifies the degrees of differencing to be applied to the series. The differencing list
is a list of positive integers separated by commas and enclosed in parentheses. For
example, DIF=(1,12) specifies that the series be differenced once at lag 1 and once
at lag 12. For more details, see thHEENTIFY Statement”section on page 397 in
Chapter 11, “The ARIMA Procedure.”

If the option DIF=( d;, ---, di ) is specified, the series analyzed is
(1 — B%)...(1 — B%)Y;, whereY; is the variable specified,

andB is the backshift operator defined BY; = Y;_1.
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DLAG=1|2]4]12
specifies the lag to be tested for a unit root. The default is DLAG=L1.

OUT= SAS-data-set
writes residuals to an output data set.

OUTSTAT= SAS-data-set
writes the test statistic, parameter estimates, and other statistics to an output data set.

TREND=0|1]2
specifies the degree of deterministic time trend included in the model. TREND=0
includes no deterministic term and assumes the series has a zero mean. TREND=1
includes an intercept term. TREND=2 specifies an intercept and a linear time trend
term. The default is TREND=1. TREND=2 is not allowed with DLAG=2, 4, or 12.

Results

The computegb-value is returned in the macro variable &DFTEST. If frgalue is

less than 0.01 or larger than 0.99, the macro variable &DFTEST is set to 0.01 or 0.99,
respectively. (The same value is given in the macro variable &DFPVALUE returned
by the %DFPVALUE macro, which is used by the %DFTEST macro to compute the
p-value.)

Results can be stored in SAS data sets with the OUT= and OUTSTAT= options.

Details
Minimum Observations

The minimum number of observations required by the %DFTEST macro depends on
the value of the DLAG= option. Letbe the sum of the differencing orders specified
by the DIF= option, let be the value of the TREND= option, and [ebe the value

of the AR= option. The minimum number of observations required is as follows:

DLAG= Min. Obs.
1 1+p+s+max(9,p+1t+2)
2 24+ p+s+max(6,p+t+2)
4 44+ p+s+max(4d,p+t+2)
12 | 124 p+s+max(12,p+t+2)

Observations are not used if they have missing values for the series or for any lag or
difference used in the autoregressive model.

LOGTEST Macro

The %LOGTEST macro tests whether a logarithmic transformation is appropriate for
modeling and forecasting a time series. The logarithmic transformation is often used
for time series that show exponential growth or variability proportional to the level of
the series.

The %LOGTEST macro fits an autoregressive model to a series and fits the same
model to the log of the series. Both models are estimated by the maximum likelihood
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method, and the maximum log likelihood values for both autoregressive models are
computed. These log likelihood values are then expressed in terms of the original
data and compared.

You can control the order of the autoregressive models. You can also difference the
series and the log transformed series before the autoregressive model is fit.

You can print the log likelihood values and related statistics (AIC, SBC, and MSE)
for the autoregressive models for the series and the log transformed series. You can
also output these statistics to a SAS data set.

Syntax
The %LOGTEST macro has the following form:
%LOGTEST( SAS-data-set , variable ,[options] )

The first argumentSAS-data-sespecifies the name of the SAS data set containing
the time series variable to be analyzed. The second arguwagizble specifies the
time series variable name to be analyzed.

The first two arguments are required. The following options can be used with the
%LOGTEST macro. Options must follow the required arguments and are separated
by commas.

AR=n
specifies the order of the autoregressive model fit to the series and the log transformed
series. The default is AR=5.

CONST= value
specifies a constant to be added to the series before transformation. Use the CONST=
option when some values of the series are 0 or negative. The series analyzed must be
greater than the negative of the CONST= value. The default is CONST=0.

DIF= ( differencing-list)
specifies the degrees of differencing applied to the original and log transformed se-
ries before fitting the autoregressive model. Tiféerencing-listis a list of positive
integers separated by commas and enclosed in parentheses. For example, DIF=(1,12)
specifies that the transformed series be differenced once at lag 1 and once at lag 12.
For more details, see tHEDENTIFY Statement’section on page 397 i@hapter 11,
“The ARIMA Procedure.”

OUT= SAS-data-set
writes the results to an output data set. The output data set includes a variable
TRANS identifying the transformation (LOG or NONE), the log likelihood value
(LOGLIK), residual mean square error (RMSE), Akaike Information Criterion (AIC),
and Schwarz’s Bayesian Criterion (SBC) for the log transformed and untransformed
cases.

PRINT=YES | NO
specifies whether the results are printed. The defaultis PRINT=NO. The printed out-
put shows the log likelihood value, residual mean square error, Akaike Information
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Criterion (AIC), and Schwarz’s Bayesian Criterion (SBC) for the log transformed and
untransformed cases.

Results

The result of the test is returned in the macro variable &LOGTEST. The value of
the &LOGTEST variable is ‘LOG’ if the model fit to the log transformed data has

a larger log likelihood than the model fit to the untransformed series. The value
of the &LOGTEST variable is ‘NONE’ if the model fit to the untransformed data
has a larger log likelihood. The variab®B OGTEST is set to ‘ERROR’ if the
%LOGTEST macro is unable to compute the test due to errors.

Results are printed when the PRINT=YES option is specified. Results are stored in
SAS data sets when the OUT= option is specified.

Details

Assume that a time seriek; is a stationarypth order autoregressive process with
normally distributed white noise innovations. That is,

(1-O(B)(Xi — px) = &

wherepy is the mean ofX;.

The log likelihood function ofX; is

h()= — gln(%)—hn(\zxxp—gm(a?)

e

L X - ) S X - 1)

2
204

wheren is the number of observation$,is the n-dimensional column vector of 1s,

ag is the variance of the white noisX, = (X1, - - -, X,,)’, andXxx is the covariance
matrix of X.

On the other hand, if the log transformed time selies- In(X; + ¢) is a stationary
pth order autoregressive process, the log likelihood functioki;af

()=~ 2In(2r) ~ Lin(|Syy)) ~ Sin(o?)

e

1 - n
— ﬁ(Y — ]_ILLy),Zyy l,uy Z Xt + C
e :

wherep,, is the mean ot;, Y = (Y7, ---,Y;,)’, andXy, is the covariance matrix of
Y.
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The %LOGTEST macro compares the maximum valuds (©f andiy(-) and deter-
mines which is larger.

The %LOGTEST macro also computes the Akaike Information Criterion (AIC),
Schwarz’s Bayesian Criterion (SBC), and residual mean square error based on the
maximum likelihood estimator for the autoregressive model. For the mean square
error, retransformation of forecasts is based on Pankratz (1983, pp. 256-258).

After differencing as specified by the DIF= option, the process is assumed to be

a stationary autoregressive process. You may wish to check for stationarity of the
series using the %DFTEST macro. If the process is not stationary, differencing with

the DIF= option is recommended. For a process with moving average terms, a large
value for the AR= option may be appropriate.

Financial Functions

This section contains the data step financial functions provided with SAS/ETS soft-
ware in addition to the financial functions in Base SAS software. Ref&8AS
Language Reference: Functions and CALL Routifeesmore details on data step
functions in general, and for other financial functions not described in this chapter.

The PMT, CUMIPMT, CUMPPMT, PPMT, and IPMT functions are focused on cal-
culations of loans and savings. The EFFRATE and NOMRATE functions perform
conversion between effective and nominal interest rates depending on compounding
intervals. TIMEVALUE and SAVINGS functions perform time value of money cal-
culations with interest rates that vary over time.

CUMIPMT Function

The CUMIPMT function returns the cumulative interest paid on a loan between
StartPeriodandEndPeriod

Syntax
CUMIPMT( Rate, NumberOfPeriods, PrincipalAmount, StartPeriod, EndPeriod, ype

Rate specifies the interest rate per payment period. The argument
Rateis required.

NumberOfPeriods specifies the number of payment periods. The argument
NumberOfPeriodss required. It needs to have a positive in-
teger value.

PrincipalAmount  specifies the principal amount of the loan. The argument
PrincipalAmountis required. Zero is assumed if a missing
value is specified.

StartPeriod specifies the start period for the calculation.
EndPeriod specifies the end period for the calculation.
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specifies whether the payments are at the beginning or end of
a period. 0 represents end of period payments and 1 represents
beginning of period payments. 0 (end of period payments) is
assumed if omitted or a missing value is specified.

The cumulative interest paid during the second year of the loan on a $125,000 30-
year loan with end of period monthly payments and a hominal annual rate is 9% is

specified as:

Totallnterest = CUMIPMT (.09/12, 360, 125000, 13, 24, 0);

and returns 11,135.23.

The interest paid on the first period of the same loan is specified as:

first_period_interest = CUMIPMT (.09/12, 360, 125000, 1, 1, 0);

and returns 937.50.

CUMPRINC Function

The CUMPRINC function returns the cumulative principal paid on a loan between
StartPeriodandEndPeriod

Syntax

CUMPRINC( Rate, NumberOfPeriods, PrincipalAmount, StartPeriod, EndPeriod, Type

Rate

NumberOfPeriods

PrincipalAmount

StartPeriod
EndPeriod

Type

specifies the interest rate per payment period. The argument
Rateis required.

specifies the number of payment periods. The argument
NumberOfPeriodss required. It needs to have a positive in-
teger value.

specifies the principal amount of the loan. The argument
PrincipalAmountis required. Zero is assumed if a missing
value is specified.

specifies the start period for the calculation.
specifies the end period for the calculation.

specifies whether the payments are at the beginning or end of a
period. ‘0’ represents end of period payments and ‘1’ represents
beginning of period payments. ‘0’ (end of period payments) is
assumed if omitted or a missing value is specified.
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The cumulative principal paid during the second year of a $125,000 30-year loan with
end of period monthly payments and a nominal annual rate of 9% is specified as:

PrincipalYear2 = CUMRINC (0.09/12, 360, 125000, 12, 24, 0);

and returns 934.107.

The principal paid on the second year of the same loan with beginning of period
payments is specified as:

PrincipalYear2b = CUMPRINC (0.09/12, 360, 125000, 12, 24, 1);

and returns 927.153.

EFFRATE Function

The EFFRATE function returns the effective annual interest rate. EFFRATE com-
putes the effective annual interest rate corresponding to a nominal annual interest
rate.

Syntax
EFFRATE( Compoundinginterval, Rafe

Compoundinglinterval is a SAS interval. This is how ofteRatecompounds.

Rate is a numeric. This is a nominal annual interest rate
(expressed as a percentage) that is compounded each
Compoundinglinterval

Details
e The values for rates must be at least -99.

e Consider a nominal intereRateand a compounding@ompoundinginterval
If Compoundingintervalis ‘CONTINUOUS, the value returned by
EFFRATECompoundinginterval, Ratequals

eRate/lOO_l
If Compoundinginterval is not ‘CONTINUOUS, and m

Compoundinginterval occur in a year, the value returned by
EFFRATECompoundinginterval, Ratequals

Rate \™
1 -1
( + 100 m>

e Valid values for Compoundingintervalare: ‘CONTINUOUS, ‘DAY,
‘SEMIMONTH, ‘MONTH, ‘QUARTER, ‘'SEMIYEAR, and ‘YEAR.

o If Intervalis ‘DAY, then m = 365.
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Suppose a nominal rate is 10%. The corresponding effective rate when interest is
compounded monthly can be expressed as

effective_ratel = EFFRATE ("MONTH" 10);

Again, suppose a nominal rate is 10%. The corresponding effective rate when interest
is compounded quarterly can be expressed as

effective_rate2 = EFFRATE ("QUARTER", 10);

IPMT Function

The IPMT function returns the interest payment for a given period for a constant
payment loan or the periodic saving for a future balance.

Syntax

IPMT( Rate, Period, NumberOfPeriods, PrincipalAmount, FutureAmount, Yype

Rate

Period

NumberOfPeriods

PrincipalAmount

FutureAmount

Type

specifies the interest rate per payment period. The argument
Rateis required.

specifies the payment period for which the interest payment
is computed. The argumeReriod is required. Period needs

to have a positive integer value less than or equal to the
NumberofPeriods

specifies the number of payment periods. The argument
NumberOfPeriodss required. It needs to have a positive in-
teger value.

specifies the principal amount of the loan. The argument
PrincipalAmountis required. Zero is assumed if a missing
value is specified.

specifies the future amount, either outstanding balance after
NumberOfPeriodén case of a loan or the future balance of pe-
riodic savings. Zero is assumed if omitted or a missing value is
specified.

specifies whether the payments are at the beginning or end of a
period. ‘0’ represents end of period payments and ‘1’ represents
beginning of period payments. ‘0’ (end of period payments) is
assumed if omitted or a missing value is specified.
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The interest payment on the first periodic payment for a $8,000 loan where the nom-
inal annual rate is 10% and there are 36 end of period monthly payments is specified
as:

InterestPaidl = IPMT(0.1/12, 1, 36, 8000);

and returns 66.67.

If the same loan has beginning of period payments then:
InterestPaid2 =IPMT(.1/12, 1, 36, 8000, 0, 1);
and returns 0.0.
InterestPaid3 =IPMT(.1, 3, 3, 8000);
returns 292.447.
InterestPaid4 = IPMT(0.09/12, 359, 360,125000,0, 1);

returns 7.4314473.

NOMRATE Function

The NOMRATE function returns the nominal annual interest rate. NOMRATE com-
putes the nominal annual interest rate corresponding to an effective annual interest
rate.

Syntax
NOMRATE( Interval, Rate)

Interval is a SAS interval. This is how often the returned value is com-
pounded.
Rate is a numeric. This is an effective annual interest rate (expressed as

a percentage) that is compounded ektarval.
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Details

e The values for rates must be at least -99.

e Consider an effective interesRate and a compoundinginterval.  If
Compoundinginterval is “CONTINUOUS”, the value returned by
NOMRATE(Interval, Raté equals

Rate
1 1
e ( BT )
If Compoundinglntervails not “CONTINUOUS” andm Intervak occur in a
year, the value returned by NOMRATIE{erval, Rat¢ equals
Rate\ =
ate '\ ™
1 —1
" (( * 100) >

e Valid values for Compoundingintervalare: “CONTINUOUS”, “DAY”,
“SEMIMONTH?”, “MONTH?”", “QUARTER”, “SEMIYEAR”, and “YEAR".

o If Intervalis “DAY”, then m = 365.

Examples

Suppose an effective rate is 10% when compounding monthly. The corresponding
nominal rate can be expressed as

effective_ratel = NOMRATE ("MONTH", 10);

Suppose an effective rate is 10% when compounding quarterly. The corresponding
nominal rate can be expressed as

effective_rate2 = NOMRATE ("QUARTER", 10);

PMT Function

The PMT function returns the periodic payment for a constant payment loan or the
periodic saving for a future balance.
Syntax

PMT( Rate, NumberOfPeriods, PrincipalAmount, FutureAmount, Jype

Rate specifies the interest rate per payment period. The argu-
menRateis required.

NumberOfPeriods specifies the number of payment periods. The
NumberOfPeriodsis required. = NumerofPeriods needs to
have a positive integer value.
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PrincipalAmount  specifies the principal amount of the loan. The argument
PrincipalAmountis a required argument. Zero is assumed if
a missing value is specified.

FutureAmount specifies the future amount, either outstanding balance after
NumberOfPeriodin case of a loan or the future balance of pe-
riodic savings. Zero is assumed if omitted or a missing value is
specified.

Type specifies whether the payments are at the beginning or end of a
period. ‘0’ represents end of period payments and 1 represents
beginning of period payments. ‘0’ (end of period payments) is
assumed if omitted or a missing value is specified.

Examples

The monthly payment for a $10,000 loan with a nominal annual rate of 8% and 10
end of month payments is specified as:

Paymentl = PMT (0.08/12, 10, 10000, 0, 0);
or

Paymentl = PMT (0.08/12, 10, 10000);

and returns 1037.03.

If the same loan has beginning of period payments then:

Payment2 = PMT (0.08/12, 10, 10000, 0, 1);

and returns 1030.16.

If you loan $5000 to be paid back to you in 5 monthly payments earning a 12% annual
nominal rate, it is specified as:

Payment3= PMT (.01, 5, -5000);

and returns -1030.20

The monthly periodic savings over 18 years earning a 6% annual nominal interest
rate which would accumulate $50,000 at the end of the 18 years is specified as:

payment3 = PMT (0.06/12, 216, 0, 50000, 0);

and returns 129.081.
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PPMT Function

The PPMT function returns the principal payment for a given period for a constant
payment loan or the periodic saving for a future balance.

Syntax

PPMT( Rate, Period, NumberOfPeriods, PrincipalAmount, FutureAmount, ype

Rate

Period

NumberOfPeriods

PrincipalAmount

FutureAmount

Type

Examples

specifies the interest rate per payment period. The argument
Rateis required.

specifies the payment periods for which the principal pay-
ment is computed. The argumePériod is required. Period
needs to have a positive integer value less than or equal to the
NumberofPeriods

specifies the number of payment periods. The argument
NumberOfPeriodss required. It needs to have a positive in-
teger value.

specifies the principal amount of the loan. The argument
PrincipalAmountis a required argument. Zero is assumed if
a missing value is specified.

specifies the future amount, either outstanding balance after
NumberOfPeriod#n case of a loan or the future balance of pe-
riodic savings. ‘0’ is assumed if omitted or a missing value is
specified.

specifies whether the payments are at the beginning or end of a
period. ‘0’ represents end of period payments and 1 represents
beginning of period payments. ‘0’ (end of period payments) is
assumed if omitted or a missing value is specified.

The principal payment amount of the first monthly periodic payment for a 2 year
$2,000 loan with a nominal annual rate of 10% is specified as:

PrincipalPayment = PPMT(.1/12, 1, 24, 2000);

and returns 75.62.

A 3-year $20,000 loan with beginning of month payments is specified as:

PrincipalPayment2

=PPMT(.1/12, 1, 36, 20000, O, 1);

and returns $640.10 as the principal paid with the first payment.

An end-of-month payment loan with an outstanding balance of $5,000 at the end of
3 years is specified as:
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PrincipalPayment3 =PPMT(.1/12, 1, 36, 20000, 5000, 0);

and returns $389.914 as the principal paid with the first payment.

SAVINGS Function

Syntax

The SAVINGS function returns the balance of a periodic savings using variable in-

terest rates.

SAVINGS( BaseDate,
Depositinterval, Compoundinginterval, Date-1, Ratd-1 Date-2, Rate-2, ].

Details

)

BaseDate

InitialDepositDate

DepositAmount

DepositNumber
Depositinterval

Compoundinglinterval
Date-i

Rate-i

InitialDepositDate, DepositAmount, DepositNumber,

is a SAS date. The returned value is the balance of the sav-
ings atBaseDate

is a SAS date. This is the date of the first deposit.
Subsequent deposits are at the beginning of subsequent de-
posit intervals.

is a numeric. All deposits are assumed constant. This is the
value of each deposit.

is a positive integer. This is the number of deposits.

is a SAS interval. This is the frequency at which you make
deposits.

is a SAS interval. This is the compounding interval.

is a SAS date. Each date is paired with a rate. The date
Date-iis the time thaRate-itakes effect.

is a numeric percentage. Each rate is paired with a date. The
rateRate-iis the interest rate that starts Date-i.

e The values for rates must be between -99 and 120.
e Depositintervaktannot be ‘CONTINUOUS’
e The list of date-rate pairs does not need to be given in chronological order.

e When multiple rate changes occur on a single date, SAS applies only the final
rate listed for that date.

e Simple interest is applied for partial periods.

e There must be a valid date-rate pair whose date is at or prior to both the
InitialDepositDateandBaseDate
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Examples

Suppose you deposit $300 monthly for two years into an account that compounds
quarterly at an annual rate of 4%. The balance of the account after five years can be
expressed as

amount_basel = SAVINGS ("01jan2005"d, "01jan2000"d, 300, 24,
"MONTH", "QUARTER", "01jan2000"d, 4.00);

Suppose the interest rate increases by a quarter-point each year. Then the balance of
the account could be expressed as

amount_base2 = SAVINGS ("01jan2005"d, "01jan2000"d, 300, 24,
"MONTH", "QUARTER", "01jan2000"d, 4.00,
"01ljan2001"d, 4.25, "01jan2002"d, 4.50,
"01jan2003"d, 4.75, "01jan2004"d, 5.00);

If you want to know the balance after one year of deposits, the following statement
setsamount_base3 to the desired balance.

amount_base3 = SAVINGS ("01jan2001"d, "01jan2000"d, 300, 24,
"MONTH", "QUARTER", "01jan2000"d, 4);

Recall that SAS ignores deposits after the base date, so the deposits after the
ReferenceDatdo not affect the returned value.

TIMEVALUE Function

The TIMEVALUE function returns the equivalent of a reference amount at a base
date using variable interest rates. TIMEVALUE computes the time-value equivalent
of a date-amount pair at a specified date.

Syntax

TIMEVALUE( BaseDate, ReferenceDate, ReferenceAmount, Compoundinginterval,
Date-1, Rate-1 , Date-2, Rate-2, ].)

BaseDate is a SAS date. The returned value is the time value of
ReferenceAmouiat BaseDate

ReferenceDate is a SAS date. This is the date RéferenceAmount
ReferenceAmount is a numeric. This is the amountReferenceDate
Compoundinginterval is a SAS interval. This is the compounding interval.

Date-i is a SAS date. Each date is paired with a rate. The date
Date-iis the time thaRate-itakes effect.

Rate-i is a numeric percentage. Each rate is paired with a date. The
rateRate-iis the interest rate that starts Date-i.
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Details

e The values for rates must be between -99 and 120.
e The list of date-rate pairs does not need to be sorted by date.

e When multiple rate changes occur on a single date, SAS applies only the final
rate listed for that date.

e Simple interest is applied for partial periods.

e There must be a valid date-rate pair whose date is at or prior to both the
ReferenceDatandBaseDate

Examples

You can express the accumulated value of an investment of $1,000 at a nominal in-
terest rate of 10% compounded monthly for one year as

amount_basel = TIMEVALUE ("01jan2001"d, "01jan2000"d, 1000,
"MONTH", "01jan2000"d, 10);

If the interest rate jumps to 20% halfway through the year, the resulting calculation
would be

amount_base2 = TIMEVALUE ("01jan2001"d, "01jan2000"d, 1000,
"MONTH",
"01jan2000"d, 10, "01jul2000"d, 20);

Recall that the date-rate pairs do not need to be sorted by date. This flexibility allows
amount_base2 andamount_base3 to assume the same value.

amount_base3 = TIMEVALUE ("01jan2001"d, "01jan2000"d, 1000,
"MONTH",
"01jul2000"d, 20, "01jan2000"d, 10);

Other Functions

PROBDF Function for Dickey-Fuller Tests

The PROBDF function calculates significance probabilities for Dickey-Fuller tests
for unit roots in time series. The PROBDF function can be used wherever SAS library
functions may be used, including DATA step programs, SCL programs, and PROC
MODEL programs.

Syntax

PROBDF(x, n[ , d[, type]] )
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X is the test statistic.

n is the sample size. The minimum value mfallowed depends
on the value specified for the second argum@ntFor d in the
set (1,2,4,6,12)nh must be an integer greater than or equal to
max(2d, 5); for other values ofl the minimum value of is 24.

d is an optional integer giving the degree of the unit root tested for.
Specifyd = 1 for tests of a simple unit roatl — B). Specifyd
equal to the seasonal cycle length for tests for a seasonal unit root
(1 —B4). The default value ofl is 1; that is, a test for a simple
unit root (1 — B) is assumed ifl is not specified. The maximum
value ofd allowed is 12.

type is an optional character argument that specifies the type of test
statistic used. The values tyfpeare

SZM studentized test statistic for the zero mean (no intercept)
case

RZM regression test statistic for the zero mean (no intercept) case
SSM studentized test statistic for the single mean (intercept) case
RSM regression test statistic for the single mean (intercept) case
STR studentized test statistic for the deterministic time trend case
RTR regression test statistic for the deterministic time trend case

The values STR and RTR are allowed only whes 1. The de-
fault value oftypeis SZM.

Details
Theoretical Background

When a time series has a unit root, the series is nonstationary and the ordinary least
squares (OLS) estimator is not normally distributed. Dickey (1976) and Dickey and
Fuller (1979) studied the limiting distribution of the OLS estimator of autoregressive
models for time series with a simple unit root. Dickey, Hasza, and Fuller (1984)
obtained the limiting distribution for time series with seasonal unit roots.

Consider thef+1)th order autoregressive time series
Yi=aYi g +wY o+ +apYip1t+e
and its characteristic equation
mPt1 — armP — a2mp—1 — i —ap1 =0

If all the characteristic roots are less than 1 in absolute vatués stationary. Y;
is nonstationary if there is a unit root. If there is a unit root, the sum of the autore-
gressive parameters is 1, and, hence, you can test for a unit root by testing whether
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the sum of the autoregressive parameters is 1 or not. For convenience, the model is
parameterized as

VY, =0V, 1 +01VY 1+ -+ 0,VY )+ e
whereVY; =Y, — Y;_; and

d=o1+ - F+ap—1

O = —Qpi1 — - — apt1

The estimators are obtained by regressing, on Y;_1,VY;_1,---, VY;_,. Thet
statistic of the ordinary least squares estimatarisfthe test statistic for the unit root
test.

If the TREND=1 option is used, the autoregressive model includes a mearngerm
If TREND=2, the model also includes a time trend term and the model is as follows:

VY,=ag+yt+0Y 1 +OVY1 4+ +0,VYi ), + e
For testing for a seasonal unit root, consider the multiplicative model
(1 -agBY)(1—6,B—---—0,B")Y, = ¢
Let V?Y;=Y; — Y;_4. The test statistic is calculated in the following steps:

1. Regres&/Y; onV?Y;_;---V9Y;_, to obtain the initial estimato® and com-
pute residualg,. Under the null hypothesis that; = 1, 6; are consistent esti-
mators ofo;.

2. Regresg; on(1 — 0B — --- — 0,BP)Y;_q,V9Y;_y, ---, V?Y;_,to obtain es-
timates of§ = oy — 1 and6; — 0;.

Thet ratio for the estimate of produced by the second step is used as a test statistic
for testing for a seasonal unit root. The estimate$;adre obtained by adding the
estimates of); — §; from the second step té from the first step. The estimates

of ag — 1 and#; are saved in the OUTSTAT= data set if the OUTSTAT= option is
specified.

The serieg1 — B?)Y; is assumed to be stationary, whelis the value of the DLAG=
option.

If the OUTSTAT= option is specified, the OUTSTAT= data set contains estimates
0,01, -, 0.

If the series is an ARMA process, a large value of the AR= option may be desirable
in order to obtain a reliable test statistic. To determine an appropriate value for the
AR= option for an ARMA process, refer to Said and Dickey (1984).
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Test Statistics

The Dickey-Fuller test is used to test the null hypothesis that the time series exhibits a
lagd unit root against the alternative of stationarity. The PROBDF function computes
the probability of observing a test statistic more extreme thamder the assumption

that the null hypothesis is true. You should reject the unit root hypothesis when
PROBDF returns a small (significant) probability value.

There are several different versions of the Dickey-Fuller test. The PROBDF function
supports six versions, as selected by tyyge argument. Specify thgypevalue that
corresponds to the way that you calculated the test statistic

The last two characters of thgpevalue specify the kind of regression model used
to compute the Dickey-Fuller test statistic. The meaning of the last two characters of
thetypevalue are as follows.

ZM zero mean or no intercept case. The test statisi@assumed to be
computed from the regression model

Yt = QqYi—qd + €t

SM single mean or intercept case. The test statisticassumed to be
computed from the regression model

Yt = oo + aqyp—q + €t

TR intercept and deterministic time trend case. The test stakisic
assumed to be computed from the regression model

Yyt = o+t +oaryi—1 + e

The first character of thgypevalue specifies whether the regression test statistic or
the studentized test statistic is used. &igbe the estimated regression coefficient for
thedth lag of the series, and let; be the standard error éf;. The meaning of the
first character of theypevalue is as follows.

R the regression coefficient-based test statistic. The test statistic is
x=n(dqg—1)

S the studentized test statistic. The test statistic is

(g —1)
S€a

Refer to Dickey and Fuller (1979) and Dickey, Hasza, and Fuller (1984) for more
information about the Dickey-Fuller test null distribution. The preceding formulas
are for the basic Dickey-Fuller test. The PROBDF function can also be used for
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the augmented Dickey-Fuller test, in which the error tegnis modeled as an au-
toregressive process; however, the test statistic is computed somewhat differently
for the augmented Dickey-Fuller test. Refer to Dickey, Hasza, and Fuller (1984) and
Hamilton (1994) for information about seasonal and nonseasonal augmented Dickey-
Fuller tests.

The PROBDF function is calculated from approximating functions fit to empirical
quantiles produced by Monte Carlo simulation employlog replications for each
simulation. Separate simulations were performed for selected valuesiuod for
d=1,2,4,6,12.

The maximum error of the PROBDF function is approximately0—3 for d in the

set (1,2,4,6,12) and may be slightly larger for otberalues. (Because the number

of simulation replications used to produce the PROBDF function is much greater

than the 60,000 replications used by Dickey and Fuller (1979) and Dickey, Hasza,

and Fuller (1984), the PROBDF function can be expected to produce results that are
substantially more accurate than the critical values reported in those papers.)

Examples

Suppose the data set TEST contains 104 observations of the time series variable Y,
and you want to test the null hypothesis that there exists a lag 4 seasonal unit root
in the Y series. The following statements illustrate how to perform the single-mean
Dickey-Fuller regression coefficient test using PROC REG and PROBDF.

data testl;

set test;

y4 = lag4(y);
run;

proc reg data=testl outest=alpha;
model y = y4 / noprint;
run;

data _null_;
set alpha;
Xx =100 * (y4 - 1),
p = probdf( x, 100, 4, "RSM" );
put p= pvalueb.3;
run;

To perform the augmented Dickey-Fuller test, regress the differences of the series on
lagged differences and on the lagged value of the series, and compute the test statistic
from the regression coefficient for the lagged series. The following statements illus-
trate how to perform the single-mean augmented Dickey-Fuller studentized test using
PROC REG and PROBDF.

data testl;
set test;
yl = lag(y);
yd = dif(y);
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yd1
yd3
run;

lagl(yd); yd2
lag3(yd); yd4

lag2(yd);
lag4(yd);

proc reg data=testl outest=alpha covout;
model yd = yl yd1l-yd4 / noprint;

run;
data _null_;
set alpha;
retain a;
if _type = 'PARMS’ then a =yl - 1;
if type_ = 'COV' & _NAME_ = 'YL’ then do;
x = a [ sqrt(yl);
p = probdf( x, 99, 1, "SSM" );
put p= pvalueb.3;
end;
run;

The %DFTEST macro provides an easier way to perform Dickey-Fuller tests. The
following statements perform the same tests as the preceding example.

%dftest( test, y, ar=4 );
%put p=&dftest;

References

Dickey, D. A. (1976), “Estimation and Testing of Nonstationary Time Series,”
Unpublished Ph.D. Thesis, lowa State University, Ames.

Dickey, D. A. and Fuller, W. A. (1979), “Distribution of the Estimation for
Autoregressive Time Series with a Unit RootJournal of the American
Statistical Association/4, 427-431.

Dickey, D. A., Hasza, D. P., and Fuller, W. A. (1984), “Testing for Unit Roots in
Seasonal Time SeriesJburnal of the American Statistical Associatjai®, 355-
367.

Fuller, W. A. (1976) Introduction to Statistical Time Serieslew York: John Wiley.

Hamilton, J. D. (1994)Time Series Analysigrinceton, NJ: Princeton University
Press.

Microsoft Excel 2000 Online Help, Redmond, WA: Microsoft Corp.

Pankratz, A. (1983)orecasting with Univariate Box-Jenkins Models: Concepts and
Cases New York: John Wiley.

Said, S. E. and Dickey, D. A. (1984), “Testing for Unit Roots in ARMA Models of
Unknown Order,"Biometrika 71, 599-607.

Taylor, J. M. G. (1986) “The Retransformed Mean After a Fitted Power
Transformation,” Journal of the American Statistical Associatjo81, 114-
118.

157



General Information ¢+ SAS Macros and Functions

158



Chapter 5
The SASECRSP Interface Engine

Chapter Contents

OVERVIEW . . . . e 161
GETTING STARTED . . . . . . . . e e e e e 161
Structure of a SAS Data Set Containing Time SeriesData. . . . . . . . 161
Reading CRSP DataFiles. . . . . ... ... ... ... .. ...... 162
Usingthe SASDATAStep. . . . . . . . o o i i it i e e e e e e 162
Using SAS Procedures. . . . . . . . . . . i i i e 162
Using CRSP Date Formats, Informats, and Functions . . . . . ... .. 162
SYNTAX . . e 162
The LIBNAME libref SASECRSP Statement . . . . . ... ... . ... 163
DETAILS . . . . . e 166
The SASOutputDataSet . . . . . ... .. ... .. ... ....... 166
Available Data Sets. . . . . . . . . ... .. 166
Understanding CRSP Date Formats, Informats, and Functians . . . . . 170
EXAMPLES . . . . . e 173
Example 5.1. Extracting a List of PERMNOs Using a RANGE. . . . . . 173
Example 5.2. Extracting Al PERMNOs Usinga RANGE. . . . . .. .. 175

Example 5.3. Extracting One PERMNO Using No RANGE, Wide Open177
Example 5.4. Extracting Selected PERMNOs in Range Using INSET= Qptidn
Example 5.5. Converting Dates Using the CRSP Date Functions. . . .181

REFERENCES. . . . . . . . . e 183
ACKNOWLEDGMENTS . . . . . . . 183



General Information ¢+ The SASECRSP Interface Engine

160



Chapter 5
The SASECRSP Interface Engine

Overview

The SASECRSP interface engine enables SAS users to access and process time series
data residing in CRSPAccess data files and provides a seamless interface between
CRSP and SAS data processing.

The SASECRSP engine uses the LIBNAME statement to enable you to specify which
time series you would like to read from the CRSPAccess data files, and how you
would like to perform selection on the CRSP set you choose to access. You choose
the daily CRSP data by specifying SETID=10, or the monthly CRSP data by speci-
fying SETID=20. You can select which securities you wish to access by specifying
PERMNO=number the primary key, or you can select which securities you wish

to access by specifying a secondary key, sucRBRMCO=number a secondary

key, a unique permanent identifier assigned by CRSP to all companies with issues on
the CRSP Stock Files, &#USIP=number a secondary key, assigned to individual
securities by the Standard and Poor’s CUSIP Servicé]@USIP=number a sec-
ondary key, historical cusip for a security, BICKER=character a secondary key,

ticker symbol for a security, d88ICCD=character a secondary key, standard indus-

trial classification code, and you can specify your range of dates for the selected time
series by using RANGE®egdt-enddf or specify an input SAS data set namset-
nameas input for issues with the INSETsétnameoption. The SAS Data step can

then be used to perform further subsetting and to store the resulting time series into
a SAS data set. You can perform more analysis if desired either in the same SAS
session or in another session at a later time. Since CRSP and SAS use three different
date representations, you can use the engine-provided CRSP date formats, informats,
and functions for flexible seamless programming.

SASECRSP for Version 9 supports Windows, Solaris 8 (SUNOS5.8), LINUX and
DEC/OSF Digital UNIX.

Getting Started

Structure of a SAS Data Set Containing Time Series Data

SAS requires time series data to be in a specific form that is recognizable by the SAS
System. This form is a two-dimensional array, called a SAS data set, whose columns
correspond to series variables and whose rows correspond to measurements of these
variables at certain time periods. The time periods at which observations are recorded
can be included in the data set as a time ID variable. The SASECRSP engine provides
a time ID variable calle€ALDT.
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Reading CRSP Data Files

The SASECRSP engine supports reading time series, events, and portfolios from
CRSPAccess data files. Only the series specified by the GRtHs written to the

SAS data set. The CRSP environment variable CRSEEESCAL must be defined

to allow the SASECRSP engine access to the CRSPAccess database calendars.

Using the SAS DATA Step

If desired, you can store the selected series in a SAS data set by using the SAS DATA
step. You can also perform other operations on your data inside the DATA step. Once

the data is stored in a SAS data set you can use it as you would any other SAS data
set.

Using SAS Procedures

You can print the output SAS data set by using the PRINT procedure and report infor-
mation concerning the contents of your data set by using the CONTENTS procedure.
You can create a view of the CRSPAccess data base by using the SQL procedure to
create your view using the SASECRSP engine in yitwef, along with the USING
clause.

Using CRSP Date Formats, Informats, and Functions

CRSP has historically used two different methods to represent dates, and SAS has
used a third. The SASECRSP engine provides 22 functions, 15 informats, and 10
formats to enable you to easily translate the dates from one internal representation
to another. See the sectidbnderstanding CRSP Date Formats, Informats, and
Functions”on page 170 for details.

Syntax

The SASECRSP engine uses standard engine syntax. Options used by SASECRSP
are summarized in the table below.
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Description Statement Option

specify a CRSPAccess setid wherd IBNAME libref SASECRSP  SETID=
10is daily and 20 monthly. This
is a required option.

specify the PERMNO of a secu- LIBNAME libref SASECRSP  PERMNO=
rity to be kept in the SAS data
set.

specify the PERMCO of a secu- LIBNAME libref SASECRSP PERMCO=
rity to be kept in the SAS data
set,

specify the CUSIP of a security LIBNAME libref SASECRSP  CUSIP=
to be kept in the SAS data set,

specify the HCUSIP of a secu- LIBNAME libref SASECRSP  HCUSIP=
rity to be keptin the SAS data
set,

specify the TICKER of a secu- LIBNAME libref SASECRSP  TICKER=
rity to be kept in the SAS data
set,

specify the SICCD of a security LIBNAME libref SASECRSP  SICCD=
to be keptin the SAS data set,

specify the range of data in for- LIBNAME libref SASECRSP  RANGE=
mat YYYYMMDD using the
crsp_begdtandcrsp_enddt

use a SAS data set namsetname LIBNAME libref SASECRSP  INSET=
as input for issues.

The LIBNAME libref SASECRSP Statement

LIBNAME libref SASECRSP ’'physical name options;

The CRSP environment variable CRSPCBASCAL must be defined to allow the
SASECRSP engine access to the CRSPAccess database calendars. Often your
CRSPDB_SASCAL will be pointing to the same path as yqysical name You

must use a fully qualified pathname. Yaquhysical namenust end with either a for-

ward slash if you are on a UNIX system, or a backward slash if you are on WINNT.

For a more complete description of SASECRSP set names, key fields, and date fields,
seeTable 5.1

The following options can be used in the LIBNAMibref SASECRSP statement:

SETID=crsp_setidnumber
specifies the CRSP set ID number where 10 is the daily data set ID and 20 is the
monthly data set ID number. Two possible valuesdmp_setidnumbemare 10 or
20. The SETID limits the frequency selection of time series that are included in the
SAS data set. SETID is a required option for the SASECRSP engine. Depending on
your host system, both should end in either a forward slash (UNIX) or a backward
slash (WINNT). For more details about the CRSPAcaesp_setidnumberrefer to
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“Using Multiple Products” in theCRSPAccess Database Format Installation Guide
As an example, to access monthly data, you would use the following statements:

LIBNAME myLib sasecrsp ’physical-name’
SETID=20;

PERMNO=crsp_permnumber
By default, the SASECRSP engine reads all PERMNOs in the CRSPAccess database
that you name in your SASECRSiBref. You can limit the time series read from the
CRSP database by specifying the PERMNO= option on your LIBNAME statement.
From a performance standpoint, the PERMNO= option does random access and reads
only the data for the PERMNOSs listed. You can also subset using random access
based on the secondary keys, PERMCO= option to read selected securities based on
the PERMCOs listed, CUSIP= option to read selected securities based on the the
CUSIPs listed, HCUSIP= option to read selected securities based on the HCUSIPs
listed, SICCD= option to read selected securities based on the SICCDs listed, and
TICKER= option to read selected securities based on the TICKERS listed. There is
no limit to the number otrsp_permnumbepptions that you can use. As an exam-
ple, to access monthly data for Microsoft Corporation and for International Business
Machine Corporation, you could use the following statements:

LIBNAME myLib sasecrsp 'physical-name’
SETID=20
PERMNO=10107
PERMNO=12490;

In like manner, secondary keys PERMCO, CUSIP, HCUSIP, SICCD and TICKER
may be used instead of PERMNO= option.

PERMCO=crsp_permcompany
There is no limit to the number @frsp_permcompanyptions that you can use.

CUSIP=crsp_cusip
There is no limit to the number afrsp_cusipoptions that you can use.

HCUSIP=crsp_hcusip
There is no limit to the number @frsp_hcusipoptions that you can use.

TICKER=crsp_ticker
There is no limit to the number afrsp_ticker options that you can use.

SICCD=crsp_siccd
There is no limit to the number afrsp_siccdoptions that you can use.

RANGE-="crsp_begdt-crspenddt’
To limit the time range of data read from the CRSPAccess database, specify the
RANGE= option in your SASECRSRbref, where crsp_begdtis the beginning
date in YYYYMMDD format andcrsp_enddtis the ending date of the range in
YYYYMMDD format. From a performance standpoint, the engine reads all the data
for a company and then restricts the data range before passing it back.
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As an example, to access monthly data for Microsoft Corporation and for
International Business Machine Corporation for the first quarter of 2000, you could
use the following statements:

LIBNAME myLib sasecrsp ’physical-name’
SETID=20
PERMNO=10107
PERMNO=12490
RANGE="19990101-19990331";

INSET="setname[,keyfieldname][,keyfieldtype][,datelfield][,date2field]
When you specify a SAS data set nansethameas input for issues, the SASECRSP
engine assumes a default PERMNO field containing selected CRSP PERMNOs is
present in the data set. If optional parameters are included, the first one is the
CRSPAccess supported key name, and the second is the key type. Version 9 sup-
ports the PERMNO key field on the INSET option, the PERMCO key field on the
INSET option, the CUSIP key field on the INSET option, the HCUSIP key field on
the INSET option, the SICCD key field on the INSET option, or the TICKER key
field on the INSET option. The third optional parameter is the beginning date or
event date, and the fourth is the ending date in YYYYMMDD format. For more de-
tails about the CRSPAccess keyfields and keyfieldtypes, refer to “Stock and Indices
Data Structures” in th€RSP Data Description Guide

The following example might be used to extract the data for a portfolio of four com-
panies to access monthly data where the range of dates is left open:

data testinl;

permno = 10107; output;
permno = 12490; output;
permno = 14322; output;
permno = 25788; output;

run;

LIBNAME mstk sasecrsp 'physical-name’
SETID=20
INSET="testin1’;

data a;
set mstk.prc;
run;

proc print data=a;
run;
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Suppose you want to restrict the dates for each PERMNO specifically.
The example below shows how to specify the INSET= option with the
'setname[ keyfieldname][,keyfieldtype][,datel1field][,date2fierameters:

data testin2;

permno = 10107; datel = 19990101; date2 = 19991231; output;
permno = 12490; datel = 19970101; date2 = 19971231; output;
permno = 14322; datel = 19990901; date2 = 19991231; output;
permno = 25788; datel = 19950101; date2 = 19950331; output;

run;

LIBNAME mstk2 sasecrsp 'physical-name’
SETID=20
INSET="testin2, PERMNO,PERMNO,DATE1,DATE2’;

data b;
set mstk2.prc;
run;

proc print data=b;
run;

Details

The SAS Output Data Set

You can use the SAS DATA step to write the selected CRSP data to a SAS data set.
This enables the user to easily analyze the data using SAS. The name of the output
data set is specified by you on the DATA statement. This causes the engine supervisor
to create a SAS data set using the specified name in either the SAS WORK library or,

if specified, the USER library.

The contents of the SAS data set include the DATE of each observation, the series
names of each series read from the CRSPAccess database, event variables, and the
label or description of each series/event.

Available Data Sets

Table 5.1shows the available data sets provided by the SASECRSP interface.
Missing values are represented as ‘.’ in the SAS data set. You can see the avail-
able data sets in the SAS LIBNAME window of the SAS windowing environment by
selecting the SASECRSP libref in the LIBNAME window that you have previously
used in your libname statement. You can use PROC PRINT and PROC CONTENTS
to print your output data set and its contents. You can view your SAS output ob-
servations by double clicking on the desired output data set libref in the libname
window of the SAS windowing environment. You can use PROC SQL along with the

SASECRSP engine to create a view of your SAS data set.
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Table 5.1. Data Sets Available
Dataset Fields Label Type
STKHEAD PERMNO PERMNO Numeric
Header Identification PERMCO PERMCO Numeric
and Summary Data COMPNO Nasdag Company Number Numeric
ISSUNO Nasdaq Issue Number Numeric
HEXCD Exchange Code Header Numeric
HSHRCD Share Code Header Numeric
HSICCD Standard Industrial Numeric
Classification Code
BEGDT Begin of Stock Data Numeric
ENDDT End of Stock Data Numeric
DLSTCD Delisting Code Header Numeric
HCUSIP CUSIP Header Characte
HTICK Ticker Symbol Header Characte
HCOMNAM Company Name Header Characte
NAMES PERMNO PERMNO Numeric
Name History Array NAMEDT Names Date Numeric
NAMEENDDT | Names Ending Date Numeric
SHRCD Share Code Numeric
EXCHCD Exchange Code Numeric
SICCD Standard Industrial Numeric
Classification Code
NCUSIP CUSIP Numeric
TICKER Ticker Symbol Characte
COMNAM Company Name Characte
SHRCLS Share Class Numeric
DISTS PERMNO PERMNO Numeric
Distribution Event DISTCD Distribution Code Numeric
Array DIVAMT Dividend Cash Amount Numeric
FACPR Factor to Adjust Price Numeric
FACSHR Factor to Adjust Share Numeric
DCLRDT Distribution Numeric
Declaration Date
EXDT Ex-Distribution Date Numeric
RCRDDT Record Date Numeric
PAYDT Payment Date Numeric
ACPERM Acquiring PERMNO Numeric
ACCOMP Acquiring PERMCO Numeric
SHARES PERMNO PERMNO Numeric
Shares Outstanding SHROUT Shares Outstanding Numeric
Observation Array SHRSDT Shares Outstanding Numeric
Observation Date Numeric
SHRENDDT Shares Outstanding Numeric
Observation End Date
SHRFLG Shares Outstanding Numeric
Observation Flag
DELIST PERMNO PERMNO Numeric
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Table 5.1. (continued)
Dataset Fields Label Type
Delisting DLSTDT Delisting Date Numeric
History Array DLSTCD Delisting Code Numeric
NWPERM New PERMNO Numeric
NWCOMP New PERMCO Numeric
NEXTDT Delisting Numeric
Next Price Date
DLAMT Delisting Amount Numeric
DLRETX Delisting Return Numeric
Without Dividends
DLPRC Delisting Price Numeric
DLPDT Delisting Amount Date Numeric
DLRET Delisting Return Numeric
NASDIN PERMNO PERMNO Numeric
Nasdaq Information TRTSCD Nasdaqg Traits Code Numeric
Array TRTSDT Nasdaq Traits Date Numeric
TRTSENDDT | Nasdaq Traits End Date Numeric
NMSIND Nasdaq National Market Numeric
Indicator
MMCNT Market Maker Count Numeric
NSDINX Nasd Index Code Numeric
PRC PERMNO PERMNO Numeric
Price or Bid/Ask CALDT Calendar Trading Date Numeric
Average Time Series PRC Price or Bid/Ask Aver Numeric
RET PERMNO PERMNO Numeric
Returns Time Series CALDT Calendar Trading Date Numeric
RET Returns Numeric
ASKHI PERMNO PERMNO Numeric
Ask or High CALDT Calendar Trading Date Numeric
Time Series ASKHI Ask or High Numeric
BIDLO PERMNO PERMNO Numeric
Bid or Low CALDT Calendar Trading Date Numeric
Time Series BIDLO Bid or Low Numeric
BID PERMNO PERMNO Numeric
Bid Time Series CALDT Calendar Trading Date Numeric
BID Bid Numeric
ASK PERMNO PERMNO Numeric
Ask Time Series CALDT Calendar Trading Date Numeric
ASK Ask Numeric
RETX PERMNO PERMNO Numeric
Returns without CALDT Calendar Trading Date Numeric
Dividends Time Series | RETX Returns w/o Dividends Numeric
SPREAD PERMNO PERMNO Numeric
Spread Between Bid CALDT Calendar Trading Date Numeric
and Ask Time Series SPREAD Spread Between Bid Ask Numeric
ALTPRC PERMNO PERMNO Numeric
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Dataset Fields Label Type
Price Alternate CALDT Calendar Trading Date Numeric
Time Series ALTPRC Price Alternate Numeric
VOL PERMNO PERMNO Numeric
Volume Time Series CALDT Calendar Trading Date Numeric
VOL Volume Numeric
NUMTRD PERMNO PERMNO Numeric
Number of Trades CALDT Calendar Trading Date Numeric
Time Series NUMTRD Number of Trades Numeric
ALTPRCDT PERMNO PERMNO Numeric
Alternate Price Date CALDT Calendar Trading Date Numeric
Time Series ALTPRCDT Alternate Price Date Numeric
PORT1 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 1 PORT1 Portfolio Assignment Numeric
for Portfolio Type 1 Numeric
STAT1 Portfolio Statistic Numeric
for Portfolio Type 1 Numeric
PORT2 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 2 PORT2 Portfolio Assignment Numeric
for Portfolio Type 2 Numeric
STAT2 Portfolio Statistic Numeric
for Portfolio Type 2 Numeric
PORT3 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 3 PORT3 Portfolio Assignment Numeric
for Portfolio Type 3 Numeric
STAT3 Portfolio Statistic Numeric
for Portfolio Type 3 Numeric
PORT4 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 4 PORT4 Portfolio Assignment Numeric
for Portfolio Type 4 Numeric
STAT4 Portfolio Statistic Numeric
for Portfolio Type 4 Numeric
PORT5 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 5 PORTS5 Portfolio Assignment Numeric
for Portfolio Type 5 Numeric
STATS Portfolio Statistic Numeric
for Portfolio Type 5 Numeric
PORT6 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 6 PORT6 Portfolio Assignment Numeric
for Portfolio Type 6 Numeric
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Table 5.1. (continued)

Dataset Fields Label Type
STAT6 Portfolio Statistic Numeric
for Portfolio Type 6 Numeric
PORT7 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 7 PORT7 Portfolio Assignment Numeric
for Portfolio Type 7 Numeric
STAT7 Portfolio Statistic Numeric
for Portfolio Type 7 Numeric
PORTS PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 8 PORTS Portfolio Assignment Numeric
for Portfolio Type 8 Numeric
STATS Portfolio Statistic Numeric
for Portfolio Type 8 Numeric
PORT9 PERMNO PERMNO Numeric
Portfolio Data for CALDT Calendar Trading Date Numeric
Portfolio Type 9 PORT9 Portfolio Assignment Numeric
for Portfolio Type 9 Numeric
STAT9 Portfolio Statistic Numeric
for Portfolio Type 9 Numeric

Understanding CRSP Date Formats, Informats, and

Functions

CRSP has historically used two different methods to represent dates, while SAS has
used a third. The three formats are SAS Dates, CRSP Dates, and Integer Dates.
The SASECRSP engine provides 22 functions, 15 informats, and 10 formats to en-
able you to easily translate the dates from one internal representation to another. A
SASECRSP libname assign must be active to use these date access methods. See
Example 5.5"Converting Dates Using the CRSP Date Functions.”

SAS dates are internally stored as the number of days since January 1, 1960. The
SAS method is an industry standard and provides a great deal of flexibility, including
a wide variety of informats, formats, and functions.

CRSP dates are designed to ease time series storage and access. Internally the dates
are stored as an offset into an array of trading days. Note that there are five different
CRSP trading day calendars: Annual, Quarterly, Monthly, Weekly, and Daily. The
CRSP method provides fewer missing values and makes trading period calculations
very easy. However, there are also many valid calendar dates that are not available in
the CRSP trading calendars, and care must be taken when using other dates.

Integer dates are a way to represent dates that are platform independent and maintain
the correct sort order. However, the distance between dates is not maintained.

The best way to illustrate these formats is with some sample data. The table below
only shows CRSP Daily and Monthly dates.
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Table 5.2. Date Representations for Daily and Monthly Data

Date SAS Date| CRSP Datel CRSP Date| Integer Date
(Daily) | (Monthly)

July 31, 1962 942 21 440 | 19620731

August 31, 1962 973 44 441 | 19620831

December 30, 1998 14,243 9190 NA* | 19981230

December 31, 1998 14,244 9191 877 | 19981231

* Not available if an exact match is requested.

Having an understanding of the internal differences in representing SAS dates, CRSP
dates, and CRSP integer dates will help you use the SASECRSP formats, informats,
and functions effectively. Always keep in mind the frequency of the CRSP calendar
that you are accessing when you specify a CRSP date.

The CRSP Date Formats

There are two types of formats for CRSP dates, and five frequencies are available for
each of the two types. The two types are exact dates (CRSPDT*) and range dates
(CRSPDRY¥*), where * can be A for annual, Q for quarterly, M for monthly, W for
weekly, or D for daily. The ten formats are: CRSPDTA, CRSPDTQ, CRSPDTM,
CRSPDTW, CRSPDTD, CRSPDRA, CRSPDRQ, CRSPDRM, CRSPDRW, and
CRSPDRD.

Here are some samples using the monthly and daily calendar as examples. The
Annual (CRSPDTA and CRSPDRA), Quarterly (CRSPDTQ and CRSPDRQ), and
the Weekly (CRSPDTW and CRSPDRW) work analogously.

Table 5.3.  Sample CRSPDT Formats for Daily and Monthly Data

CRSP Date | CRSPDTD8] CRSPDRD8. CRSPDTM8, CRSPDRMS8.
Date Daily , | Daily Date | Daily Monthly Monthly Range
Monthly Range Date
July 31,1962 21,440 19620731 | 19620731 +| 19620731 | 19620630-
19620731
August31,1962 | 44, 441 19620831 | 19620831 +| 19620831 | 19620801-
19620831
December30, | 9190, NA* | 19981230 | 19981230 +| NA* NA*
1998
December31, | 9191,877 | 19981231 | 19981231 +| 19981231 | 19981201-
19981231
1998

+ Daily ranges will look similar to Monthly Ranges if they are Mondays or imme-
diately following a trading holiday.
* When working with exact matches, no CRSP monthly date exists for December 30, 1998.

The @CRSP Date Informats

There are three types of informats for CRSP dates, and five frequencies are available
for each of the three types. The three types are exact (@CRSPDT*), range
(@CRSPDR?*), and backward (@CRSPDB*) dates, where * can be A for annual,
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Q for quarterly, M for monthly, W for weekly, or D for daily. The fifteen formats
are:. @CRSPDTA, @CRSPDTQ, @CRSPDTM, @CRSPDTW, @CRSPDTD,
@CRSPDRA, @CRSPDRQ, @CRSPDRM, @CRSPDRW, @CRSPDRD,
@CRSPDBA, @CRSPDBQ, @CRSPDBM, @CRSPDBW, and @CRSPDBD.

The five CRSPDT* informats find exact matches only. The five CRSPDR* informats
look for an exact match, and if it is not found it goes forward, matching the CRSPDR*
formats. The five CRSPDB* informats look for an exact match, and if it is not found
it goes backward. Here is a sample using only the CRSP monthly calendar as an
example, but the daily, weekly, quarterly, and annual frequencies work analogously.

Table 5.4. Sample @CRSP Date Informats Using Monthly Data
Input Date CRSP Date | CRSP Date | CRSP Date | CRSPDTM8. CRSPDRMS.
(Integer Date) | CRSPDTM | CRSPDRM | CRSPDBM | Monthly Monthly
Date Range

19620731 440 440 440 19620731 | 19620630-
19620731

19620815 .(missing) | 441 440 See below+ | See below*

19620831 441 441 441 19620831 | 19620801-
19620831

+ If missing, then missing. If 441, then 19620831. If 440, then 19620731.
* If missing, then missing. If 441, then 19620801-19620831. If 440, then
19620630-19620731.

The CRSP Date Functions

There are 22 date functions provided with the SASECRSP engine. These functions
are used internally by the engine, but also are available to the end users. There are
six groups of functions. The first four have five functions each, one for each CRSP
calendar frequency.

Table 5.5. CRSP Date Functions
Function Function Argument Argument Return
Group Name One Two Value
CRSP dates to Integer dates for December 31, 1998
Annual crspdcia 74 None 19981231
Quarterly crspdciq 293 None 19981231
Monthly crspdcim 877 None 19981231
Weekly crspdciw 1905 None 19981231
Daily crspdcid 9191 None 19981231
CRSP dates to SAS dates for December 31, 1998
Annual crspdcsa 74 None 14,244
Quarterly crspdcsq 293 None 14,244
Monthly crspdcsm 877 None 14,244
Weekly crspdcsw 1905 None 14,244
Daily crspdcsd 9191 None 14,244
Integer dates to CRSP dates exact is illustrated, but can be forward or backward
Annual | crspdica | 19981231 | 0 | 74
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Table 5.5. (continued)
Function Function Argument Argument Return
Group Name One Two Value
Quarterly crspdicq 19981231 0 293
Monthly crspdicm 19981231 0 877
Weekly crspdicw 19981231 0 1905
Daily crspdicd 19981231 0 9191
SAS dates to CRSP dates exact is illustrated, but can be forward or backward
Annual crspdsca 14,244 0 74
Quarterly crspdscq 14,244 0 293
Monthly crspdscm 14,244 0 877
Weekly crspdscw 14,244 0 1905
Daily crspdscd 14,244 0 9191
Integer dates to SAS dates for December 31, 1998
Integer to SAS | crspdi2s | 19981231 | None | 14,244
SAS dates to Integer dates for December 31, 1998
SAS to Integer | crspds2i | 14,244 | None | 19981231

Examples

Example 5.1. Extracting a List of PERMNOs Using a RANGE

This example specifies a list of PERMNOs that are desired from the monthly set of
CRSPAccess data. Suppose you want the range of data starting January 1, 1995, and

ending June 30, 1996.

titte2 'Define a range inside the data range ’;
titte3 'Valid trading dates (19890131--19981231)’;

titte4 "My range is ( 19950101-19960630

libname testitl sasecrsp '/mydata/crspeng/m_sampdata/’

setid=20

permno=81871
permno=82200
permno=82224
permno=83435
permno=83696
permno=83776
permno=84788

range='19950101-19960630’;

data a;
set testitl.ask;
run;

proc print data=a;
run;
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Output 5.1.1.  Printout of the ASK Monthly Time Series Data with RANGE

The SAS System
Define a range inside the data range
Valid trading dates (19890131--19981231)
My range is ( 19950101-19960630 )

Obs PERMNO CALDT ASK
1 81871 19950731 18.25000
2 81871 19950831 19.25000
3 81871 19950929 26.00000
4 81871 19951031 26.00000
5 81871 19951130 25.50000
6 81871 19951229 24.25000
7 81871 19960131 22.00000
8 81871 19960229 32.50000
9 81871 19960329 30.25000
10 81871 19960430 33.75000
11 81871 19960531 27.50000
12 81871 19960628 30.50000
13 82200 19950831 49.50000
14 82200 19950929 62.75000
15 82200 19951031 88.00000
16 82200 19951130 138.50000
17 82200 19951229 139.25000
18 82200 19960131 164.25000
19 82200 19960229 51.00000

20 82200 19960329 41.62500
21 82200 19960430 61.25000
22 82200 19960531 .

23 82200 19960628 62.50000
24 82224 19950929 46.50000
25 82224 19951031 48.50000
26 82224 19951130 47.75000
27 82224 19951229 49.75000
28 82224 19960131 49.00000
29 82224 19960229 47.00000
30 82224 19960329 53.00000
31 82224 19960430 55.50000
32 82224 19960531 .

33 82224 19960628 51.00000
34 83435 19960430 30.25000
35 83435 19960531 .

36 83435 19960628 21.00000
37 83696 19960628 19.12500
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Example 5.2. Extracting All PERMNOs Using a RANGE

If you want all PERMNOs extracted for the ASK time series from the monthly data
set, then you would not specify the PERMNO= option.

title2 'Define a range inside the data range ’;
title3 'Valid trading dates (19890131--19981231)’;
titte4 'My range is ( 19950101-19950228 )’;

libname testit2 sasecrsp '/mydata/crspeng/m_sampdata/’
setid=20
range='19950101-19950228’;

data b;
set testit2.ask;
run;

proc print data=b;
run;
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Output 5.2.1.  Printout of All PERMNOSs of ASK Monthly with RANGE

The SAS System
Define a range inside the data range
Valid trading dates (19890131--19981231)
My range is ( 19950101-19950228 )

Obs PERMNO CALDT ASK
1 10078 19950131 32.75000
2 10078 19950228 32.12500
3 10104 19950131 42.87500
4 10104 19950228 31.50000
5 10107 19950131 59.37500
6 10107 19950228 63.00000
7 10155 19950131 2.43750
8 10155 19950228 3.00000
9 10837 19950131 3.12500
10 10837 19950228 3.50000
11 11042 19950131 21.87500
12 11042 19950228 23.50000
13 11081 19950131 42.62500
14 11081 19950228 41.62500
15 14593 19950131 40.50000
16 14593 19950228 39.62500
17 40484 19950131 35.75000
18 40484 19950228 38.50000
19 44194 19950131 14.25000

20 44194 19950228 15.25000
21 49606 19950131 139.00000
22 49606 19950228 129.50000
23 50156 19950131 44.75000
24 50156 19950228 41.75000
25 50404 19950131 18.37500
26 50404 19950228 20.12500
27 59248 19950131 16.75000
28 59248 19950228 16.25000
29 59328 19950131 69.37500
30 59328 19950228 79.75000
31 75030 19950131 21.25000
32 75030 19950228 22.87500
33 76535 19950131 2.75000
34 76535 19950228 2.75000
35 76829 19950131 21.50000
36 76829 19950228 25.00000
37 77352 19950131 15.25000
38 77352 19950228 16.00000
39 77418 19950131 54.50000
40 77418 19950228 71.25000
41 77882 19950131 6.50000
42 77882 19950228 7.12500
43 78083 19950131 32.75000
44 78083 19950228 34.75000
45 78117 19950131 39.25000
46 78117 19950228 39.00000
47 78987 19950131 22.50000
48 78987 19950228 25.25000
49 81181 19950131 3.75000
50 81181 19950228 3.62500
51 91708 19950131

52 91708 19950228
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Example 5.3. Extracting One PERMNO Using No RANGE,
Wide Open

If you want the entire range of available data for one particular PERMNO extracted
from the monthly data set, then you would not specify the RANGE= option.

title2 'Select only PERMNO = 81871’;
title3 'Valid trading dates (19890131--19981231)’;
titte4 'No range option, leave wide open’;

libname testit3 sasecrsp '/mydata/crspeng/m_sampdata/’
setid=20
permno=81871;

data c;
set testit3.ask;
run;

proc print data=c;
run;
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Output 5.3.1.  Printout of PERMNO = 81871 of ASK Monthly without RANGE

The SAS System 1
Select only PERMNO = 81871
Valid trading dates (19890131--19981231)
No range option, leave wide open
Obs PERMNO CALDT ASK
1 81871 19950731 18.25000
2 81871 19950831 19.25000
3 81871 19950929 26.00000
4 81871 19951031 26.00000
5 81871 19951130 25.50000
6 81871 19951229 24.25000
7 81871 19960131 22.00000
8 81871 19960229 32.50000
9 81871 19960329 30.25000
10 81871 19960430 33.75000
11 81871 19960531 27.50000
12 81871 19960628 30.50000
13 81871 19960731 26.12500
14 81871 19960830 19.12500
15 81871 19960930 19.50000
16 81871 19961031 14.00000
17 81871 19961129 18.75000
18 81871 19961231 24.25000
19 81871 19970131 29.75000
20 81871 19970228 24.37500
21 81871 19970331 15.00000
22 81871 19970430 18.25000
23 81871 19970530 25.12500
24 81871 19970630 31.12500
25 81871 19970731 35.00000
26 81871 19970829 33.00000
27 81871 19970930 26.81250
28 81871 19971031 18.37500
29 81871 19971128 16.50000
30 81871 19971231 16.25000
31 81871 19980130 22.75000
32 81871 19980227 21.00000
33 81871 19980331 22.50000
34 81871 19980430 16.12500
35 81871 19980529 11.12500
36 81871 19980630 13.43750
37 81871 19980731 22.87500
38 81871 19980831 17.75000
39 81871 19980930 24.25000
40 81871 19981030 26.00000
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Example 5.4. Extracting Selected PERMNOs in Range Using
INSET= Option

You can select the PERMNOSs you want to extract and specify the range of data to
extract by defining afNSET such agestin2.

title2 'INSET=testin2 uses date ranges along with PERMNOs:’;

title3 10107, 12490, 14322, 25788’;
titte4 'Begin dates and end

data testin2;
permno
permno
permno
permno
run;

10107; datel
12490; datel
14322; datel
25778; datel

dates for each permno are used in the INSET’

19980731; date2
19970101; date2
19950731; date2
19950101; date2

19981231,
19971231,
19960131,
19950331,

output;
output;
output;
output;

libname mstk2 sasecrsp '/mydata/crspeng/m_sampdata/’ setid=20

inset="testin2, PERMNO,PERMNO,DATE1,DATEZ2’;

data b;

set mstk2.prc;

run;

proc print data=b;

run;
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Output 5.4.1.  Printout of PRC Monthly Time Series Using INSET= Option

The SAS System 1
Second INSET=testin2 uses date ranges along with PERMNOs:
10107, 12490, 14322, 25788
Begin dates and end dates for each permno are used in the INSET
Obs PERMNO CALDT PRC
1 10107 19980731 109.93750
2 10107 19980831 95.93750
3 10107 19980930 110.06250
4 10107 19981030 105.87500
5 10107 19981130 122.00000
6 10107 19981231 138.68750
7 12490 19970131 156.87500
8 12490 19970228 143.75000
9 12490 19970331 137.25000
10 12490 19970430 160.50000
11 12490 19970530 86.50000
12 12490 19970630 90.25000
13 12490 19970731 105.75000
14 12490 19970829 101.37500
15 12490 19970930 106.00000
16 12490 19971031 98.50000
17 12490 19971128 109.50000
18 12490 19971231 104.62500
19 14322 19950731 32.62500
20 14322 19950831 32.37500
21 14322 19950929 36.87500
22 14322 19951031 34.00000
23 14322 19951130 39.37500
24 14322 19951229 39.00000
25 14322 19960131 41.50000
26 25778 19950131 49.87500
27 25778 19950228 57.25000
28 25778 19950331 59.37500

If you prefer, you can use PERMCO, or CUSIP, or HCUSIP, or TICKER in your
inset= option instead of PERMNO to subset if you have them defined in your inset
data set.
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Example 5.5. Converting Dates Using the CRSP Date
Functions

This example shows how to use the CRSP date functions and formats. The
CRSPDTD formats are used for all tbespdt variables, while the YYMMDD format
is used for thesasdt variables.

titte2 'OUT= Data Set’;
titte3 'CRSP Functions for sasecrsp’;
titted ’'Always assign the libname sasecrsp first’;

libname mstk sasecrsp '/mydata/crspeng/m_sampdata/’ setid=20;

data a (keep = crspdt crspdt2 crspdt3

sasdt sasdt2 sasdt3
intdt intdt2 intdt3);

format crspdt crspdt2 crspdt3 crspdtd8.;

format sasdt sasdt2 sasdt3 yymmdde6.;

format intdt intdt2 intdt3 8.;

format exact 2;

crspdt = 1,

sasdt = ’'2jul1962'd;

intdt = 19620702;

exact = O;

~
*

Call the CRSP date to Integer function*/
intdt2 = crspdcid(crspdt);

~
*

Call the SAS date to Integer function*/
intdt3 = crspds2i(sasdt);

~

* Call the Integer to Crsp date function*/
crspdt2 = crspdicd(intdt,exact);

~

* Call the Sas date to Crsp date conversion function*/
crspdt3 = crspdscd(sasdt,exact);

~

* Call the CRSP date to SAS date conversion function*/
sasdt2 = crspdcsd(crspdt);

[* Call the Integer to Sas date conversion function*/
sasdt3 = crspdi2s(intdt);
run;

proc print;
run;

tittle2 'Proc CONTENTS showing formats for sasecrsp’;
proc contents data=a;
run;
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Output 5.5.1.  Printout of Date Conversions Using the CRSP Date Functions

The SAS System
OUT= Data Set
CRSP Functions for sasecrsp
Always assign the libname sasecrsp first

Obs crspdt  crspdt2 crspdt3  sasdt sasdt2 sasdt3 intdt intdt2 intdt3
1 19620702 19620702 19620702 620702 620702 620702 19620702 19620702 19620702
Proc CONTENTS showing formats for sasecrsp
CRSP Functions for sasecrsp

Always assign the libname sasecrsp first

The CONTENTS Procedure

Data Set Name: WORK.A Observations: 1
Member Type: DATA Variables: 9
Engine: V8 Indexes: 0
Created: 13:15 Monday, November 27, 2000 Observation Length: 72

Last Modified: 13:15 Monday, November 27, 2000 Deleted Observations: 0
Protection: Compressed: NO
Data Set Type: Sorted: NO
Label:

Data Set Page Size: 8192
Number of Data Set Pages: 1

First Data Page: 1

Max Obs per Page: 113

Obs in First Data Page: 1

Number of Data Set Repairs: 0

File Name: tmp/SAS_work67560000352F/a.sas7bdat
Release Created: 8.0202M0
Host Created: HP-UX

Inode Number: 414

Access Permission: rW-r--r--
Owner Name: saskff

File Size (bytes): 16384

# Variable Type Len Pos Format

1 crspdt Num 8 0 CRSPDTDS.
2 crspdt2 Num 8 8 CRSPDTDS.
3 crspdt3 Num 8 16 CRSPDTDS.
7 intdt Num 8 48 8.

8 intdt2 Num 8 56 8.

9 intdt3 Num 8 64 8.

4 sasdt Num 8 24 YYMMDD6.
5 sasdt2 Num 8 32 YYMMDD6.
6 sasdt3 Num 8 40 YYMMDDS6.
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Chapter 6
The SASEFAME Interface Engine

Overview

The SASEFAME interface engine enables SAS users to access and process time se-
ries data residing in a FAME database, and provides a seamless interface between
FAME and SAS data processing.

The SASEFAME engine uses the LIBNAME statement to enable you to specify
which time series you would like to read from the FAME database, and how you
would like to convert the selected time series to the same time scale. The SAS DATA
step can then be used to perform further subsetting and to store the resulting time
series into a SAS data set. You can perform more analysis if desired either in the
same SAS session or in another session at a later time.

SASEFAME for Release 8.2 supports Windows, Solaris2, AlX, and HP-UX hosts.

SASEFAME for Version 9 supports Windows, Solaris 8, AlX, LINUX and DEC/OSF
Digital UNIX.

Getting Started

Structure of a SAS Data Set Containing Time Series Data

SAS requires time series data to be in a specific form recognizable by the SAS
System. This form is a two-dimensional array, called a SAS data set, whose columns
correspond to series variables and whose rows correspond to measurements of these
variables at certain time periods. The time periods at which observations are recorded
can be included in the data set as a time ID variable. The SASEFAME engine pro-
vides a time ID variable named DATE.

Reading and Converting FAME Database Time Series

The SASEFAME engine supports reading and converting time series stored in FAME
databases. The SASEFAME engine uses the FAME WORK database to temporarily
store the converted time series. All series specified by the FAME wildcard are written
to the FAME WORK database. For conversion of very large databases, you may want
to define the FAMETEMP environment variable to point to a location where there

is ample space for FAME WORK. The FAME CHLI does not support writing more
than 2 gigabytes to the FAME WORK area, and when this happens SASEFAME wiill
terminate with a system error.
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Using the SAS DATA Step

If desired, you can store the converted series in a SAS data set by using the SAS
DATA step. You can also perform other operations on your data inside the DATA
step. Once your data is stored in a SAS data set you can use it as you would any other
SAS data set.

Using SAS Procedures

You can print the output SAS data set by using the PRINT procedure and report infor-
mation concerning the contents of your data set by using the CONTENTS procedure,
as inExample 6.1 You can create a view of the FAME database by using the SQL
procedure to create your view using the SASEFAME engine in ljoraf, along with

the using clause. Sé&example 6.5

Using Remote FAME Data Access

There are two ways to access your remote FAME databases. The first way is
to use your SAS/CONNECT capability to submit a remote SAS session to your
FAME server, and then use PROC DOWNLOAD to bring your results back to
your SAS client. Se&xample 6.6 Refer toCommunications Access Methods for
SAS/CONNECT and SAS/SHARE Software

The second way is an experimental feature of the SASEFAME interface that uses the
FAME CHLI to communicate with your remote FAME server by giving the frdb
port number and node name of your FAME master server in liomaf. SeeExample
6.7. Refer to “Starting the Master Server” in tliide to FAME Database Servers

Syntax

The SASEFAME engine uses standard engine syntax. Options used by SASEFAME
are summarized in the table below.

Description Statement Option
specifies the FAME frequencyLIBNAME libref SASEFAME CONVERT=
and the FAME technique.
specifies a FAME wildcard to LIBNAME libref SASEFAME ~ WILDCARD=
match data object series names
within the FAME database,
which limits the selection of
time series that are included
in the SAS data set.
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Syntax

The LIBNAME libref SASEFAME Statement
LIBNAME libref SASEFAME 'physical name’  options;

Sincephysical namespecifies the location of the folder where your FAME database
resides, it should end in a backslash if you are on a Windows platform, or a forward
slash if you are on a UNIX platform.

If you are accessing a remote FAME database using FAME CHLI, you can use the
following syntax forphysical name
"#port number \@hostname physical path name

The following options can be used in the LIBNAME libref SASEFAME statement:

CONVERT=(FREQ=fame_frequency TECH= fame_technique)

specifies the FAME frequency and the FAME technique just as you would in the
FAME CONVERT function. There are four possible values fame_technique
CONSTANT (default), CUBIC, DISCRETE, or LINEAR. All FAME frequencies
except PPY and YPP are supported by the SASEFAME engine. For a more
complete discussion of FAME frequencies and SAS time intervals see the section
“Mapping FAME Frequencies to SAS Time Intervalsti page 190. For all possible
fame_frequencyalues, refer to “Understanding Frequencies” inlthser's Guide to
FAME. As an example,

LIBNAME libref sasefame ’physical-name’
CONVERT=(TECH=CONSTANT FREQ=TWICEMONTHLY);

WILDCARD="fame_wildcard"

By default, the SASEFAME engine reads all time series in the FAME database that
you name in your SASEFAME libref. You can limit the time series read from the
FAME database by specifying the WILDCARD= option on your LIBNAME state-
ment. Thefame_wildcard is a quoted string containing the FAME wildcard you
wish to use. The wildcard is used against the data object names (time series only) in
the FAME database that resides in the library you are in the process of assigning. For
more information about wildcarding, see “Specifying Wildcards” intttser's Guide

to FAME

For example, to read all time series in the TEST library being accessed by the
SASEFAME engine, you would specify

LIBNAME test sasefame ’physical name of test database’
WILDCARD="2?",

To read series with names such asD¥TA, B_DATA, C_DATA, you could specify

LIBNAME test sasefame ’physical name of test database’
WILDCARD=""_DATA",
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When you use the WILD= option, you are limiting the number of time series that are
read and converted to the desired frequency. This option can help you save resources
when processing large databases or when processing a large number of observations,
such as daily, hourly, or minutely frequencies. Since the SASEFAME engine uses
the FAME WORK database to store the converted time series, using wildcards is
recommended to prevent your WORK space from getting too large.

Details

The SAS Output Data Set

You can use the SAS DATA step to write the FAME converted series to a SAS data
set. This allows the user the ability to easily analyze the data using SAS. You can
specify the name of the output data set on the DATA statement. This causes the
engine supervisor to create a SAS data set using the specified name in either the SAS
WORK library, or if specified, the USER library. For more about naming your SAS
data set see the section “Characteristics of SAS Data LibrarieSA® Language
Reference: Dictionary

The contents of the SAS data set include the DATE of each observation, the name of
each series read from the FAME database as specified by the WILDCARD option,
and the label or FAME description of each series. Missing values are represented
as '’ in the SAS data set. You can use PROC PRINT and PROC CONTENTS to
print your output data set and its contents. You can use PROC SQL along with the
SASEFAME engine to create a view of your SAS data set.

The DATE variable in the SAS data set contains the date of the observation. For
FAME weekly intervals that end on a Friday, FAME reports the date on the Friday
that ends the week whereas SAS reports the date on the Saturday that begins the
week. A more detailed discussion of how to map FAME frequencies to SAS Time
Intervals follows.

Mapping FAME Frequencies to SAS Time Intervals

The following table summarizes the mapping of FAME frequencies to SAS time inter-
vals. Itis important to note that FAME frequencies often have a sample unit in paren-
theses following the keyword frequency. This sample unit is an end-of-interval unit.
SAS dates are represented using begin-of-interval notation. For more on SAS time
intervals, see “Date Intervals, Formats, and FunctionsSAS/ETS User’s Guide

For more on FAME frequencies, see the section “Understanding Frequencies” in the
User’s Guide to FAME

FAME FREQUENCY SAS TIME INTERVAL
WEEKLY (SUNDAY) WEEK.2
WEEKLY (MONDAY) WEEK.3
WEEKLY (TUESDAY) WEEK.4
WEEKLY (WEDNESDAY) WEEK.5
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FAME FREQUENCY

SAS TIME INTERVAL

WEEKLY (THURSDAY)
WEEKLY (FRIDAY)
WEEKLY (SATURDAY)

BIWEEKLY (ASUNDAY)
BIWEEKLY (AMONDAY)
BIWEEKLY (ATUESDAY)
BIWEEKLY (AWEDNESDAY)
BIWEEKLY (ATHURSDAY)
BIWEEKLY (AFRIDAY)
BIWEEKLY (ASATURDAY)
BIWEEKLY (BSUNDAY)
BIWEEKLY (BMONDAY)
BIWEEKLY (BTUESDAY)
BIWEEKLY (BWEDNESDAY)
BIWEEKLY (BTHURSDAY)
BIWEEKLY (BFRIDAY)
BIWEEKLY (BSATURDAY)

BIMONTHLY (NOVEMBER)
BIMONTHLY

QUARTERLY (OCTOBER)
QUARTERLY (NOVEMBER)
QUARTERLY

ANNUAL (JANUARY)
ANNUAL (FEBRUARY)
ANNUAL (MARCH)
ANNUAL (APRIL)
ANNUAL (MAY)
ANNUAL (JUNE)
ANNUAL (JULY)
ANNUAL (AUGUST)
ANNUAL (SEPTEMBER)
ANNUAL (OCTOBER)
ANNUAL (NOVEMBER)
ANNUAL

SEMIANNUAL (JULY)
SEMIANNUAL (AUGUST)
SEMIANNUAL (SEPTEMBER)
SEMIANNUAL (OCTOBER)
SEMIANNUAL (NOVEMBER)
SEMIANNUAL

WEEK.6
WEEK.7
WEEK.1

WEEK2.2
WEEK2.3
WEEK2.4
WEEK2.5
WEEK2.6
WEEK2.7
WEEK2.1
WEEK?2.9
WEEK2.10
WEEK2.11
WEEK2.12
WEEK2.13
WEEK2.14
WEEK2.8

MONTH2.2
MONTH2.1

QTR.2
QTR.3
QTR.1

YEAR.2
YEAR.3
YEAR.4
YEAR.5
YEAR.6
YEAR.7
YEAR.8
YEAR.9
YEAR.10
YEAR.11
YEAR.12
YEAR.1

SEMIYEAR.2
SEMIYEAR.3
SEMIYEAR.4
SEMIYEAR.5
SEMIYEAR.6
SEMIYEAR.1
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FAME FREQUENCY SAS TIME INTERVAL
YPP not supported
PPY not supported
SECONDLY SECOND
MINUTELY MINUTE
HOURLY HOUR
DAILY DAY
BUSINESS WEEKDAY
TENDAY TENDAY
TWICEMONTHLY SEMIMONTH
MONTHLY MONTH
Examples

Example 6.1. Converting an Entire FAME Database

To enable conversion of all Time Series no wildcard is specified, so the default “?”
wildcard is used. Always consider both the number of time series and the number of
observations generated by the conversion process. The converted series are stored in
the FAME WORK database during the SAS DATA step. You may further limit your
resulting SAS data set by using KEEP, DROP, or WHERE statements inside your
data step.

The following statements convert a FAME database and print out its contents:

libname famedir sasefame .
convert=(freq=annual technique=constant);

libname mydir '/mine/data/europe/sas/oecdir’;

data mydir.a; /* add data set to mydir */
set famedir.oecdl;
/* do nothing special */
run;

proc print data=mydir.a; run;

In the above example, the FAME database is catledd1.db and it resides in the
famedir directory. The DATA statement names the SAS output datasetiich will
reside inmydir. All time series in the FAMEoecd1.db database will be converted
to an annual frequency and stored in thgdir.a SAS data set. The PROC PRINT
statement creates a listing of all of the observations imijdir.a SAS data set.
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Example 6.2. Reading Time Series from the FAME Database

Use the FAME wildcard option to limit the number of series converted. For example,
suppose you want to read only series starting with “WSPCA”. You could use the
following code:

libname libl sasefame ’/mine/data/econ_fame/sampdir’
wildcard="wspca?"
convert=(technique=constant freq=twicemonthly );

libname lib2 ’/mine/data/econ_sas/sampdir’;

data lib2.twild(label="Annual Series from the FAMEECON.db’);
set libl.subecon;
[* keep only */
keep date wspca;
run;

proc contents data=lib2.twild; run;

proc print data=lib2.twild; run;

The wildcard="wspca?” option limits reading only those series whose names begin
with WSPCA. The SAS KEEP statement further restricts the SAS data set to include
only the series named WSPCA and the DATE variable. The time interval used for the
conversion is TWICEMONTHLY.

Example 6.3. Writing Time Series to the SAS Data Set

You can use the KEEP or DROP statement to include or exclude certain series names
from the SAS data set.

libname famedir sasefame .’
convert=(freq=annual technique=constant);

libname mydir '/mine/data/europe/sas/oecdir’;
data mydir.a; /* add data set to mydir */
set famedir.oecdl,;
drop ita_dird--jpn_herd tur_dird--usa_herd;

run;

proc print data=mydir.a; run;

You can rename your SAS variables by using the RENAME statement.

option validvarname=any;

libname famedir sasefame '’
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convert=(freg=annual technique=constant);
libname mydir '/mine/data/europe/sas/oecdir’;

data mydir.a; /* add data set to mydir */

set famedir.oecdl,;

/* keep and rename */

keep date ita_dird--jpn_herd tur_dird--usa_herd;

rename ita_dird="ltaly.dirdes’n
jpn_dird="Japan.dirdes’n
tur_dird="Turkey.dirdes’n
usa_dird="UnitedStates.dirdes’n ;

run;

proc print data=mydir.a; run;

Example 6.4. Limiting the Time Range of Data

You may also limit the time range of the data in the SAS data set by using the WHERE
statement in the data step to process the time ID variable DATE only when it falls in
the range you are interested in.

libname famedir SASEFAME '’
convert=(freg=annual technique=constant);

libname mydir '/mine/data/europe/sas/oecdir’;

data mydir.a; /* add data set to mydir */
set famedir.oecd1l,;
/* where only */
where date between ’'01jan88'd and '31dec90'd,;
run;

proc print data=mydir.a; run;

All data for 1988, 1989, and 1990 are included in the SAS data set. Se®AtBe
Language: Reference, Versiorfar more information on KEEP, DROP, RENAME
and WHERE statements.
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Example 6.5. Creating a View Using the SQL Procedure and
SASEFAME

This example creates a view using the SQL procedure’s from and using clauses. See
SQL Procedure Guide, Versiorf@r details on SQL views.

titlel 'famesql5: PROC SQL Dual Embedded Libraries w/ FAME option’;
options validvarname=any;

/* Dual Embedded Library Allocations (With FAME Option) */

[** *% *% *% *% *% *% *% /

/* OECD1 Database */

/******************/

titte2 'OECD1: Dual Embedded Library Allocations
with FAME Option’;
proc sql;
create view fameview as
select date, ‘fin.herd’n
from libl.oecdl
using libname libl sasefame '/economic/databases/testdat’
convert=(tech=constant freq=annual),
libname temp ’/usr/local/scratch/mine’
quit;

titte2 'OECD1: Print of View from Embedded Library
with FAME Option’;

proc print data=fameview;

run;

Output 6.5.1.  Printout of the FAME View of OECD Data
PROC SQL Dual Embedded Librarys w/ FAME option
OECD1: Print of View from Embedded Library with Option

Obs DATE FIN.HERD

1 1985 1097.0
2 1986 1234.0
3 1987 1401.3
4 1988 1602.0
5 1989 1725.5
6 1990 1839.0
7 1991 .
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/* SUBECON Database */

/********************/

titte2 'SUBECON: Dual Embedded Library Allocations
with FAME Option’;
proc sql;
create view fameview as
select date, gaa
from libl.subecon
using libname libl sasefame ’leconomic/databases/testdat’
convert=(tech=constant freq=annual),
libname temp '/usr/local/scratch/mine’
quit;

titte2 'SUBECON: Print of View from Embedded Library
with FAME Option’;

proc print data=fameview;

run;
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PROC SQL Dual Embedded Librarys w/ FAME option
SUBECON: Print of View from Embedded Library with Option

Obs DATE GAA
1 1946
2 1947 .
3 1948 23174.00
4 1949 19003.00
5 1950 24960.00
6 1951 21906.00
7 1952 20246.00
8 1953 20912.00
9 1954 21056.00
10 1955 27168.00
11 1956 27638.00
12 1957 26723.00
13 1958 22929.00
14 1959 29729.00
15 1960 28444.00
16 1961 28226.00
17 1962 32396.00
18 1963 34932.00
19 1964 40024.00
20 1965 47941.00
21 1966 51429.00
22 1967 49164.00
23 1968 51208.00
24 1969 49371.00
25 1970 44034.00
26 1971 52352.00
27 1972 62644.00
28 1973 81645.00
29 1974 91028.00
30 1975 89494.00

31 1976 109492.00
32 1977 130260.00
33 1978 154357.00
34 1979 173428.00
35 1980 156096.00
36 1981 147765.00
37 1982 113216.00
38 1983 133495.00
39 1984 146448.00
40 1985 128521.99
41 1986 111337.99
42 1987 160785.00
43 1988 210532.00
44 1989 201637.00
45 1990 218702.00
46 1991 210666.00
47 1992

48 1993
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titte2 'DB77: Dual Embedded Library Allocations
with FAME Option’;
proc sql;
create view fameview as
select date, ann, 'gandom.x'n
from libl.db77
using libname libl sasefame ’/economic/databases/testdat’
convert=(tech=constant freq=annual),
libname temp '/usr/local/scratch/mine’
quit;

titte2 'DB77: Print of View from Embedded Library
with FAME Option’;

proc print data=fameview;

run;

Output 6.5.3.  Printout of the FAME View of DB77 Data

PROC SQL Dual Embedded Librarys w/ FAME option
DB77: Print of View from Embedded Library with Option

Obs DATE ANN QANDOM.X

1 1959 . 0.56147
2 1960 . 0.51031
3 1961
4 1962
5 1963
6 1964
7 1965
8 1966
9 1967
10 1968
11 1969
12 1970
13 1971
14 1972
15 1973
16 1974
17 1975
18 1976
19 1977
20 1978
21 1979

22 1980 100
23 1981 101
24 1982 102
25 1983 103
26 1984 104
27 1985 105
28 1986 106
29 1987 107
30 1988 109
31 1989 111
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/* DRIECON Database */

/********************/

title2 'DRIECON: Dual Embedded Library Allocations
with FAME Option’;
proc sql;
create view fameview as
select date, husts
from libl.driecon
using libname libl sasefame ’leconomic/databases/testdat’
convert=(tech=constant freq=annual),
libname temp ’/usr/local/scratch/mine’
quit;

title2 'DRIECON: Print of View from Embedded Library
with FAME Option’;

proc print data=fameview;

run;

Note that the SAS option VALIDVARNAME=ANY was used at the top of this exam-

ple due to special characters being present in the time series names. The output from
this example shows how each FAME view is the output of the SASEFAME engine’s
processing. Note that different engine options could have been used in the USING
LIBNAME clause if desired.
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Output 6.5.4.  Printout of the FAME View of DRI Basic Economic Data

PROC SQL Dual Embedded Librarys w/ FAME option
DRIECON: Print of View from Embedded Library with Option

Obs DATE HUSTS
1 1947 1.26548
2 1948 1.33470
3 1949 1.43617
4 1950 1.90041
5 1951 1.43759
6 1952 1.44883
7 1953 1.40279
8 1954 1.53525
9 1955 1.61970

10 1956 1.32400
11 1957 1.17300
12 1958 1.31717
13 1959 1.53450
14 1960 1.25505
15 1961 1.31188
16 1962 1.45996
17 1963 1.58858
18 1964 1.53950
19 1965 1.46966
20 1966 1.16507
21 1967 1.28573
22 1968 1.50314
23 1969 1.48531
24 1970 1.43565
25 1971 2.03775
26 1972 2.36069
27 1973 2.04307
28 1974 1.32855
29 1975 1.16164
30 1976 1.53468
31 1977 1.96218
32 1978 2.00184
33 1979 1.71847
34 1980 1.29990
35 1981 1.09574
36 1982 1.05862
37 1983 1.70580
38 1984 1.76351
39 1985 1.74258
40 1986 1.81205
41 1987 1.62914
42 1988 1.48748
43 1989 1.38218
44 1990 1.20161
45 1991 1.00878
46 1992 1.20159
47 1993 1.29201
48 1994 1.44684
49 1995 1.35845
50 1996 1.48336
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Example 6.6. Remote FAME Access, using SAS CONNECT

Suppose you are running SAS in a client/server environment and have
SAS/CONNECT capability allowing you access to your FAME server. You
could access your FAME remote data by signing on to your Fame server from your
client session and doing a remote submit to access your Fame data. You could then
use PROC DOWNLOAD to bring your remote data into the local client SAS session.

options validvarname=any;

%let remnode=mysunbox.unx.sas.com;
signon remnode.shr2; /* name the sastcpd service for the connection */
rsubmit;

%let FAME=%sysget(FAME);
%put(&FAME);

options validvarname=any;

libname libl sasefame "/usr/local/famelib/util"
convert=(frequency=annual technique=constant)
wildcard="?";

data oecdil;
set libl.oecdl;
run;

titte2 'OECD1: PRINT Procedure’;
proc print data=oecdl1(obs=10);
run;

titte2 'OECD1: CONTENTS Procedure’;
proc contents data=oecdl;
run;

proc sort data=oecdl;
by date;
run;

titte2 'OECD1: MEANS Procedure’;
proc means data=oecdl sum;

by date;

var ’fin.herd’'n;
run;

proc download inlib=work /* remote SASWORK */
outlib=work; /* local SASWORK */
run;

proc datasets lib=work;
contents data=_ ALL_;
run;
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endrsubmit;
signoff;

proc datasets lib=work; /* NOW the local work has the fame data */

contents data= ALL_;
run;
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Output 6.6.1.

Printout of the SAS/CONNECT Remote Access to FAME Data

Examples

Obs DATE DIRDES AUS.HERD DIRDES AUT.HERD DIRDES BEL.HERD DIRDES HEH

~NOoO b~ wWwNBE

Obs

~NOoO O~ WNBRE

Obs

~NOoO O~ WNRE

Obs

~NoOo b WNE

Obs

~N~No b wWNE

Obs

~NOoO b~ wWNBRE

***fameproc: Using FAME with a multitude of SAS Procs™*
OECD1: PRINT Procedure

AUS.

AUT.

BEL.

CAN.

1985 . 360.900 5990.60 334.700 14936.00 1345.90 1642
1986 680.400 881.70 341.300 15459.80 1435.30 1755
1987 725.800  983.80 369.200 16614.30 1486.50 1849

1988 750.000 1072.90

374.000 16572.70 1589.60 2006

CAN.

1989 18310.70 1737.00 2214
1990 18874.20 1859.20 2347
1991 1959.60 2488
CHE. DEU. DNK. ESP.
DIRDES CHE.HERD DIRDES DEU.HERD DIRDES DNK.HERD DIRDES ESP.HERI
. 2702.10 6695.70 191.300 1873.70 335.500 31987.0
366.600 900 . 7120.00 211.700 2123.00 354.800 36778.0
. . 3365.60 8338.50 232.700 2372.00 409.900 43667.0
632.100 1532  3538.60 8780.00 258.100 2662.00 508.200 55365.5
1648  3777.20 9226.60 284.800 2951.00 623.600 69270.5
2953.30 9700.00 723.600 78848.0
89908.0
FIN. FRA. GBR. GRC.
DIRDES FIN.HERD DIRDES FRA.HERD DIRDES GBR.HERD DIRDES GRC.HERD|
183.700 1097.00 2191.60 15931.00 2068.40 1174.00 . .
202.000 1234.00 2272.90 17035.00 2226.10 1281.00 44.600 3961.00
224.300 1401.30 2428.70 18193.00 2381.10 1397.20 . .
247.700 1602.00 2573.50 19272.00 2627.00 1592.00 60.600 6674.50
259.700 1725.50 2856.50 21347.80 2844.10 1774.20 119.800 14485.20
271.000 1839.00 3005.20 22240.00
IRL. ISL. ITA. JPN.
DIRDES IRL.HERD DIRDES ISL.HERD DIRDES ITA.HERD DIRDES JPN.HERD
39.2000 28.3707 7.1000 268.300 1344.90 1751008 8065.70 1789780
46.5000 35.0000 . . 1460.60 2004453 8290.10 1832575
48.1000 36.0380 7.8000 420.400 1674.40 2362102 9120.80 1957921
49.6000 37.0730 . 1861.50 2699927 9657.20 2014073
50.2000 39.0130 10.3000 786.762 1968.00 2923504 10405.90 2129372
51.7000 11.0000 902.498 2075.00 3183071 2296992
11.8000 990.865 2137.80 3374000
NLD. NOR. NZL. PRT.
DIRDES NLD.HERD DIRDES NOR.HERD DIRDES NZL.HERD DIRDES PRT.HERD
798.400 2032  209.000 1802.50 59.2000  80.100 . .
836.000 2093 . . 76.700 5988.90
886.500 2146  250.000 2165.80 . .
883.000 2105 . . . . 111.500 10158.20
945.000 2202  308.900 2771.40 78.7000 143.800
352.000 3100.00
SWE. TUR. USA. YUG.
DIRDES SWE.HERD DIRDES TUR.HERD DIRDES USAHERD DIRDES YUG.HERD
840.10 6844 144.800 22196 14786.00 14786.00 175.900 1.87
. . 136.400 26957 16566.90 16566.90 208.600 4.10
1016.90 8821 121.900 32309 18326.10 18326.10 237.000 10.21
. . 174400 74474 20246.20 20246.20 233.000 29.81
1076.00 11104 212.300 143951 22159.50 22159.50 205.100  375.22
23556.10 23556.10 2588.50

24953.80 24953.80
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Output 6.6.2. Proc CONTENTS of the Remote FAME Data on the SUN server
node

***fameproc: Using FAME on Remote Server **
OECD1: CONTENTS Procedure
The CONTENTS Procedure

Data Set Name: WORK.OECD1 Observations: 7
Member Type: DATA Variables: 49
Engine: V8 Indexes: 0
Created: 13:19 Wednesday, May 10, 2000 Observation Length: 392
Last Modified: 13:19 Wednesday, May 10, 2000 Deleted Observations: 0
Protection: Compressed: NO
Data Set Type: Sorted: NO
Label:

Data Set Page Size: 32768
Number of Data Set Pages: 1

First Data Page: 1

Max Obs per Page: 83

Obs in First Data Page: 7

Number of Data Set Repairs: 0

File Name: Jusr/tmp/SAS_work3EEB00002CC4_sunbox/oecdl.sas7bdat
Release Created: 8.0101M0
Host Created: SunOS
Inode Number: 211927040
Access Permission: rW-rw-rw-
Owner Name: myuser
File Size (bytes): 40960
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Output 6.6.3. Proc CONTENTS of the Remote FAME Data on the SUN server

node

Examples

**fameproc: Using FAME on Remote Server **
OECD1: CONTENTS Procedure
The CONTENTS Procedure

# Variable Type Len Pos Format Informat
2 AUS.DIRDES Num 8 8
3 AUS.HERD Num 8 16
4 AUT.DIRDES Num 8 24
5 AUT.HERD Num 8 32
6 BEL.DIRDES Num 8 40
7 BEL.HERD Num 8 48
8 CAN.DIRDES Num 8 56
9 CAN.HERD Num 8 64
10 CHE.DIRDES Num 8 72
11 CHE.HERD Num 8 80
1 DATE Num 8 0 YEAR4. 4.
12 DEU.DIRDES Num 8 88
13 DEU.HERD Num 8 96
14 DNK.DIRDES Num 8 104
15 DNK.HERD Num 8 112
16 ESP.DIRDES Num 8 120
17 ESP.HERD Num 8 128
18 FIN.DIRDES Num 8 136
19 FIN.HERD Num 8 144
20 FRA.DIRDES Num 8 152
21 FRA.HERD Num 8 160
22 GBR.DIRDES Num 8 168
23 GBR.HERD Num 8 176
24 GRC.DIRDES Num 8 184
25 GRC.HERD Num 8 192
26 IRL.DIRDES Num 8 200
27 IRL.HERD Num 8 208
28 ISL.DIRDES Num 8 216
29 ISL.HERD Num 8 224
30 ITA.DIRDES Num 8 232
31 ITA.HERD Num 8 240
32 JPN.DIRDES Num 8 248
33 JPN.HERD Num 8 256
34 NLD.DIRDES Num 8 264
35 NLD.HERD Num 8 272
36 NOR.DIRDES Num 8 280
37 NOR.HERD Num 8 288
38 NZL.DIRDES Num 8 296
39 NZL.HERD Num 8 304
40 PRT.DIRDES Num 8 312
41 PRT.HERD Num 8 320
42 SWE.DIRDES Num 8 328
43 SWE.HERD Num 8 336
44 TUR.DIRDES Num 8 344
45 TUR.HERD Num 8 352
46 USA.DIRDES Num 8 360
47 USA.HERD Num 8 368
48 YUG.DIRDES Num 8 376
49 YUG.HERD Num 8 384

Label

Date of Observation
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Output 6.6.4. Proc MEANS and TABULATE of Remote FAME Data

***fameproc: Using FAME with a multitude of SAS Procs™*

OECD1: MEANS Procedure

of Observation=1985
The MEANS Procedure

FIN.HERD
Sum

Analysis Variable :

of Observation=1986
Analysis Variable :

FIN.HERD
Sum

of Observation=1987
Analysis Variable :

FIN.HERD
Sum

of Observation=1988
Analysis Variable :

FIN.HERD
Sum

of Observation=1989
Analysis Variable :

FIN.HERD
Sum

of Observation=1990
The MEANS Procedure

FIN.HERD
Sum

Analysis Variable :

of Observation=1991
Analysis Variable :

FIN.HERD
Sum
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Output 6.6.5. Proc CONTENTS of the Remote FAME Data on the HP-UX client

node
The DATASETS Procedure
Data Set Name: WORK.OECD1 Observations: 7
Member Type: DATA Variables: 49
Engine: V8 Indexes: 0
Created: 13:20 Wednesday, May 10, 2000 Observation Length: 392
Last Modified: 13:20 Wednesday, May 10, 2000 Deleted Observations: 0
Protection: Compressed: NO
Data Set Type: Sorted: YES
Label:
————— Engine/Host Dependent Information-----

Data Set Page Size: 32768

Number of Data Set Pages: 1

First Data Page: 1

Max Obs per Page: 83

Obs in First Data Page: 7

Number of Data Set Repairs: 0

File Name: /tmp/SAS_workDF8500003D1D/oecdl.sas7bhdat

Release Created: 8.0202M0

Host Created: HP-UX

Inode Number: 1452

Access Permission: rW-r--r--

Owner Name: myuser

File Size (bytes): 40960
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Output 6.6.6. Proc CONTENTS of the Remote FAME Data on the HP-UX client

node
**fameproc: Using FAME with a multitude of SAS Procs™* 1
OECD1: CONTENTS Procedure
The CONTENTS Procedure
----- Alphabetic List of Variables and Attributes-----
# Variable Type Len Pos Format Informat Label
2 AUS.DIRDES Num 8 8
3 AUS.HERD Num 8 16
4 AUT.DIRDES Num 8 24
5 AUT.HERD Num 8 32
6 BEL.DIRDES Num 8 40
7 BEL.HERD Num 8 48
8 CAN.DIRDES Num 8 56
9 CAN.HERD Num 8 64
10 CHE.DIRDES Num 8 72
11 CHE.HERD Num 8 80
1 DATE Num 8 0 YEAR4. 4. Date of Observation
12 DEU.DIRDES Num 8 88
13 DEU.HERD Num 8 96
14 DNK.DIRDES Num 8 104
15 DNK.HERD Num 8 112
16 ESP.DIRDES Num 8 120
17 ESP.HERD Num 8 128
18 FIN.DIRDES Num 8 136
19 FIN.HERD Num 8 144
20 FRA.DIRDES Num 8 152
21 FRA.HERD Num 8 160
22 GBR.DIRDES Num 8 168
23 GBR.HERD Num 8 176
24 GRC.DIRDES Num 8 184
25 GRC.HERD Num 8 192
26 IRL.DIRDES Num 8 200
27 IRL.HERD Num 8 208
28 ISL.DIRDES Num 8 216
29 ISL.HERD Num 8 224
30 ITA.DIRDES Num 8 232
31 ITA.HERD Num 8 240
32 JPN.DIRDES Num 8 248
33 JPN.HERD Num 8 256
34 NLD.DIRDES Num 8 264
35 NLD.HERD Num 8 272
36 NOR.DIRDES Num 8 280
37 NOR.HERD Num 8 288
38 NZL.DIRDES Num 8 296
39 NZL.HERD Num 8 304
40 PRT.DIRDES Num 8 312
41 PRT.HERD Num 8 320
42 SWE.DIRDES Num 8 328
43 SWE.HERD Num 8 336
44 TUR.DIRDES Num 8 344
45 TUR.HERD Num 8 352
46 USA.DIRDES Num 8 360
47 USA.HERD Num 8 368
48 YUG.DIRDES Num 8 376
49 YUG.HERD Num 8 384
----- Sort Information-----
Sortedby: DATE
Validated: YES
Character Set: ASCII
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Example 6.7. Remote FAME Access, using FAME CHLI

Suppose you are running FAME in a client/server environment and have FAME CHLI
capability allowing you access to your FAME server. You could access your FAME
remote data by specifying the port number of the tcpip service that is defined for your
frdb_m and the node name of your FAME master server in your physical path. In the
example below, the FAME server node name is booker, and the port number is 5555,
which was designated in the FAME master command. Refer to “Starting the Master
Server” in theGuide to FAME Database Serveites more about starting your FAME
master server.

/* DRIECON Database, Using FAME with REMOTE ACCESS VIA CHLI */

/***********************************************************/

libname testl sasefame '#5555\@booker \$FAME/util’;
data a;

set testl.driecon;

run;

proc contents data=a;
run;

proc means data=a n;
run;
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Output 6.7.1.  Printout of the FAME CHLI Remote Access to FAME Data

The SAS System

The CONTENTS Procedure

Data Set Page Size: 40960
Number of Data Set Pages: 1
First Data Page: 1

Max Obs per Page: 96
Obs in First Data Page: 53

Number of Data Set Repairs: 0

File Name: Itmp/SAS_work30D40000397D/a.sas7bdat
Release Created: 8.0202M0

Host Created: HP-UX

Inode Number: 3076

Access Permission: rW-r--r--

Owner Name: myuser

File Size (bytes): 49152

Variable Type Len Pos Format Informat Label

Data Set Name: WORK.A Observations: 53
Member Type: DATA Variables: 53
Engine: V8 Indexes: 0
Created: 16:49 Friday, November 17, 2000 Observation Length: 424

Last Modified: 16:49 Friday, November 17, 2000 Deleted Observations: 0

Protection: Compressed: NO
Data Set Type: Sorted: NO
Label:

~NOoO Rk o hs

©

10

11

12

13

15
16

17
18
19
20
21

22

$N Num 8 8 POPULATION INCLUDING ARMED
FORCES OVERSEAS (P25E)

BOPMERCH Num 8 16 U.S. BALANCE ON MERCHANDISE
TRADE (BOP)

CUSAO0 Num 8 24 CPI (ALL URBAN) - ALL ITEMS

CUSAONS Num 8 32

DATE Num 8

0 YEARA4. 4. Date of Observation

DBTGFNS Num 8 40

DJ30C Num 8

48

DJ65CMC  Num 8 56

FBL3Y Num 8 64 TREASURY BILL: SECONDARY, 3-MONTH
BOND-EQUIVALENT YIELD (H15) - US
FCN30YY Num 8 72 GOVT ISSUE: CONSTANT MATURITY,
30-YR (H15) - US
FIP1Q Num 8 80 COMMERCIAL PAPER: NON-FINAN,
1-DAY QUOTED YIELD - US
FIP30Q Num 8 88 COMMERCIAL PAPER: NON-FINAN,
1-MO QUOTED YIELD - US
FSCD30Y Num 8 96 CD: SECONDARY MKT, 1-MO YIELD - US
GDP Num 8 104 GROSS DOMESTIC PRODUCT

GDP92C Num 8 112

GICcv Num 8 120 NEW CONSTRUCTION PUT IN PLACE
- PUBLIC TOTAL (C30)
GNP Num 8 128 GROSS NATIONAL PRODUCT

GNP92C Num 8 136

HUCMPNC Num 8 144 HOUSING COMPLETIONS, PRIVATE
- NORTH CENTRAL (C22)

HUCMPNE Num 8 152 HOUSING COMPLETIONS, PRIVATE
- NORTHEAST (C22)

HUCMPSO Num 8 160 HOUSING COMPLETIONS,
PRIVATE - SOUTH (C22)

HUCMPWT Num 8 168 HOUSING COMPLETIONS, PRIVATE-W(C2

CPIU - All items

DOW JONES: 30 INDUSTRIAL
AVERAGE - CLOSE
DOW JONES: 65 COMPOSITE AVERAGE

GROSS DOMESTIC PRODUCT (CHAINED)

GROSS NATIONAL PRODUCT
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Output 6.7.2. Proc CONTENTS of the Remote FAME Data

The SAS System 2

The CONTENTS Procedure

# Variable Type Len Pos Format Informat Label
23 HUSTS Num 8 176 HOUSING STARTS, PRIVATE INCLUDING
FARM - TOTAL (C20)
24 HUSTS1 Num 8 184 HOUSING STARTS, PRIVATE INCL
FARM - ONE UNIT (C20)
25 HUSTSINS Num 8 192 HOUSING STARTS, PRIVATE INCL
FARM - ONE UNIT (C20)
26 1 Num 8 200 GROSS PRIVATE DOMESTIC INVESTMENT
27 192C Num 8 208 GROSS PRIVATE DOMESTIC
INVESTMENT (CHAINED)
28 ICV_G Num 8 216 NEW CONSTRUCTION PUT IN
PLACE - TOTAL (C30)
29 JCOIN%LAG Num 8 224 RATIO, COINCIDENT INDEX
TO LAGGING INDEX (BCI)
30 JLAG Num 8 232 LAGGING INDICATORS COMPOSITE
INDEX (BCI)
31 JLEAD Num 8 240 LEADING INDICATORS COMPOSITE
INDEX (BCI)
32 JQIND Num 8 248 INDUSTRIAL PROD INDEX
- TOTAL INDEX (G17)
33 JQIND20 Num 8 256 INDUSTRIAL PROD INDEX - FOODS (G17)
35 JQIND21 Num 8 272 INDUSTRIAL PROD INDEX -
TOBACCO PRODUCTS (G17)
36 JQIND26 Num 8 280 INDUSTRIAL PROD INDEX -
PAPER & PRODUCTS (G17)
37 JQIND28 Num 8 288 INDUSTRIAL PROD INDEX - CHEMICALS
& PRODUCTS (G17)
38 JQIND37 Num 8 296 INDUSTRIAL PROD INDEX -
TRANSPORTATION EQUIPMENT (G17)
39 JQIND39 Num 8 304 INDUSTRIAL PROD INDEX -
MISC MANUFACTURES (G17)
34 JQIND208 Num 8 264 INDUSTRIAL PROD INDEX
- BEVERAGES (G17)
40 JQINDEQPB Num 8 312 INDUSTRIAL PROD INDEX -
BUSINESS EQUIPMENT (G17)
41 MNY1 Num 8 320 MONEY SUPPLY - CURRENCY, DEMAND
DEPOSITS, OTHER CHECKABLE
DEPOSITS (H6)
42 MNY2 Num 8 328 MONEY SUPPLY - M2 (H6)
43 PIDGNP Num 8 336 IMPLICIT PRICE DEFLATOR -
GROSS NATIONAL PRODUCT
44 RUC Num 8 344 UNEMPLOYMENT RATE - CIVILIAN (ESIT)
45 RXC132% Num 8 352 EXCHANGE RATE IN NEW YORK - FRENCH
USNS FRANC PER U.S. DOLLAR (G5)
46 RXC134% Num 8 360 EXCHANGE RATE IN NEW YORK - GERMAN
USNS MARK PER U.S. DOLLAR (G5)
47 RXC158% Num 8 368 EXCHANGE RATE IN NEW YORK -
USNS JAPANESE YEN PER U.S. DOLLAR (G5)
48 RXUS% Num 8 376 EXCHANGE RATE IN NEW YORK - U.S.
C112NS CENTS PER BRITISH POUND (G5)
49 STR Num 8 384 RETAIL SALES -TOTAL (RTR)
50 WPINS Num 8 392 PRODUCER PRICE INDEX -
ALL COMMODITIES (PPI)
51 YP Num 8 400 PERSONAL INCOME
52 ZA Num 8 408 CORPORATE PROFITS AFTER
TAX EXCLUDING IVA
53 ZB Num 8 416 CORPORATE PROFITS BEFORE

TAX EXCLUDING IVA
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Output 6.7.3. Proc MEANS of the Remote Fame Data

The SAS System
The MEANS Procedure

Variable

BOPMERCH
CUSAO
CUSAONS
DBTGFNS
DJ30C
DJ65CMC
FBL3Y
FCN30YY
FIP1Q

FIP30Q
FSCD30Y

GDP

GDP92C

Glcv

GNP

GNP92C
HUCMPNC
HUCMPNE
HUCMPSO
HUCMPWT
HUSTS
HUSTS1
HUSTSINS

I

192C

ICV_G
JCOIN%LAG
JLAG

JLEAD

JQIND

JQIND20
JQIND208
JQIND21
JQIND26
JQIND28
JQIND37
JQIND39
JQINDEQPB
MNY1

MNY2

PIDGNP

RUC
RXC132%USNS
RXC134%USNS
RXC158%USNS
RXUS%C112NS
STR

WPINS

YP

ZA
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Output 6.7.4. Proc MEANS of the Remote FAME Data

The SAS System 5
The MEANS Procedure
Label N
Date of Observation 53
POPULATION INCLUDING ARMED FORCES OVERSEAS (P25E) 49
U.S. BALANCE ON MERCHANDISE TRADE (BOP) 39
CPI (ALL URBAN) - ALL ITEMS 52
CPIU - All items 52
41

DOW JONES: 30 INDUSTRIAL AVERAGE - CLOSE 19
DOW JONES: 65 COMPOSITE AVERAGE 19
TREASURY BILL: SECONDARY, 3-MONTH BOND-EQUIVALENT YIELD (H15) - US 20
GOVT ISSUE: CONSTANT MATURITY, 30-YR (H15) - US 22
COMMERCIAL PAPER: NON-FINAN, 1-DAY QUOTED YIELD - US 1
COMMERCIAL PAPER: NON-FINAN, 1-MO QUOTED YIELD - US 20
CD: SECONDARY MKT, 1-MO YIELD - US 23
GROSS DOMESTIC PRODUCT 53
GROSS DOMESTIC PRODUCT (CHAINED) 52
NEW CONSTRUCTION PUT IN PLACE - PUBLIC TOTAL (C30) 35
GROSS NATIONAL PRODUCT 53
GROSS NATIONAL PRODUCT 52
HOUSING COMPLETIONS, PRIVATE - NORTH CENTRAL (C22) 20
HOUSING COMPLETIONS, PRIVATE - NORTHEAST (C22) 20
HOUSING COMPLETIONS, PRIVATE - SOUTH (C22) 20
HOUSING COMPLETIONS, PRIVATE - WEST (C22) 20
HOUSING STARTS, PRIVATE INCLUDING FARM - TOTAL (C20) 52
HOUSING STARTS, PRIVATE INCL FARM - ONE UNIT (C20) 40
HOUSING STARTS, PRIVATE INCL FARM - ONE UNIT (C20) 40
GROSS PRIVATE DOMESTIC INVESTMENT 53
GROSS PRIVATE DOMESTIC INVESTMENT (CHAINED) 52
NEW CONSTRUCTION PUT IN PLACE - TOTAL (C30) 35
RATIO, COINCIDENT INDEX TO LAGGING INDEX (BCI) 40
LAGGING INDICATORS COMPOSITE INDEX (BCI) 40
LEADING INDICATORS COMPOSITE INDEX (BCI) 40
INDUSTRIAL PROD INDEX - TOTAL INDEX (G17) 52
INDUSTRIAL PROD INDEX - FOODS (G17) 52
INDUSTRIAL PROD INDEX - BEVERAGES (G17) 45
INDUSTRIAL PROD INDEX - TOBACCO PRODUCTS (G17) 52
INDUSTRIAL PROD INDEX - PAPER & PRODUCTS (G17) 52
INDUSTRIAL PROD INDEX - CHEMICALS & PRODUCTS (G17) 52
INDUSTRIAL PROD INDEX - TRANSPORTATION EQUIPMENT (G17) 52
INDUSTRIAL PROD INDEX - MISC MANUFACTURES (G17) 52
INDUSTRIAL PROD INDEX - BUSINESS EQUIPMENT (G17) 52
MONEY SUPPLY - CURRENCY, DEMAND DEPOSITS, OTHER CHECKABLE DEPOSITS (H6) 40
MONEY SUPPLY - M2 (H6) 40
IMPLICIT PRICE DEFLATOR - GROSS NATIONAL PRODUCT 52
UNEMPLOYMENT RATE - CIVILIAN (ESIT) 9
EXCHANGE RATE IN NEW YORK - FRENCH FRANC PER U.S. DOLLAR (G5) 32
EXCHANGE RATE IN NEW YORK - GERMAN MARK PER U.S. DOLLAR (G5) 32
EXCHANGE RATE IN NEW YORK - JAPANESE YEN PER U.S. DOLLAR (G5) 32
EXCHANGE RATE IN NEW YORK - U.S. CENTS PER BRITISH POUND (G5) 32
RETAIL SALES -TOTAL (RTR) 32
PRODUCER PRICE INDEX - ALL COMMODITIES (PPI) 52
PERSONAL INCOME 53
CORPORATE PROFITS AFTER TAX EXCLUDING IVA 53
CORPORATE PROFITS BEFORE TAX EXCLUDING IVA 53
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Chapter 7

The SASEHAVR Interface Engine
(Experimental)

Overview

The SASEHAVR interface engine, experimental in Version 9, enables SAS users to
read economic and financial time series data residing in a Haver Analytics Data Link
Express database, and provides a seamless interface between Haver and SAS data
processing.

The SASEHAVR engine uses the LIBNAME statement to enable you to specify how
you would like to convert the selected time series to the same time scale. The SAS
DATA step can then be used to perform further subsetting and to store the resulting
time series into a SAS data set. You can perform more analysis if desired either in
the same SAS session or in another session at a later time.

Getting Started

Structure of a SAS Data Set Containing Time Series Data

SAS requires time series data to be in a specific form recognizable by the SAS
System. This form is a two-dimensional array, called a SAS data set, whose columns
correspond to series variables and whose rows correspond to measurements of these
variables at certain time periods. The time periods at which observations are recorded
can be included in the data set as a time ID variable. The SASEHAVR engine pro-
vides a time ID variable called DATE.

Reading and Converting Haver DLX Time Series

The SASEHAVR engine supports reading and converting time series stored in Haver
DLX databases. The SASEHAVR engine enables you to limit the range of data with
the START= and END= libname options.

Using the SAS DATA Step

If desired, you can store the converted series in a SAS data set by using the SAS
DATA step. You can also perform other operations on your data inside the DATA
step. Once your data is stored in a SAS data set you can use it as you would any other
SAS data set.
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Syntax

The SASEHAVR engine uses standard engine syntax. Options used by SASEHAVR
are summarized in the table below.

Description Statement Option
specifies the Haver frequency. LIBNAMbref SASEHAVR FREQ=
specifies a Haver start date td_IBNAME libref SASEHAVR  START=
limit the selection of time
series that begins with the
specified date.
specifies a Haver end date td.IBNAME libref SASEHAVR END=
limit the selection of time
series that ends with the spec-
ified date.
specifies a list of comma de-LIBNAME libref SASEHAVR KEEP=
limited Haver variables to
keep in the generated SAS
data set.
specifies a list of comma de-LIBNAME libref SASEHAVR DROP=
limited Haver variables to
drop in the generated SAS
data set.
specifies a list of comma de-LIBNAME libref SASEHAVR  GROUP=
limited Haver groups to keep
in the generated SAS data
set.
specifies a list of comma de-LIBNAME libref SASEHAVR DROPGROUP=
limited Haver groups to drop
in the generated SAS data
set.
specifies a list of comma de-LIBNAME libref SASEHAVR SOURCE=
limited Haver sources to keep
in the generated SAS data
set.
specifies a list of comma de-LIBNAME libref SASEHAVR DROPSOURCE
limited Haver sources to drop
in the generated SAS data
set.
specifies that all selected vari-LIBNAME libref SASEHAVR FORCE=FREQ
ables should be aggregated
to the frequency specified in
the FREQ= option. This op-
tion is ignored if it is speci-
fied without the FREQ= op-
tion.
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Syntax

The LIBNAME libref SASEHAVR Statement

LIBNAME libref sasehavr 'physical name’  options;
The following options can be used in the LIBNAME libref SASEHAVR statement:

FREQ=haver_frequency
specifies the Haver frequency. All Haver frequencies are supported by the
SASEHAVR engine.

START=start_date
specifies the start date for the time series in the form YYYYMMDD.

END=end_date
specifies the end date for the time series in the form YYYYMMDD.

KEEP=haver_variables
specifies the list of Haver variables to be included in the generated SAS data set. this
list is comma delimited and must be surrounded by quotes *”.

DROP=haver_variables
specifies the list of Haver variables to be excluded from the generated SAS data set.

this list is comma delimited and must be surrounded by quotes “”.

GROUP=haver_variables
specifies the list of Haver groups to be included in the generated SAS data set. this

listis comma delimited and must be surrounded by quotes *”.

DROPGROUP=haver_groups
specifies the list of Haver groups to be excluded from the generated SAS data set.
this list is comma delimited and must be surrounded by quotes “”.

SOURCE=haver_sources
specifies the list of Haver sources to be included in the generated SAS data set. this

listis comma delimited and must be surrounded by quotes “".

DROPSOURCE=haver_sources
specifies the list of Haver sources to be excluded from the generated SAS data set.
this list is comma delimited and must be surrounded by quotes *”.

FORCE=FREQ
specifies that the selected variables are to be aggregated to the frequency in the
FREQ= option. This option is ignored if the FREQ= option is not set.

For a more complete discussion of Haver frequencies and SAS time intervals see the
section“Mapping Haver Frequencies to SAS Time Intervatsi page 223. As an
example,

LIBNAME libref sasehavr ’'physical-name’
FREQ=MONTHLY);

By default, the SASEHAVR engine reads all time series in the Haver database that
you reference when using your SASEHAVR libref. Thever_startdateis specified
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in the form YYYYMMDD. The start date is used to delimit the data to a specified
start date.

For example, to read the time series in the TEST library starting on July 4, 1996, you
would specify

LIBNAME test sasehavr 'physical-name’
STARTDATE=19960704;

When you use the START= option, you are limiting the range of data that is read
from the time series and that are converted to the desired frequency. Start dates
are recommended to help you save resources when processing large databases or
when processing a large number of observations. It is also possible to select specific
variables to be included or excluded from the SAS data set by using the KEEP= and
DROP= options.

LIBNAME test sasehavr 'physical-name’
KEEP="ABC*, XYZ??"

LIBNAME test sasehavr ’'physical-name’
DROP="*SC*, #T#";

When the KEEP= and DROP= options are used the SAS data set that gets generated
will keep or drop the variables that you select in the options. There are three wildcards
currently available: '*', '?" and #'. The '*' wildcard corresponds to any string that
includes everthing in that position. The '?’ means that any single alpha-numeric
character is valid. And finally, the#’ wildcard corresponds to a single numeric
character. You can further delimit your data by using the GROUP= and SOURCE=
options and their corresponding DROPGROUP= and DROPSOURCE-= options.

LIBNAME test sasehavr 'physical-name
GROUP="CBA, *ZYX",

LIBNAME test sasehavr 'physical-name’
DROPGROUP="TKN*, XCZ?";

LIBNAME test sasehavr 'physical-name’
SOURCE="FRB";

LIBNAME test sasehavr 'physical-name’
DROPSOURCE="NYSE";

By default, SASEHAVR selects only the variables that are of the specified frequency
in the FREQ= option. If this option is ignored, SASEHAVR selects the variables that
match the frequency of the first selected variable. If it is desired to have all variables
to be selected to have the same frequency, the FORCE=FREQ option can be specified
to force the aggregation of all variables selected to be of the given frequency specified
by the FREQ= option. This option is ignored if the FREQ= option is not given.
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Detalls

The SAS Output Data Set

You can use the SAS DATA step to write the Haver converted series to a SAS data
set. This allows the user the ability to easily analyze the data using SAS. You can
specify the name of the output data set on the DATA statement. This causes the
engine supervisor to create a SAS data set using the specified name in either the SAS
WORK library, or if specified, the USER library. For more about naming your SAS
data set see the section “Characteristics of SAS Data LibrarieSAia Language
Reference: Dictionary

The contents of the SAS data set include the DATE of each observation, the name of
each series read from the Haver database, and the label or Haver description of each
series. Missing values are represented as ', in the SAS data set. You can use PROC
PRINT and PROC CONTENTS to print your output data set and its contents. You
can use PROC SQL along with the SASEHAVR engine to create a view of your SAS
data set.

The DATE variable in the SAS data set contains the date of the observation. The
SASEHAVR engine internally maps the Haver intervals to the appropriate corre-
sponding SAS interval.

A more detailed discussion of how to map Haver frequencies to SAS Time Intervals
follows.

Mapping Haver Frequencies to SAS Time Intervals

The following table summarizes the mapping of Haver frequencies to SAS time in-
tervals. For more information refer to “Date Intervals, Formats, and Functions” in
SAS/ETS User’s Guide

HAVER FREQUENCY SAS TIME INTERVAL
ANNUAL YEAR
QUARTERLY QTR
MONTHLY MONTH
WEEKLY (SUNDAY) WEEK.1
WEEKLY (MONDAY) WEEK.2
WEEKLY (TUESDAY) WEEK.3
WEEKLY (WEDNESDAY) WEEK.4
WEEKLY (THURSDAY) WEEK.5
WEEKLY (FRIDAY) WEEK.6
WEEKLY (SATURDAY) WEEK.7
DAILY WEEKDAY
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Examples

Example 7.1. Examining the Contents of a Haver Database

To see which time series are in your HAVER database, use PROC CONTENTS with
the SASEHAVR libname statement to read the contents.

libname libl sasehavr 'path-to-haver-data’
freg=yearly start=19860101 end=19991231 force=freq;

data hwouty;
set libl.haverw;
run;

tittel 'Haver Analytics Database, HAVERW.DAT,
titte2 'PROC CONTENTS for Time Series converted to yearly frequency’;

proc contents
data=hwouty;
run;

In the above example, the Haver database is cabe@rw and it resides in the direc-
tory referenced ifibl. The DATA statement names the SAS output datdnastuty,
which will reside insaswork. All time series in the Haveraverw database are listed
alphabetically irOutput 7.1.1
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Output 7.1.1.

Examples

Examining the Contents of Haver Analytics Database, haverw.dat

o ~NOoO O A wWN PR **

©

11
12
13
14
15
16

17
18

19
20

21

Haver Analytics Database, HAVERW.DAT
PROC CONTENTS for Time Series converted to yearly frequency

The CONTENTS Procedure

Alphabetic List of Variables and Attributes

Variable Type Len Format Label

DATE
FA
FBAA
FCDS1

FDB1
FFED
FM1

FSLB

FTB3
FXEUR

FXFR
FXGER
FXJAP
FXTWB

FXTWM

Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8
Num 8

FXTWOTP Num 8

FXUK
LICN

LIU
MBAMP

MBAMR

Num 8
Num 8
Num 8

Num 8

Num 8

YEAR4. Date of Observation

Total Assets: All Commercial Banks (SA, Bil.$)
Moody’'s Seasoned Baa Corporate Bond Yield (% p.a.)
1-Month Certificates of Deposit,
Secondary Market (% p.a.)
1-Month Eurodollar Deposits (London Bid) (% p.a.)
Federal Funds [Effective] Rate (% p.a.)
Money Stock: M1 (SA, Bil.$)
Bond Buyer Index: State & Local Bonds,
20-Year, Genl Obligation(% p.a.)
3-Month Treasury Bills, Auction Average (% p.a.)
Foreign Exchange Rate: European
Monetary Union (US$/Euro)
Foreign Exchange Rate: France (Franc/US$)
Foreign Exchange Rate: Germany (D. Mark/US$)
Foreign Exchange Rate: Japan (Yen/US$)
Nominal Broad Trade-Weighted Exchange
Value of the US$ (1/97=100)
Nominal Trade-Weighted Exch Value of
US$ vs Major Currencies (3/73=100)
Nominal Trade-Weighted Exchange
Value of US$ vs OITP (1/97=100)
Foreign Exchange Rate: United Kingdom (US$/Pound)
Unemployment Insurance: Initial Claims,
State Programs (NSA, Thous)
Insured Unemployment, State Programs (SA, Thous)
MBA: Purchase Index: Mortgage Loan
Applications (SA, 3/16/90=100)
MBA: Refinancing Index: Mortgage Loan
Applications (SA, 3/16/90=100)

You could use the following SAS statements to create a SAS data set avoety

and to print its contents.

libname libl sasehavr ’'path-to-haver-data’
freq=yearly start=19860101 end=19991231 force=freq;

data hwouty;

run;

set libl.haverw;

titlel 'Haver Analytics Database, Frequency=yearly, infile=haverw.dat’;

proc print

run;

data=hwouty;
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The libref above specifies that all time series in baverw database be converted

to yearly frequency but to only select the range of data from January 1, 1986, to

December 31, 1999. The resulting SAS dataweatuty is shown inOutput 7.1.2

Output 7.1.2.

Defining a Range Inside the Data Range Using the

START=19860101 END=19991231 Libname Options

Obs

©CoOoO~NOU~WNPE

©CoO~NOUWNPRE

PR RPE
AWNRO

o
CONOORAWONRLE &

=
o

11
12
13
14

Haver Analytics Database, Frequency=yearly, infile=haverw.dat

DATE FA FBAA FCDS1 FDB1 FFED
1986  2703.9 10.4008  6.61192 6.80077  6.83358 666.19
1987 2760.2 10.5667  6.75192 6.87827  6.65942 743.75
1988  2941.1 10.8379  7.59189  7.69434  7.55558 774.68
1989  3148.7 10.1783  9.11365  9.16538  9.22519 782.21
1990 3299.6 10.3542  8.15481  8.15885  8.10923 810.86
1991  3411.2 9.8102 5.83769 5.83192  5.73269 859.52
1992  3466.0 8.9779  3.64981  3.63654  3.53415 965.73
1993  3626.4 7.9381  3.11547  3.07264  3.02154  1078.16
1994  3879.9 8.6288  4.38788  4.35115 4.19154  1145.36
1995  4218.1 8.1994  5.86596  5.85904  5.83865 1143.26
1996  4414.8 8.0542  5.34827 5.31846  5.29769 1106.75
1997  4836.6 7.8710 5.54038 5.51615  5.45792 1069.85
1998  5268.4 7.2206 549269 5.45365  5.35500 1080.61
1999  5613.7 7.8670 5.19887 5.15038  4.97231 1101.94
FTB3 FXEUR FXFR FXGER FXJAP
5.97673 6.93509 2.17534 168.812
5.81765 6.02454 1.80222 145.063
6.68500 5.94978 1.75406 128.065
8.11654 6.37848 1.88022 138.052
7.51096 5.44622 1.61630 144.857
5.42077 5.64333 1.65997 134.593
3.45415 5.28946 1.56055 126.726
3.01654 5.66371 1.65344 111.331
4.28673 5.54375 1.62090 102.159 .
5.51058 4.98848 1.43280 94.058 92.516
5.02096 5.11492 1.50456 108.756 97.416
5.06885 5.82993 1.73197 120.930 104.342
4.80755 . 5.90226 1.76062 131.056 116.260
4.66269 1.06529 6.15538 1.83535 113.723 116.458
FXTWOTP FXUK LICN LIU MBAMP
1.46695 376.227 2631.54
1.63477 326.156 2273.13
1.78245 312.881 2081.45
1.63838 328.813 2177.08 . .
1.78467 387.002 2539.94 87.415 100.49
1.76851 447.600 3341.83 107.627 350.35
1.76944 407.340 3206.81 131.031 726.22
1.50187 344.934 2766.17 157.438 1077.45
. 1.53227 340.054 2677.42 142.627 271.09
92.513 1.57826 357.038 2592.88 165.213 335.96
98.232 1.56057 351.358 2549.88 183.800 448.80
104.509 1.63838 321.513 2298.85 205.631 525.54
125.636 1.65717 317.077 2215.15 265.869 1742.97
129.514 1.61833 301.570 2187.38 276.292 799.40

FM1

7.33635
7.64792
7.68192
7.22615
7.27346
6.91904
6.43698
5.58923
6.18635
5.94885
5.75519
5.52269
5.08755
5.43365

FXTWB

108.007
95.671
88.710
92.390
88.394
86.949
85.362
87.750
86.229
81.393
85.214
91.767
96.540
94.434

MBAMR

FSLB

FXTWM
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Example 7.2. Viewing Quarterly Time Series from a Haver
Database

Consider the following statements for quarterly frequency conversion of all time se-
ries for the period spanning April 1, 1996, to December 31, 1999.

libname libl sasehavr ’'path-to-haver-data’
freg=quarterly start=19960401 end=19991231 force=freq;

data hwoutq;
set libl.haverw;
run;
titlel 'Haver Analytics Database, Frequency=quarterly, infile=haverw.dat’;
proc print

data=hwoultq;
run;

The resulting SAS data sbwoutq is shown inOutput 7.2.1
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Defining a Range Inside the Data Range Using the
START=19960401 END=19991231 Libname Options

]
o
7]

O©CoO~NOO D WNPE

Haver Analytics Database, Frequency=quarterly, infile=haverw.dat

DATE FA FBAA FCDS1 FDB1 FFED FM1 FSLB
1996Q2 4294.9 8.29462 5.33923 5.31692 5.25231 1119.21 5.98000
1996Q3 4358.4 8.29385 5.35385 5.31462 5.29077 1104.83 5.84385
1996Q4 4414.8 7.92538 5.35769 5.33077 5.29154 1082.02 5.65538
1997Q1 4532.1 8.06538 5.36615 5.33154 5.24231 1076.49 5.70385
1997Q2 4607.0 8.19615 5.57308 5.56000 5.52692 1065.30 5.70077
1997Q3 4674.1 7.76923 5.54769 5.53923 5.54692 1069.02 5.37846
1997Q4 4836.6 7.45308 5.67462 5.63385 5.51143 1068.60 5.30769
1998Q1 49494 7.25615 5.55769 5.52615 5.51667 1076.71 5.12000
1998Q2 5001.2 7.25846 5.56308 5.53077 5.48231 1078.50 5.18385
1998Q3 5186.7 7.12846 5.55308 5.49923 5.54857 1076.00 5.07923
1998Q4 5268.4 7.23923 5.29692 5.25846 4.87000 1091.25 4.97571
1999Q1 5254.7 7.39308 4.90769 4.85692 4.72615 1097.24 5.04583
1999Q2 5334.6 7.71923 4.88769 4.82462 4.74769 1103.06 5.19769
1999Q3 5398.7 8.09077 5.23077 5.18154 5.09077 1098.12 5.54214
1999Q4 5613.7 8.23643 5.72857 5.69643 5.32462 1109.35 5.91077

FTB3 FXEUR FXFR FXGER FXJAP FXTWB
5.03615 5.15645 1.52185 107.474 97.275 85.3792
5.13231 5.09276 1.49715 108.948 97.553 85.2077
497231 5.17515 1.53074 112.800 98.381 85.7977
5.06077 5.57572 1.65240 120.876 101.363 89.8692
5.07769 5.77722 1.71354 119.903 102.648 91.3038
5.06000 6.08371 1.80610 117.875 104.578 92.4538
5.07692 5.88307 1.75583 125.067 108.778 93.4400
5.07385 6.08678 1.81652 128.173 115.081 95.8431
5.00231 6.01921 1.79532 135.492 115.607 97.2685
4.88692 5.92476 1.76694 140.123 119.040 99.1800
4.30571 . 5.57831 1.66371 120.437 115.312 93.8700
4.42333 1.12328 5.82563 1.73710 116.403 116.150 93.8877
4.44615 1.05832 6.19949 1.84847 120.732 117.200 96.0162
4.69000 1.04788 6.26160 1.86699 114.008 116.676 95.1715
5.07077 1.03824 6.32198 1.88501 104.461 115.851 92.7857
FXTWOTP FXUK LICN LIU MBAMP MBAMR
97.634 1.52383 310.154 2574.23 183.831 280.26
98.569 1.55393 298.415 2498.15 183.200 247.07
99.619 1.63358 360.369 2480.23 191.477 396.30
100.418 1.63421 381.885 2385.00 190.592 402.50
101.251 1.63501 290.623 2286.08 193.462 322.79
103.986 1.62640 286.992 2274.69 214.515 574.10
112.382 1.65792 326.554 2249.62 223.954 802.78
123.847 1.64591 375.500 2213.77 245.038 1828.42
122.736 1.65408 284.869 2153.69 259.946 1235.27
128.065 1.65148 284.269 2266.46 269.354 1602.43
127.895 1.67722 323.669 2226.69 289.138 2305.75
130.027 1.63638 371.100 2219.46 259.885 1457.69
128.897 1.60778 268.554 2192.54 290.262 914.37
129.076 1.59788 262.931 2204.54 276.808 457.92
130.016 1.63035 303.543 2136.86 278.079 398.46

FXTWM
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Example 7.3. Viewing Monthly Time Series from a Haver
Database

Suppose you wish to convert your time series to the monthly fre-
guency. An example of monthly conversion would look like this:

libname libl sasehavr ’'path-to-haver-data’
freg=monthly start=19990401 end=19991231 force=freq;

data hwoutm;
set libl.haverw;
run;
titlel 'Haver Analytics Database, Frequency=monthly, infile=haverw.dat’;
proc print

data=hwoutm;
run;

The result from using the range of April 1, 1999, to December 31, 1999, is shown in
Output 7.3.1
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Output 7.3.1.  Defining a Range Inside the Data Range Using the
START=19960401 END=19991231 Libname Options

Obs

O©CoO~NOUIAWNPRE

Obs

©CoOoO~NOOPr~WNPE

Obs

©CoOoO~NOUWNER

Haver Analytics Database, Frequency=monthly, infile=haverw.dat
DATE FA FBAA FCDS1 FDB1 FFED

APR1999  5288.0 7.4860 4.848 4.8020 4.7200 1107.38
MAY1999  5290.7 7.7225 4.845 47825 4.7725 1102.48
JUN1999  5334.6 8.0075 4.980 4.8950 4.7500  1099.48
JUL1999 53359 7.9600 5.136 5.0740  4.9850 1099.40
AUG1999 53850 81500 5245 51925 5.0175 1099.08
SEP1999  5398.7 8.1950 5.335 5.3050 5.2340 1095.63
OCT1999 5463.6 83560 5.360 5.3200 5.2000 1100.45
NOV1999  5552.8 8.1450 5450 5.3975 5.3575 1108.74
DEC1999 5613.7 8.1900 6.320 6.3120 5.3980 1119.00

FTB3 FXEUR FXFR FXGER FXJAP

4.2820 1.07066 6.12704 1.82686 119.732 117.206
4.5075 1.06300 6.17138 1.84010 122.000 116.913
4.5900 1.03823 6.31818 1.88385 120.713 117.480
4.6000 1.03606 6.33330 1.88836 119.650 117.490
4.7550 1.06150 6.18013 1.84268 113.530 116.465
4.7280 1.04903 6.25345 1.86460 107.435 115.870
4.8750 1.06840 6.14034 1.83084 106.066 115.428
5.0650 1.03493 6.33883 1.89005 104.893 116.045
5.2320 1.01074 6.49014 1.93514 102.512 116.118

FXTWOTP FXUK LICN LIU MBAMP

129.322 1.60936 278.620 2185.60 277.200 1120.42
128.555 1.61543 259.000 2188.75 288.275 898.78
128.708 1.59815 265.525 2205.00 308.575 672.40
128.212 1.57492 316.900 2220.60 285.860 513.52
129.233 1.60693 235.475 2201.00 277.450 452.08
130.000 1.61755 222.925 2188.00 264.850 394.28
130.728 1.65536 253.720 2148.20 272.380 404.44
129.903 1.62235 284.300 2132.25 295.475 446.65
129.394 1.61174 368.760 2129.20 269.860 353.92

FM1

5.0760
5.1825
5.3650
5.3620
5.5800
5.6920
5.9150
5.8550
5.9520

FXTWB

95.7860
95.7950
96.5250
96.8240
94.7725
93.5050
92.2960
92.8325
93.2380

MBAMR

FSLB

FXTWM
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Example 7.4. Viewing Weekly Time Series from a Haver
Database

An example of weekly data spanning September 1, 1999, to December 31, 1999, is
shown inOutput 7.4.1

libname libl sasehavr ’path-to-haver-data’
freq=weekly start=19990901 end=19991231;

data hwoutw;
set libl.haverw;
run;
titlel 'Haver Analytics Database, Frequency=weekly, infile=haverw.dat’;
proc print

data=hwoutw;
run;
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Output 7.4.1.

¢+ The SASEHAVR Interface Engine (Experimental)

Defining a Range Inside the Data Range Using the
START=19960401 END=19991231 Libname Options

]
o
7]

O©CoO~NOODWNE

Haver Analytics Database, Frequency=weekly, infile=haverw.dat

30AUG1999
06SEP1999
13SEP1999
20SEP1999
27SEP1999
040CT1999
110CT1999
180CT1999
250CT1999
01NOV1999
08NOV1999
15NOV1999
22N0OV1999
29NOV1999
06DEC1999
13DEC1999
20DEC1999
27DEC1999

FXGER

1.8487
1.8577
1.8803
1.8717
1.8483
1.8296
1.8118
1.8128
1.8517
1.8690
1.8845
1.8938
1.9129
1.9452
1.9154
1.9361
1.9365
1.9425

DATE

FXJAP

109.82
109.73
105.47
104.72
106.18
107.18
106.53
105.67
104.77
104.83
105.14
105.63
103.97
102.37
102.69
103.32
102.01
102.17

FA

5365.4 8.21
5378.4 8.20
5393.6 8.18
5413.5 8.19
5398.7 8.24
5415.3 8.28
5415.8 8.40
5434.5 8.44
5463.6 8.42
5438.9 8.27
5459.1 8.13
5472.7 8.06
5552.8 8.12
5554.4 8.17
5573.4 8.08
5603.0 8.17
5638.3 8.29
5613.7 8.24

116.13
116.19
115.63
115.53
115.48
115.29
115.30
115.19
115.88
115.87
116.07
116.12
116.12
116.60
116.02
116.28
115.90
115.79

5.32
5.34
5.34
5.34
5.35
5.37
5.36
5.36
5.36
5.36
5.37
5.51
5.56
6.24
6.39
6.44
6.48
6.05

94.09
93.93
93.20
92.80
92.56
92.46
92.22
92.15
92.09
92.39
92.85
93.04
93.05
93.53
92.96
93.59
93.24
92.87

5.26 5.34
5.33 5.16
5.31 5.24
5.32 5.16
5.31 5.27
5.33 5.27
5.33 5.17
5.32 5.18
5.31 5.18
5.31 5.27
5.33 5.20
5.45 5.44
5.50 5.52
6.38 5.63
6.36 5.45
6.38 5.44
6.44 5.46
6.00 5.01

FXTWB FXTWM

129.61
130.04
129.94
130.41
130.74
130.43
130.90
130.75
130.82
130.23
129.93
129.74
129.71
130.10
129.62
129.19
128.84
129.22

FBAA FCDS1 FDB1 FFED

FM1 FSLB FTB3 FXEUR FXFR

1095.5 5.67 4.88 1.0580 6.2001
1096.7 5.66 4.72
1094.7 5.69 4.66
1097.5 5.71 4.66
1093.6 5.73 4.72
1101.7 5.80 4.73
1097.9 5.89 4.78
1100.6 5.98 4.99
1101.6 5.99 5.00
1107.2 5.88 5.00 1.0465 6.2682
1105.4 5.83 5.03
1109.4 5.84 5.12
1112.3 5.87 5.11
1109.4 5.91 5.20 1.0055 6.5237
1110.8 5.89 5.05
1110.1 5.96 5.21
1120.2 6.00 5.40
1134.9 6.00 5.30

FXTWOTP

1.6021
1.6189
1.6151
1.6341
1.6474
1.6536
1.6582
1.6684
1.6492
1.6374
1.6185
1.6187
1.6148
1.5981
1.6235
1.6124
1.6090
1.6157

1.0529
1.0402
1.0450
1.0583

6.2303
6.3061
6.2773
6.1989

1.0690 6.1361
1.0795 6.0765

1.0789

6.0799

1.0563 6.2103

1.0379 6.3203
1.0328 6.3514
1.0225 6.4154

1.0211
1.0102
1.0100
1.0069

FXUK

235.8
204.3
219.1
232.5
246.4
278.9
234.6
250.9
257.8
297.1
262.6
309.2
268.3
378.7
318.2
329.6
377.7
439.6

2219
2165
2180
2188
2181
2176
2117
2138
2129
2165
2052
2187
2125
2105
2098
2150
2157
2136

6.4240
6.4934
6.4946
6.5150

LICN

254.1
278.7
266.4
260.2
288.8
262.7
277.3
255.4
277.7
268.8
298.5
315.7
298.9
287.9
285.8
284.3
253.3
238.0

Ll MBAMP MBAMR

395.9
394.1
398.7
388.4
414.6
412.2
396.3
383.2
415.9
443.7
443.1
481.8
418.0
386.4
388.1
354.1
338.1
302.9
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Example 7.5. Viewing Daily Time Series from a Haver
Database

Consider viewing the Haver Analytics daily database natmgrd. The contents
of this database can be seen by submitting the following data step.

libname libl sasehavr ’'path-to-haver-data’
freq=daily start=19991201 end=19991231;

data hwoutd;
set libl.haverd;
run;

titlel 'Haver Analytics Database, HAVERD.DAT’;
titte2 'PROC CONTENTS for Time Series converted to daily frequency’;

proc contents

data=hwoutd;
run;

Output 7.5.1shows the output of PROC CONTENTS with the following time series.

Output 7.5.1. Examining the Contents of a Daily Haver Analytics Database,
haverd.dat

Haver Analytics Database, HAVERD.DAT
PROC CONTENTS for Time Series converted to daily frequency

The CONTENTS Procedure
Alphabetic List of Variables and Attributes

# Variable Type Len Format Label

1 DATE Num 8 DATEY. Date of Observation
2 FAAA Num 8 Moody’'s Seasoned Aaa Corporate Bond Yield (% p.a.)
3 FBAA Num 8 Moody’s Seasoned Baa Corporate Bond Yield (% p.a.)
4 GSCITR Num 8 Goldman Sachs Commodity Total

Return Index (12/31/69=100)
5 PFALL Num 8 KR-CRB Futures Price Index:

All Commodities (1967=100)
6 PFGR Num 8 KR-CRB Futures Price Index: Grains (1967=100)
7 SP500 Num 8 Standard & Poor's 500 Stock Price Index (1941-43=10)
8 SPDJC Num 8 Stock Price Averages: Dow Jones

65 Composite, NYSE (Close)
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Example 7.6. Limiting the Range of Time Series from a Haver
Database

Suppose we limit the range of data to the month of December:

libname libl sasehavr ’'path-to-haver-data’
freq=daily start=19991201 end=19991231;

data hwoutd;
set libl.haverd;
run;

tittel 'Haver Analytics Database, Frequency=daily, infile=haverd.dat’;
proc print

data=hwoutd;
run;

Note thatOutput 7.6.1for daily conversion shows the frequency as the SAS time
interval for WEEKDAY.

Output 7.6.1. Defining a Range Inside the Data Range Using the
START=19991201 END=19991231 Libname Options

Haver Analytics Database, Frequency=daily, infile=haverd.dat

Obs DATE FAAA  FBAA GSCITR PFALL PFGR SP500 SPDJC
1 O01DEC1999 750 8.18 2676.57 203.98 158.44 1397.72  3097.77
2 02DEC1999 7.53 819 2726.32 204.27 157.35 1409.04  3109.94
3 O03DEC1999 7.46 813 2720.04 204.39  155.77 1433.30  3165.46
4 06DEC1999 745 8.12 2759.68 204.78  158.01 1423.33  3146.24
5 O07DEC1999 742 8.08 2738.25 204.75 157.71 1409.17  3111.07
6 O08DEC1999 744 810 2751.78 203.91 155.42 1403.88  3099.17
7 09DEC1999 7.43 8.09 2718.13 202.47 152.93 1408.11  3101.33
8 10DEC1999 7.37 8.03 268452 202.35 153.56 1417.04  3125.78
9 13DEC1999 7.40 8.06 2694.15 201.64 151.02 1415.22  3117.77

10 14DEC1999 750 816  2728.49  202.57 152.70  1403.17  3113.72
11 15DEC1999 7.53 8.18 2755.69  203.69 152.69 1413.32  3133.11
12 16DEC1999 759 824 280198 205.21 153.27 1418.78  3134.18
13 17DEC1999 759 8.23 2810.22 20551 154.24  1421.03  3142.46
14  20DEC1999 7.63 827 2810.85 206.13 156.06  1418.09  3114.00
15 21DEC1999 7.66 830 2793.80 203.88 155.01 1433.43  3120.48
16 22DEC1999 7.66 8.28 275595 203.51 156.61 1436.13  3122.06
17  23DEC1999 7.67 829 2776.63 204.66 157.45  1458.34  3175.80
18  24DEC1999 . . . . . . .
19 27DEC1999 7.65 826  2787.82 204.04 15596  1457.10 3183.50
20 28DEC1999 7.66 8.28 281195 204.10 156.14  1457.66  3203.45
21  29DEC1999 7.63 824 2808.26  205.10 155.42 1463.46  3201.93
22 30DEC1999 7.61 823 2769.59 205.14 156.64  1464.47  3203.93
23 31DEC1999 7.64 8.18 2770.01 . . 1469.25  3214.38
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Example 7.7. Using the WHERE Statement to Subset Time
Series from a Haver Database

Using a WHERE statement in the DATA step can be useful for further subsetting.

libname libl sasehavr ’path-to-haver-data’
freq=daily start=19991101 end=19991231;

data hwoutd;
set libl.haverd;
between '01nov99'd and '01dec99'd;

where date

run;

titlel 'Haver Analytics Database, Frequency=daily, infile=haverd.dat’;

proc print

data=hwoutd;

run;

Output 7.7.1shows that the time slice of November 1, 1999, to December 31, 1999,
is narrowed further by the DATE test on the WHERE statement to stop at December

1, 1999.

Output 7.7.1.

Defining a Range Using START=19991101 END=19991231 Along
with the WHERE statement

o
o
]

DATE

01NOV1999
02NOV1999
03NOV1999
04NOV1999
05NOV1999
08NOV1999
09NOV1999
10NOV1999
11INOV1999
10 12NOV1999
11 15NOV1999
12 16NOV1999
13 17NOV1999
14 18NOV1999
15 19NOV1999
16 22NOV1999
17 23NOV1999
18  24NOV1999
19  25NOV1999
20  26NOV1999
21 29NOV1999
22 30NOV1999
23  01DEC1999

©CoOoO~NOO~WNE

FAAA

7.42
7.37
7.35
7.29
7.25
7.26
7.28
7.31
7.32
7.28
7.28
7.30
7.36
7.39
7.38
7.40
7.40
7.41

7.44
7.52
7.50
7.50

FBAA

8.33
8.30
8.28
8.23
8.19
8.20
8.13
8.13
8.12
8.06
8.03
8.01
8.08
8.10
8.09
8.12
8.12
8.11

8.13
8.20
8.17
8.18

GSCITR PFALL
2586.58  203.52 160.97
257552  202.70 162.19
2596.41  203.53 163.38
2620.53  203.97 163.96
2613.22  203.02 162.70
2616.61  203.14 163.57
2659.89  204.41 161.94
2684.81  204.84 158.22
2670.60  204.17 158.00
2709.32  205.63  156.76
2726.36  206.66  158.93
2738.96  206.32 159.30
2761.09 205.65 157.39
2712.71  202.74  155.10
2749.90 202.75  155.68
2784.27  203.14  156.96
2758.29  203.05 157.13
2776.49  202.76  155.82
2772.63  202.79 154.40
272893  203.14  153.37
2657.75  204.07 157.39
2676.57 203.98 158.44

Haver Analytics Database, Frequency=daily, infile=haverd.dat

PFGR

1354.12
1347.74
1354.93
1362.64
1370.23
1377.01
1365.28
1373.46
1381.46
1396.06
1394.39
1420.07
1410.71
1424.94
1422.00
1420.94
1404.64
1417.08

1416.62
1407.83
1388.91
1397.72

SP500

3096.19
3084.80
3091.45
3091.00
3108.64
3114.84
3083.00
3079.00
3083.25
3132.60
3122.17
3160.55
3129.24
3156.36
3138.01
3139.59
3119.44
3113.18

3103.57

3086.44
3083.49
3097.77

SPDJC
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Example 7.8. Using the KEEP Option to Subset Time Series
from a Haver Database

To select specific time series the KEEP or DROP option may also be used as follows.

libname libl sasehavr ’'path-to-haver-data’
freq=daily start=19991101 end=19991231 keep="SP*";

data hwoutd;
set libl.haverd;
run;

tittel 'Haver Analytics Database, Frequency=daily, infile=haverd.dat’;
proc print

data=hwoutd;
run;

Output 7.8.1shows two series that are selected by using KEEP="SP*" on the libname
statement.
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Output 7.8.1.  Using the KEEP option along with defining a Range Using
START=19991101 END=19991231

Haver Analytics Database, Frequency=daily, infile=haverd.dat

Obs DATE SP500 SPDJC
1 01INOV1999 1354.12 3096.19
2 02NOV1999 1347.74 3084.80
3 03NOV1999 1354.93 3091.45
4 04NOV1999 1362.64 3091.00
5 05NOV1999 1370.23 3108.64
6 08NOV1999 1377.01 3114.84
7 09NOV1999 1365.28 3083.00
8 10NOV1999 1373.46 3079.00
9 11INOV1999 1381.46 3083.25

10 12NOV1999 1396.06 3132.60
11 15NOV1999 1394.39 3122.17
12 16NOV1999 1420.07 3160.55
13 17NOV1999 1410.71 3129.24
14 18NOV1999 1424.94 3156.36
15 19NOV1999 1422.00 3138.01
16 22NOV1999 1420.94 3139.59
17 23N0OV1999 1404.64 3119.44
18 24NOV1999 1417.08 3113.18
19 25NOV1999 . .

20 26NOV1999 1416.62 3103.57
21 29NOV1999 1407.83 3086.44
22 30NOV1999 1388.91 3083.49
23 01DEC1999 1397.72 3097.77
24 02DEC1999 1409.04 3109.94
25 03DEC1999 1433.30 3165.46
26 06DEC1999 1423.33 3146.24
27 07DEC1999 1409.17 3111.07
28 08DEC1999 1403.88 3099.17
29 09DEC1999 1408.11 3101.33
30 10DEC1999 1417.04 3125.78
31 13DEC1999 1415.22 3117.77
32 14DEC1999 1403.17 3113.72
33 15DEC1999 1413.32 3133.11
34 16DEC1999 1418.78 3134.18
35 17DEC1999 1421.03 3142.46
36 20DEC1999 1418.09 3114.00
37 21DEC1999 1433.43 3120.48
38 22DEC1999 1436.13 3122.06
39 23DEC1999 1458.34 3175.80
40 24DEC1999 . .

41 27DEC1999 1457.10 3183.50
42 28DEC1999 1457.66 3203.45
43 29DEC1999 1463.46 3201.93
44 30DEC1999 1464.47 3203.93
45 31DEC1999 1469.25 3214.38

The DROP option can be used to drop specific variables from a Haver dataset. To
specify this option, use DROP= instead of KEEP= as shown above.
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Example 7.9. Using the SOURCE Option to Subset Time
Series from a Haver Database

To select specific variables that belong to a certain source, the SOURCE or
DROPSOURCE option may also be used much like KEEP and DROP.

libname libl sasehavr 'path-to-haver-data’
freq=daily start=19991101 end=19991223 source="FRB";

data hwoutd;
set libl.haverd;
run;

tittel 'Haver Analytics Database, Frequency=daily, infile=haverd.dat’;
proc print

data=hwoutd;
run;

Output 7.9.1shows two series that are selected by using SOURCE="FRB" on the
libname statement.

Output 7.9.1.  Using the SOURCE option along with defining a Range Using
START=19991101 END=19991213

Haver Analytics Database, Frequency=daily, infile=haverd.dat
Obs DATE FAAA FBAA

01NOV1999 7.42 8.33
02NOV1999 7.37 8.30
03NOV1999 7.35 8.28
04NOV1999 7.29 8.23
05NOV1999 7.25 8.19
08NOV1999 7.26 8.20
09NOV1999 7.28 8.13
10NOV1999 7.31 8.13
11NOV1999 7.32 8.12
10 12NOV1999 7.28 8.06
11 15NOV1999 7.28 8.03
12 16NOV1999 7.30 8.01
13 17NOV1999 7.36 8.08
14 18NOV1999 7.39 8.10
15 19NOV1999 7.38 8.09
16 22NOV1999 7.40 8.12
17 23NOV1999 7.40 8.12
18 24NOV1999 7.41 8.11
19 25NOV1999 . .

20 26NOV1999 7.44 8.13
21 29NOV1999 7.52 8.20
22 30NOV1999 7.50 8.17
23 01DEC1999 7.50 8.18
24 02DEC1999 7.53 8.19
25 03DEC1999 7.46 8.13
26 06DEC1999 7.45 8.12
27 07DEC1999 7.42 8.08
28 08DEC1999 7.44 8.10
29 09DEC1999 7.43 8.09
30 10DEC1999 7.37 8.03
31 13DEC1999 7.40 8.06

©CoO~NOUDhWNE
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Example 7.10. Using the GROUP Option to Subset Time
Series from a Haver Database

To select specific variables that belong to a certain group, the GROUP or
DROPGROUP option may also be used much like KEEP and DROP.

libname libl sasehavr ’'path-to-haver-date’
freq=week.6 start=20000107 end=20001007 group="C*";

data hwoutw;
set libl.haverw;
run;

tittel 'Haver Analytics Database, Frequency=week.6, infile=haverw.dat’;
proc print

data=hwoutw;
run;

Output 7.10.Ishows two series that are selected by using GROUP="C*" on the lib-
name statement.

Output 7.10.1.  Using the GROUP option along with defining a Range Using
START=20000107 END=20000609

Haver Analytics Database, Frequency=week.6, infile=haverw.dat

Obs DATE MBAMP MBAMR
1 07JAN2000 254.6 350.8
2 14JAN2000 292.0 390.5
3 21JAN2000 286.1 413.6
4 28JAN2000 292.6 384.4
5 04FEB2000 307.1 436.7
6 11FEB2000 270.8 373.1
7 18FEB2000 291.1 372.9
8 25FEB2000 278.4 346.6
9 03MAR2000 291.7 377.5

10 10MAR2000 290.0 361.8
11 17MAR2000 293.5 346.2
12 24MAR2000 312.2 386.6
13 31MAR2000 293.5 340.6
14 07APR2000 316.6 364.2
15 14APR2000 300.8 354.8
16 21APR2000 302.8 341.9
17 28APR2000 299.4 336.2
18 05MAY2000 322.4 331.3
19 12MAY2000 296.6 330.9
20 19MAY2000 326.3 328.9
21 26MAY2000 302.8 294.4
22 02JUN2000 335.0 318.1

23 09JUN2000 309.5 329.4
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Chapter 8
Using the Output Delivery System

Overview

In the latest version of SAS software, all SAS/ETS procedures use the Output
Delivery System (ODS) to manage their output. This includes managing the form

in which the output appears as well as its organization and format. The default for

SAS/ETS procedures is to produce the usual SAS listing file. However, by using

the features of the Output Delivery System, you can make changes to the format and
appearance of your SAS output. In particular, you can

e display your output in hypertext markup language (HTML).

display your output in Rich-Text-Format (RTF).

create SAS data sets directly from output tables.

select or exclude individual output tables.

customize the layout, format, and headers of your output.

ODS features can provide you with a powerful tool for managing your output. This
chapter provides background material and illustrates typical applications of ODS with
SAS/ETS software.

For complete documentation on the Output Delivery System, ref&AS Output
Delivery System User’s Guide

Output Objects and ODS Destinations

All SAS procedures producmutput objectshat the Output Delivery System delivers
to variousODS destinationsaccording to the default specifications for the procedure
or to your own specifications.

All output objects (for example, a table of parameter estimates) consist of two com-
ponent parts:

e the data component, which consists of the results computed by a SAS proce-
dure.

¢ the template, which contains rules for formatting and displaying the results.

When you invoke a SAS procedure, the procedure sends all output to the Output
Delivery System. ODS then routes the output to all open destinations. You define
the form the output should take when you specify an ODS destination. Supported
destinations are as follows:
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e Listing destination (the standard SAS listing), which is the default.
e HTML destination, hypertext markup language.
e Output destination, SAS data set.

Future versions of ODS will support the following additional destinations:

e the ODS Output Document for modifying and replaying output without rerun-
ning the procedure that created it.

e Rich Text Format (RTF) for inclusion in Microsoft Word.
e postscript and PCL for high fidelity printers.

You can activate multiple ODS destinations at the same time, so that a single proce-
dure step can route output to multiple destinations. If you do not supply any ODS
statements, ODS delivers all output to the SAS listing, which is the default.

Each output object has an associated template that defines its presentation format.
You can modify the presentation of the output by using the TEMPLATE procedure
to alter these templates or to create new templates. You can also specify stylistic
elements for ODS destinations, such as cell formats and headers, column ordering,
colors, and fonts. For detailed information, refer to the chapter titled “The Template
Procedure” in th&&AS Procedures Guide

Using the Output Delivery System

The ODS statement is a global statement that enables you to provide instructions
to the Output Delivery System. You can use ODS statements to specify options for
different ODS destinations, select templates to format your output, and select and
exclude output. You can also display the names of individual output tables as they
are generated.

In order to select, exclude, or modify a table, you must first know its name. You can
obtain the table names in several ways:

e For any SAS/ETS procedure, you can obtain table names from the individual
procedure chapter or from the individual procedure section of the SAS online
Help system.

e For any SAS procedure, you can use the SAS Explorer window to view the
names of the tables created in your SAS run (see the settking ODS with
the SAS Explorer'on page 247 for more information).

e For any SAS procedure, you can use the ODS TRACE statement to find the
names of tables created in your SAS run. The ODS TRACE statement writes
identifying information to the SAS log (or, optionally, to the SAS listing) for
each generated output table.
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Specify the ODS TRACE ON statement prior to the procedure statements that create
the output for which you want information. For example, the following statements
write the trace record for the specific tables created in this AUTOREG procedure
step.

ods trace on;
proc autoreg;
model y1
model y2
run;

time;
time;

By default, the trace record is written to the SAS log, as displaye€idnre 8.1
Alternatively, you can specify the LISTING option, which writes the information,
interleaved with the procedure output, to the SAS listing &esmple 8.

ods trace on;
proc autoreg;
model y1
model y2
run;

time;
time;

Output Added:

Name: ParameterEstimates

Label: Parameter Estimates

Template: ets.autoreg.ParameterEstimates

Path: Autoreg.Modell.OLSEst.ParameterEstimates

Name: ParameterEstimates

Label: Parameter Estimates

Template: ets.autoreg.ParameterEstimates

Path: Autoreg.Model2.OLSEst.ParameterEstimates

Figure 8.1. Partial Contents of the SAS Log: Result of the ODS TRACE Statement

Figure 8.1displays the trace record, which contains the name of each created table
and its associated label, template, and path. The label provides a description of the
table. The template name displays the name of the template used to format the table.
The path shows the output hierarchy to which the table belongs.

The fully qualified path is given in the trace record. A partially qualified path consists
of any part of the full path that begins immediately after a period (.) and continues to
the end of the full path. For example, the full path for the parameter estimates for the
first model in the preceding regression analysis is
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Autoreg.Modell.OLSEst.ParameterEstimates

Therefore, partially qualified paths for the table are

Autoreg.Modell.OLSEst.ParameterEstimates
Modell.OLSEst.ParameterEstimates
OLSEst.ParameterEstimates
ParameterEstimates

To refer to a table (in order to select or exclude it from display, for example), specify
either the table name or use the table’s fully or partially qualified path. You may
want to use qualified paths when your SAS program creates several tables that have
the same name, as in the preceding example. In such a case, you can use a partially
qualified path to select a subset of tables, or you can use a fully qualified path to select
a particular table.

You specify the tables that ODS selects or excludes with the ODS SELECT or ODS
EXCLUDE statement. Suppose that you want to display only the tables of parameter
estimates from the preceding regression analysis. You can give any of the follow-
ing statements (before invoking the AUTOREG procedure) to display both tables of
parameter estimates. For this example, these statements are equivalent:

ods select Autoreg.Modell.OLSEst.ParameterEstimates
Autoreg.Model2.OLSEst.ParameterEstimates;

ods select Modell.OLSEst.ParameterEstimates
Model2.OLSEst.ParameterEstimates;

ods select OLSEst.ParameterEstimates;

ods select ParameterEstimates;

The first ODS SELECT statement specifies the full path for both tables. The second
statement specifies the partially qualified path for both tables. The third and fourth
statements specify the partial path “OLSEst.ParameterEstimates,” and single name
“ParameterEstimates,” which are shared by both tables.

The Output Delivery System records the specified table names in its internal selection
or exclusion list. ODS then processes the output it receives. Note that ODS maintains
an overall selection or exclusion list that pertains to all ODS destinations, and it
maintains a separate selection or exclusion list for each ODS destination. The list for
a specific destination provides the primary filtering step. Restrictions you specify in
the overall list are added to the destination-specific lists.

Suppose, for example, that your listing exclusion list (that is, the list of tables you
wish to exclude from the SAS listing) contains the “Summary” table, which you
specify with the statement

ods listing exclude Summary;
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and your overall selection list (that is, the list of tables you want to select for all
destinations) contains the tables “Summary” and “ParameterEstimates,” which you
specify with the statement

ods select ParameterEstimates Summary;

The Output Delivery System then sends only the “ParameterEstimates” and
“Summary” tables to all open destinations except the SAS listing. It sends only
the “ParameterEstimates” table to the SAS listing because the table “Summary” is
excluded from that destination.

Some SAS procedures, such as the ARIMA or the MODEL procedure, support run-
group processing, which means that a RUN statement does not end the procedure.
A QUIT statement explicitly ends such procedures; if you omit the QUIT statement,

a PROC or a DATA statement implicitly ends such procedures. When you use the
Output Delivery System with procedures that support run-group processing, it is good
programming practice to specify a QUIT statement at the end of the procedure. This
causes ODS to clear the selection or exclusion list, and you are less likely to encounter
unexpected results.

Using ODS with the SAS Explorer

The SAS Explorer is a new feature that enables you to examine the various parts of
the SAS Systemn-igure 8.isplays the Results window from the SAS Explorer. The
Results node retains a running record of your output as it is generated during your
SAS sessionkigure 8.2displays the output hierarchy when the preceding statements
are executed.

= 13 ks
=i 155 Autoreg: The 5AS System
=-{&5) Model 1
[ Dependent Yariable
= @ Drdinary Least Squares Estimates
) Summary
: Parameter E stimates
E-{ Model 2
--[E) Dependent Variable
=i Lt:ﬁ' Ordinary Least Squares Estimates
[ Summary
B Parameter Estimates

Results IQJ Explorer I

Figure 8.2. The Results Window from the SAS Explorer

247



General Information ¢ Using the Output Delivery System

When you click on the output table names in the Results window, you link directly to
the output in the output window or, if you specify the HTML destination, inan HTML
browser. The items on the left-hand side of the Results node are output directories.
The items on the right-hand side of the Results node are the names of the actual
output objects. You can also use the Explorer to determine names of the templates
associated with each output table.

Controlling Output Appearance with Templates

A template is an abstract description of how output should appear when it is for-
matted. Templates describe several characteristics of the output, including headers,
column ordering, style information, justification, and formats. All SAS/ETS proce-
dures have templates, which are stored in the SASHELP library.

You can create or modify a template with the TEMPLATE procedure. For example,
you can specify different column headings or different orderings of columns in a
table. You can find the template associated with a particular output table by using the
ODS TRACE statement or the SAS Explorer.

You can display the contents of a template by executing the following statements:

proc template;
source  templatename
run;

wheretemplatenameés the name of the template.

Suppose you want to change the way all of the parameter estimates are displayed
by the AUTOREG procedure. You can redefine the templates that the procedure
uses with PROC TEMPLATE. For example, in order to have the ESTIMATE and
STANDARD ERROR columns always displayed with more digits, you can redefine
the columns used by the procedure to display them:

proc template;
edit ets.autoreg.ParameterEstimates;
edit Estimate; format=Best16.; end;
edit StdErr; format=Best16.; end;
end;
run;

The BESW. format enables you to display the most information about a value,
according to the available field width. The BEST16. format specifies a field width
of 16. Refer to the chapter on formats$A\S Language Reference: Dictiondioy
detailed information.

When you run PROC TEMPLATE to modify or edit a template, the template is stored
in your SASUSER library. You can then modify the path that ODS uses to look up
templates with the ODS PATH statement in order to access these new templates in
a later SAS session. This means that you can create a default set of templates to
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modify the presentation format for all your SAS output. (Note that you can specify
the SHOW option in the ODS PATH statement to determine the current path.)

Itis important to note the difference between a style template and a table template. A

table template applies only to the specific tables that reference the template. The pre-
ceding statements that modify the “ets.autoreg.ParameterEstimates” template provide
an example of modifying columns within a table template.

A style template applies to an entire SAS job and can be specified only in the ODS
HTML statement. You can specify a style as follows:

ods html style=Styles.Brown;

A style template controls stylistic elements such as colors, fonts, and presentation
attributes. When you use a style template, you ensure that all your output shares a
consistent presentation style.

You can also reference style information in table templates for individual headers and
data cells. You can modify either type of template with the TEMPLATE procedure.
For information on creating your own styles, refer84S Output Delivery System
User’s Guide

Interaction Between ODS and the NOPRINT Option

Most SAS/ETS procedures support a NOPRINT option that you can use when you
want to create an output data set but do not want any displayed output. Typically, you
use an OUTPUT statement in addition to the procedure’s NOPRINT option to create
a data set and suppress displayed output.

You can also use the Output Delivery System to create output data sets by using the
ODS OUTPUT statement. However, if you specify the NOPRINT option, the proce-
dure may not send any output to the Output Delivery System. Therefore, when you
want to create output data sets through ODS (using the ODS OUTPUT statement),
and you want to suppress the display of all output, specify

ODS SELECT NONE;

or close the active ODS destinations by giving the command

ODS destinationname CLOSE;

where destinationnamds the name of the active ODS destination (for example,
ODS HTML CLOSE).

Note: The ODS statement does not instruct a procedure to generate output: instead, it
specifies how the Output Delivery System should manage the table once it is created.
The requested data table (output) has to be generated by the procedure before ODS
can manage it. You must ensure that the proper options are in effect. For example,
the following code does not create the requested dat@ssets.
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proc autoreg;
ods output ML.ParameterEstimates=Parms;
model y1 = time;

run;

When you execute these statements, the following line is displayed in the log:
WARNING: Output 'ML.ParameterEstimates’ was not created.

The data seParms is not created because the table of parameter estimates is gener-
ated only when the METHOD=ML option is specified in the MODEL statement in
the AUTOREG procedure.

Compatibility Issues with Version 6 Prototypes

e The Version 6 prototype of the ODS output hierarchy is stored in a SAS catalog.
The latest version of SAS software has a more flexible item-store file type used
to store templates and ODS output.

e The Version 6 prototype ODS uses two macro variableBISK_ and
_PRINT_) to regulate the saving of an output hierarchy. The latest version
of SAS software uses the global ODS statement to accomplish this task.

e The Version 6 PROC TEMPLATE and PROC OUTPUT syntax is not compat-
ible with the latest version of SAS software.

Examples

The following examples display typical uses of the Output Delivery System.

Example 8.1. Creating HTML Output with ODS

This example demonstrates how you can use the ODS HTML statement to display
your output in hypertext markup language (HTML).

The following statements create the data AB2, which contains a second-order
autocorrelated time serié& The AUTOREG procedure is then invoked to estimate
the time trend ofY.

The ODS HTML statement specifies the name of the file to contain body of the
HTML output.

data AR2;

ul = 0; ull = 0;

do Time = -10 to 36;
u=+213*ul -.5*ull + 2*rannor(12346);
Y =10 + .5 * time + u;
if Time > 0 then output;
ull = ul; ul = u;

end;
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run;
ods html body="trend.htm’;

title 'Estimated Time Trend of Y’;
proc autoreg;
model Y = Time;
run;
ods html close;

By default, the SAS listing receives all output generated during your SAS run. In
this example, the ODS HTML statement opens the HTML destination, and both des-
tinations receive the generated outpQutput 8.1.1displays the results as they are
displayed in the SAS listing.

Note that you must specify the following statement before you can view your output
in a browser.

ods html close;

If you do not close the HTML destination, your HTML file may contain no output,
or you may experience other unexpected results.

Output 8.1.2displays the file 'trend.htm’, which is specified in the preceding ODS
HTML statement.

Output 8.1.1. Results for PROC AUTOREG: SAS Listing Output

Estimated Time Trend of Y
The AUTOREG Procedure

Dependent Variable Y

Ordinary Least Squares Estimates

SSE 214.953429 DFE 34

MSE 6.32216 Root MSE 2.51439

SBC 173.659101 AIC 170.492063

Regress R-Square 0.8200 Total R-Square 0.8200

Durbin-Watson 0.4752

Standard Approx

Variable DF Estimate Error t Value Pr > |t
Intercept 1 8.2308 0.8559 9.62 <.0001
Time 1 0.5021 0.0403 12.45 <.0001
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Output 8 1 2. Results for PROC AUTOREG HTML Output

=§l

Estimated Time Trend of ¥

The AUTOREG Procedure

214.953429 34

2.51439

6.32216
170.492063

173, 659151
0.8200 |

<.0001

0.8559 9.62

1 0.5021 0.0403  12.45  <.0001
[

Example 8.2. Creating HTML Output with a Table of Contents

The following example uses ODS to display the output in HTML with a table of
contents.

The data are the population of the United States in millions recorded at ten year
intervals starting in 1790 and ending in 1990. The MODEL procedure is used to
estimate a logistic growth curve by nonlinear ordinary least squares.

data uspop;
input pop 6.3 @@,;
retain year 1780;
year=year+10;
label pop="U.S. Population in Millions’;

datalines;
3929 5308 7239 9638 12866 17069 23191 31443

39818 50155 62947 75994 91972 105710 122775 131669
151325 179323 203211 226542 248710

ods html body="uspop.htm’
contents="uspopc.htm’
frame="uspopf.htm’;

title 'Logistic Growth Curve Model of U.S. Population’;
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proc model data=uspop;
label a = 'Maximum Population’
= ’Location Parameter’
= ’Initial Growth Rate’;
pop =a/ (1 +exp(b-c* (year-1790) ) );
fit pop start=(a 1000 b 5.5 c¢ .02)/ out=resid outresid;
run;
ods html close;

b
c

The ODS HTML statement specifies three files. The BODY= option specifies the file
to contain the output generated from the statements that follow. The BODY= option
is the only required option.

The CONTENTS= option specifies a file to contain the table of contents. The
FRAME-= option specifies a file to contain both the table of contents and the output.
You open the FRAME= file in your browser to view the table of contents together
with the generated output (s€gutput 8.2.). Note that, if you specify the ODS
HTML statement with only the BODY= argument, no table of contents is created.

The MODEL procedure is invoked to fit the specified model. The resulting output is
displayed inOutput 8.2.1

Output 8.2.1. HTML Output from the MODEL Procedure

Logistic Growth Curve Model of U.S. Population

Thea MODEL Procediine

MNOTE: AL OLE Reration T COMVERGE=0.001 Criferia Med.

Loaistic Growth Curve Mﬁ'u.a Pooulation =l
e B [
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The table of contents displayed@utput 8.2.1contains the descriptive label for each
output table produced in the MODEL procedure step. You can select any label in
the table of contents and the corresponding output will be displayed in the right-hand
side of the browser window.

Example 8.3. Determining the Names of ODS Tables

In order to select or exclude a table, or to render it as a SAS data set, you must first
know its name. You can obtain the table names in several ways:

e For any SAS/ETS procedure, you can obtain table names from the individual
procedure chapter or from the SAS online Help system.

e For any SAS procedure, you can use the SAS Explorer window to view the
names of the tables created in your SAS run.

e For any SAS procedure, you can use the ODS TRACE statement to find the
names of tables created in your SAS run. The ODS TRACE statement writes
identifying information to the SAS log for each generated output table.

This example uses the ODS TRACE statement with the LISTING option to obtain the
names of the created output objects. By default, the ODS TRACE statement writes
its information to the SAS log. However, you can specify the LISTING option to
have the information interleaved with the procedure output in the SAS listing.

The model will be the U.S. population model from the previous example.

ods trace on/listing;

title 'Logistic Growth Curve Model of U.S. Population’;
proc model data=uspop;
label a = 'Maximum Population’
b ‘Location Parameter’
¢ = ’Initial Growth Rate’;
pop =a/ (1+exp(b-c?* (year-1790) ) );
fit pop start=(a 1000 b 5.5 c¢ .02)/ out=resid outresid;
run;

ods trace off;

The purpose of these statements is to obtain the names of the ODS tables produced in
this PROC MODEL run. The ODS TRACE ON statement writes the trace record of
ODS output tables. The LISTING option specifies that the information is interleaved
with the output and written to the SAS listing.

The MODEL procedure is invoked to perform the analysis, the SAS listing receives
the procedure output and the trace record, and the trace is then turned off with the
OFF option.
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Output 8.3.1. The ODS Trace, Interleaved with MODEL Results: Partial Results

The MODEL Procedure

Output Added:

Name: ResidSummary
Label: Nonlinear OLS Summary of Residual Errors
Template:  ets.model.ResidSummary
Path: Model.OLS.ResidSummary
Nonlinear OLS Summary of Residual Errors
DF DF Adj
Equation Model Error SSE MSE Root MSE R-Square R-Sq Label
pop 3 18 3456  19.2020 4.3820 0.9972  0.9969 U.S. Population
in Millions
Output Added:
Name: ParameterEstimates
Label: Nonlinear OLS Parameter Estimates
Template: ets.model.ParameterEstimates
Path: Model.OLS.ParameterEstimates
Nonlinear OLS Parameter Estimates
Approx Approx

Parameter Estimate Std Err t Value Pr > |t Label

a 387.9307 30.0404 12.91 <.0001 Maximum Population

b 3.990385 0.0695 57.44 <.0001 Location Parameter

c 0.022703 0.00107 21.22 <.0001 Initial Growth Rate

As displayed irOutput 8.3.1the ODS TRACE ON statement writes the name, label,
template, and path name of each generated ODS table. For more information on
names, labels, and qualified path names, see the discussion in the Ydstianthe
Output Delivery Systembeginning on page 244.

The information obtained with the ODS TRACE ON statement enables you to request
output tables by name. The examples that follow demonstrate how you can use this
information to select, exclude, or create data sets from particular output tables.

Example 8.4. Selecting ODS Tables for Display

You can use the ODS SELECT statement to deliver only certain tables to open ODS
destinations. In the following example, the MODEL procedure is used to fit a model
for new one-family home sales.

titte 'Modeling One-Family Home Sales’;
data homes;

input year q pop yn cpi @@,
y=yn/cpi;

label g="New One-Family Houses Sold in Thousands’
pop="U.S. Population in Millions’
y='"Real Personal Income in Billions’
cpi='U.S. CPI 1982-1984 = 100’

255



General Information ¢ Using the Output Delivery System

datalines;

70 485 205.052 715.6 .388 71 656 207.661 776.8 .405
72 718 209.896 839.6 .418 73 634 211.909 949.8 .444
74 519 213.854 1038.4 .493 75 549 215.973 1142.8 .538
76 646 218.035 1252.6 .569 77 819 220.239 1379.3 .606
78 817 222.585 1551.2 .652 79 709 225.055 1729.3 .726
80 545 227.719 1918.0 .824 81 436 229.945 2127.6 .909
82 412 232.171 2261.4 965 83 623 234.296 2428.1 .996
84 639 236.343 2668.6 1.039 85 688 238.466 2838.7 1.076
86 750 240.658 3013.3 1.096 87 671 242.820 3194.7 1.136
88 676 245.051 3479.2 1.183 89 650 247.350 3725.5 1.240
90 536 249.975 3945.8 1.307

ods select ResidSummary ParameterEstimates;
ods trace on;
ods show;

The ODS SELECT statement specifies that only the two tables “ResidSummary” and
“ParameterEstimates” are to be delivered to the ODS destinations. In this example,
no ODS destinations are explicitly opened. Therefore, only the SAS listing, which
is open by default, receives the procedure output. The ODS SHOW statement dis-
plays the current overall selection list in the SAS log. The ODS TRACE statement
writes the trace record of the ODS output objects to the SAS log. In the following
statements, the MODEL procedure is invoked to produce the output.

proc model data=homes;
parms a b ¢ d;
q = a + b*y + c*lag(y) + d*pop;
%ar(ar_g,1,q)
endo q;
€X0 y pop;
id year;
fit g / dw;
run;

Output 8.4.1displays the results of the ODS SHOW statement, which writes the cur-
rent overall selection list to the SAS log. As specified in the preceding ODS SELECT
statement, only the two ODS tables “ResidSummary” and “ParameterEstimates” are
selected for output.

Output 8.4.1. Results of the ODS SHOW Statement

ods select ResidSummary ParameterEstimates;
ods trace on;
ods show;

Current OVERALL select list is:
1. ResidSummary
2. ParameterEstimates
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Partial results of the ODS TRACE statement, which is written to the SAS log, are
displayed inOutput 8.4.2

Output 8.4.2. The ODS TRACE: Partial Contents of the SAS Log

proc model data=homes;
parms a b c d;
g = a + b*y + c*lag(y) + d*pop;
%ar(ar_q,1,q)
endo q;
exo y pop;
id year;

fit q / dw;

runj

Output Added:

Name: ResidSummary

Label: Nonlinear OLS Summary of Residual Errors
Template: ets.model.ResidSummary

Path: Model.OLS.ResidSummary

Name: ParameterEstimates

Label: Nonlinear OLS Parameter Estimates
Template: ets.model.ParameterEstimates

Path: Model.OLS.ParameterEstimates

In the following statements, the ODS SHOW statement writes the current overall
selection list to the SAS log. The QUIT statement ends the MODEL procedure.
The second ODS SHOW statement writes the selection list to the log after PROC
MODEL terminates. The ODS selection list is reset to 'ALL, by default, when a
procedure terminates. For more information on ODS exclusion and selection lists,
see the sectiofiJsing the Output Delivery Systendeginning on page 244.

ods show;
quit;
ods show;

The results of the statements are displaye®irtput 8.4.3 Before the MODEL
procedure terminates, the ODS selection list includes only the two tables,
“ResidSummary” and “ParameterEstimates.”
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Output 8.4.3. The ODS Selection List, Before and After PROC MODEL
Terminates
ods show;
Current OVERALL select list is:

1. ResidSummary

quit;

real time
cpu time

ods show;

Current OVERALL

2. ParameterEstimates

NOTE: PROCEDURE MODEL used:

0.34 seconds
0.19 seconds

select list is: ALL

The MODEL procedure supports run-group processing. Before the QUIT statement
is executed, PROC MODEL is active and the ODS selection list remains at its pre-
vious setting before PROC MODEL was invoked. After the QUIT statement, the

selection list is reset to deliver all output tables.

The entire displayed output consists of the two selected tables, as displayetpint

8.4.4
Output 8.4.4. The Listing Output of the ResidSummary and ParameterEstimates
Tables from PROC MODEL
Logistic Growth Curve Model of U.S. Population
The MODEL Procedure
Nonlinear OLS Summary of Residual Errors
DF DF Adj Durbin
Equation Model Error SSE MSE R-Square R-Sq Watson
q 5 15 86388.2 5759.2 0.6201 0.5188 1.7410
Nonlinear OLS Parameter Estimates
Approx Approx
Parameter Estimate Std Err t Value Pr > |t Label
a 2622.538 1196.5 2.19 0.0446
b 1.216858 0.3723 3.27 0.0052
c -0.65809 0.3676 -1.79 0.0936
d -14.8418 8.6435 -1.72 0.1065
ar q I1 0.478075 0.2480 1.93 0.0730 AR(ar_q) q lagl
parameter
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Example 8.5. Creating an Output Data Set from an ODS Table

The ODS OUTPUT statement creates SAS data sets from ODS tables. In the fol-
lowing example, the AUTOREG procedure is invoked to estimate a large number of
Dickey-Fuller type regressions and part of the resulting procedure output is output to
a SAS data set. The Dickey-Fuller t-statistic is then calculated and PROC MEANS is
used to calculate the empirical critical values.

The data set/NITROOT contains 10,000 unit root time series.

data unitroot;
YLag = O;
do rep = 1 to 10000;
do time = -50 to 100;
Y = YLag + rannor(123);
if time > 0 then output;
YLag =Y,
end;
end;
run;

Determining the Names of the ODS Tables

The purpose of the following statements is to obtain the names of the output tables
produced in this PROC AUTOREG run. Note that a smaller datdesstt,is used for
this trial run. The ODS TRACE statement lists the trace record.

data test;
YLag = O;
do time = -50 to 100;
Y = YLag + rannor(123);
if time > 0 then output;
YLag = Y;
end;
run;

ods trace on;

proc autoreg data=test;
model Y = Ylag;

run;

ods trace off;
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Output 8.5.1. The ODS TRACE: Partial Contents of the SAS Log

ods trace on;

ods listing close;

proc autoreg data=test;
model Y = Ylag;

run;

Output Added:

Name: Dependent

Label: Dependent Variable
Template: ets.autoreg.Dependent
Path: Autoreg.Modell.Dependent

Name: ParameterEstimates

Label: Parameter Estimates

Template: ets.autoreg.ParameterEstimates

Path: Autoreg.Modell.OLSEst.ParameterEstimates

By default, the trace record is written to the SAS log, as displayedutput 8.5.1
Note that you can alternatively specify that the information be interleaved with the
procedure output in the SAS listing (SEgample 8.3.

Creating the Output Data Set

In the statements that follow, the ODS OUTPUT statement writes the ODS table
“ParameterEstimates” to a SAS data set caltgdParms. All of the usual data set
options, such as the KEEP= or WHERE= options, can be used in the ODS OUTPUT
statement. Thus, to modify tliRarameterEstimates data set so that it contains only
certain variables, you can use the data set options as follows.

ods listing close;
proc autoreg data=unitRoot;
ods output ParameterEstimates = myParms
(keep=Variable Estimate StdErr
where=(Variable='YLag’)) ;
by rep;
model Y = Ylag;
run;
ods listing;

The KEEP= option in the ODS OUTPUT statement specifies that only the variables
Variable, Estimate, and StdErr are written to the data set. The WHERE= option
selects the specific variable in which we are interest&ilag. The AUTOREG
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procedure is again invoked. In order to limit the amount of displayed output, the
ODS exclusion list is set to ALL.

In the following statements, the output data sgtParms is used to create the data
set TDISTN which contains the Dickey-Fuller t-statistics. PROC MEANS is then
utilized to tabulate the empirical 1, 5, and 10 percent critical values. The results are
displayed inOutput 8.5.2

data tdistn;

set myParms;

tStat = (Estimate-1)/StdErr;
run;

ods select Means.Summary;
proc means data=tDistn P1 P5 P10 fw=5;

var tStat;

titte 'Simulated Dickey-Fuller Critical Values’,
run;

Output 8.5.2. The Empirical Critical Values, Tabulated by PROC MEANS

Simulated Dickey-Fuller Critical Values
The MEANS Procedure
Analysis Variable : tStat

1st 5th 10th
Pctl Ptcl Pctl

-3.51 -2.90 -2.59
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Chapter 9

Statistical Graphics Using ODS
(Experimental)

Overview

Graphics are indispensable for modern statistical analysis. They enrich the analysis
by revealing patterns, identifying differences, and expressing uncertainty that would
not be readily apparent in tabular output. Effective graphics also add visual clarity
to an analytical presentation, and they provoke questions that would not otherwise be
raised, stimulating deeper investigation.

In SAS 9.1, a number of SAS/ETS procedures have been modified to use an exper-
imental extension to the Output Delivery System (ODS) that enables them to create
statistical graphics as automatically as tables. This facility is referred QS
Statistical Graphicgor ODS Graphicdor short), and it is invoked when you provide

the experimental ODS GRAPHICS statement prior to your procedure statements.
Any procedures that use ODS Graphics then create graphics, either by default or
when you specify procedure options for requesting specific graphs.

With ODS Graphics, a procedure creates the graphs that are most commonly needed
for a particular analysis. In many cases, graphs are automatically enhanced with use-
ful statistical information or metadata, such as sample sizep-aatlies, which are
displayed in an inset box. Using ODS Graphics eliminates the need to save numerical
results in an output data set, manipulate them with a DATA step program, and display
them with a graphics procedure.

The SAS/ETS procedures that use ODS Graphics in SAS 9.1 are listed on page 297.
The plots produced by each procedure and any corresponding options are described
in the procedure chapter. See the “ODS Graphics” subsection in the “Details” section
of each procedure chapter for additional information.

In many ways, creating graphics with ODS is analogous to creating tables with ODS.
You use
e procedure options and defaults to determine which graphs are created
e ODS destination statements (such as ODS HTML) to specify the output desti-
nation for graphics
Additionally, you can use
e graph names in ODS SELECT and ODS EXCLUDE statements to select or
exclude graphs from your output
e ODS styles to control the general appearance and consisteathgaiphs

e ODS templates to control the layout and detailgdividual graphs A default
template is provided by SAS for each graph.
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In SAS 9.1, the ODS destinations that support ODS Graphics include HTML,
LATEX, PRINTER, and RTF. These are discussed on page 274.

Both tables and graphs are saved in the ODS output file produced for a destination.
However, individual graphs can also be saved in files, which are produced in a spe-
cific graphics image file type, such as GIF or PostScript. This enables you to access
individual graphs for inclusion in a document. For example, you can save graphs
in PostScript files to include in a paper that you are writing WilipX. Likewise,

you can save graphs in GIF files to include in an HTML document. With the HTML
destination, you can also request an image map format that supports tool tip displays,
which appear when you move a mouse over certain features of the graph.

In common applications of procedures that use ODS Graphics, the default graphs
should suffice. However, when modifications become necessary, you can customize
a particular graph by changing its template, or you can make consistent changes to
all your graphs by selecting a different ODS style or by modifying an existing ODS
style definition:

e As with table definitions, you can access graph template definitions and mod-
ify them with the TEMPLATE procedure. Graph template definitions are writ-
ten in an experimental graph template language, which has been added to the
TEMPLATE procedure in SAS 9.1. This language includes statements for
specifying plot types (such as scatter plots and histograms), plot layouts, and
text elements (such as titles and insets). It also provides support for built-in
computations (such as histogram binning) and evaluation of computational ex-
pressions. Options are available for specifying colors, marker symbols, and
other aspects of plot features.

e ODS style definitions include a number of graph elements that correspond to
general features of statistical graphics, such as titles and fitted lines. The at-
tributes of these elements, such as fonts and colors, provide the defaults for
options in graph templates provided by SAS. Consequently, you can change all
of your graphs in a consistent manner by simply selecting a different style. For
example, by specifying the “Journal” style, you can create gray-scale graphs
and tables that are suitable for publication in professional journals.

Note: Statistical graphics created with ODS are experimental in this release, meaning
that both their appearance and their syntax are subject to change in a future release.

This chapter illustrates the use of ODS Graphics, and it provides general information
on managing your graphics. If you are unfamiliar with ODS, you will find it helpful

to readChapter 8, “Using the Output Delivery SystemiFor complete documenta-
tion on the Output Delivery System, refer to tBAS Output Delivery System User’s
Guide
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How to Use This Chapter

If you are trying out ODS Graphics for the first time, begin by reading the section
“Getting Started’on page 267, which provides the essentials. Additional examples
are given in the chapters for procedures that use ODS Graphics in SAS 9.1.

To take full advantage of ODS Graphics, you will need to learn more about ODS
destinations, output files, and image file types for graphics, as well as ways to access
and include individual graphs in reports and presentations. This is explained in the
section“Managing Your Graphicsbn page 274, the sectidraphics Image Files”

on page 283, and the sectitieixamples’beginning on page 300.

If you need to customize a graph by modifying its template, read the section
“Customizing Graphics with Templatesh page 287 and the series of examples be-
ginning on page 312.

If you need to customize a style definition read the sectiigles for Graphicson
page 293 and the series of examples beginning on page 322.

Getting Started

This section introduces the use of ODS Graphics with two simple examples, which
illustrate how the ODS GRAPHICS statement and an ODS destination statement are
required to produce graphics. In the first example, no procedure options are required,;
basic graphics are produced by default. In the second example, procedure options are
used to request specific plots.

Using the ODS GRAPHICS Statement

This example is taken from the “Getting Started” sectionGifapter 20, “The
MODEL Procedure.” It illustrates a situation in which only theDS GRAPHICS
statement and supported ODS destinati@re needed to create graphical displays.

The SASHELP library contains the data s@TIMON, which, in turn, includes the
variableLHUR, the monthly unemployment figures, and the varidBleghe monthly
industrial production index. Assume that these variables are related by the following
nonlinear equation:

1
lhur = —— +c+e
a-ip+0b

In this equatiora, b, andc are unknown coefficients ards an unobserved random
error.

The following statements illustrate how to use PROC MODEL to estimate values for
a, b, andc from the data irSASHELP.CITIMON.
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ods html;
ods graphics on;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit lhur;
id date;

run;

ods graphics off;
ods html close;

The ODS HTML statement specifies an HTML destination for the output. Note that
the LISTING destination is not supported by ODS Graphics in SAS 9.1. For a dis-
cussion of ODS destinations that are supported, see page 274.

The ODS GRAPHICSstatement is specified to request ODS Graphics in addition to
the usual tabular output. Here, the graphical output consists of a studentized residual
plot, a Cook’sD plot, a plot of actual and predicted values, plots of the sample auto-
correlation, partial autocorrelation, and inverse autocorrelation function of residuals,
a QQ plot and a histogram of residuals; these are showigimre 9.1throughFigure

9.8, respectively.

The ODS GRAPHICS OFF statement disables ODS Graphics, and the ODS HTML
CLOSE statement closes the HTML destination.

Studentized Residuals of LHUR

Studentized Residual
—
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Figure 9.1. Studentized Residuals
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Autocorrelation of Residuals of LHUR
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Figure 9.4. Autocorrelation of Residuals
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Figure 9.5. Partial Autocorrelation of Residuals
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Inverse Autocorrelation of Residuals of LHUR
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Figure 9.6. Inverse Autocorrelation of Residuals

QQ Plot of Residuals of LHUR versus Normal
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Figure 9.7. QQ Plot of Residuals
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Histogram of Residuals of LHUR
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Figure 9.8. Histogram of Residuals

For more information about ODS Graphics available in the MODEL procedure, see
the“ODS Graphics”section on page 1166 @hapter 20, “The MODEL Procedure.”

A sample program nameddsgrgs.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Using the ODS GRAPHICS Statement and Procedure Options

In this example, new options of the UCM procedure are used to request graphical
displays in addition to th©&DS GRAPHICSstatement.

The following data from the Connecticut Tumor Registry presents age-adjusted num-
bers of melanoma incidences per 100,000 people for 37 years from 1936 to 1972 The
data have been usedlioughton, Flannery, and Viofd980.

data melanoma;
input Melanoma_lIncidence_Rate @@;
year = mdy(1,1, 1836 + _n_-1 ); /* start year 1936 */
format year year4.;
datalines;
090808131412 17 18 16 15
15202527 29 2531242229
25 26 3.2 38 42 39 3.7 33 3.7 39
4.1 3.8 4.7 44 48 48 4.8

run;

The following statements request the estimation and forecast of the following model
and plots of the smoothed cycle component and forecasts.

272



Melanoma_lIncidence_Rate = trend + cycle + error

ods html,
ods graphics on;

proc ucm data=melanoma noprint;

run;

id year interval=year;

model Melanoma_Incidence_Rate;
irregular;

level variance=0 noest;

slope variance=0 noest;

cycle rho=1 noest=rho plot=smooth;
estimate back=5;

forecast back=5 lead=10 plot=forecasts print=none;

ods graphics off;
ods html close;

Getting Started

The smoothed cycle component and forecasts plots are displayeglire 9.9and
Figure 9.10 respectively. This graphical display are requested by specifying the
ODS GRAPHICSstatement prior to the procedure statements, and the experimental
PLOTS=options in the CYCLE and FORECAST statements. For more information
about the graphics available in the UCM procedure, se€QiS Graphics”section

on page 1664 iChapter 29, “The UCM Procedure.”

Smoothed Cycle Component
Period=9.73
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Figure 9.9. Smoothed Cycle Component Plot
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Forecasts for Melanoma_lncidence_Rate

Forecast

|
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Predicted O 95% Confidence Band ——— Start of multi-step forecasts

o Actual

Figure 9.10. Forecasts Plot

A sample program nameddsgrgs.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Managing Your Graphics

This section describes techniques for managing your graphics:

e specifying an ODS destination for graphics

viewing your graphs in the SAS windowing environment

referring to graphs by name when using ODS

selecting and excluding graphs from your output

modifying the appearance of all your graphs with styles

Specifying an ODS Destination for Graphics

Whenever you use ODS Graphics you must specify a valid ODS destination. The
examples if'Getting Started'illustrate how to specify an HTML destination. Other
destinations are specified in a similar way. For example, you can specify an RTF
destination with the following statements.

ods rtf;
ods graphics on;

...SAS statements...
ods graphics off;

ods rtf close;
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The supported ODS destinations are showmahle 9.1
Table 9.1. Destinations Supported by ODS Graphics

Destination Destination Family | Viewer
DOCUMENT Not Applicable
HTML MARKUP Browser
LATEX MARKUP Ghostview
PCL PRINTER Ghostview
PDF PRINTER Acrobat

PS PRINTER Ghostview
RTF Microsoft Word

Note: In SAS 9.1 the LISTING destination does not support ODS Graphics. You
must specify a supported ODS destination in order to produce ODS Graphics, as
illustrated by all the examples in this chapter.

Specifying a File for ODS Output

You can specify a file name for your output with the FILE= option in the ODS desti-
nation statement, as in the following example:

ods html file = "test.htm";

The output is written to the fileest.htm, which is saved in the SAS current folder.

At startup, the SAS current folder is the same directory in which you start your SAS
session. If you are running SAS with the windowing environment in the Windows
operating system, then the current folder is displayed in the status line at the bottom
of the main SAS window, as shown fgure 9.11

i | ] Ll P
[T — o1
[ =
Ll 4|7
Bp Resdls 9.1 Erglores [ [ ukput - (Unkitad) |[:I|.u¢-c1.miad: ]Eeaim-umuuh
[ ; i ~ [Scimfls . nil i
g

Figure 9.11. Current Folder (Right Bottom)

If you do not specify a file name for your output, then SAS provides a default file,
which depends on the ODS destination. This file is saved in the SAS current folder.
You can always check the SAS log to verify the name of the file in which your output
is saved. For example, suppose you specify the following statement at startup:

ods html;
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Then the following message is displayed in the SAS log:

NOTE: Writing HTML Body file: sashtml.htm

The default file names for each destination are specified in the SAS Registry. For
more information, refer to the SAS Companion for your operating system.

Viewing Your Graphs in the SAS Windowing Environment

The mechanism for viewing graphics created with ODS can vary depending on your
operating system, which viewers are installed on your computer, and the ODS desti-
nation you have selected.

If you are using the SAS windowing environment in the Windows operating system
and you specify an HTML destination, then by default the results are displayed in the
SAS Results Viewer as they are being generated. Depending on your configuration,
this may also apply to the PDF and RTF destinatioriSor information about the
windowing environment in a different operating system, refer to the SAS Companion
for that operating system.

If you do not want to view the results as they are being generated, then Beddst
— Options — Preferences. . .from the menu at the top of the main SAS window.
Then in theResultstab disableView results as they are generatedas shown in
Figure 9.12

Crr— 21
General | View | Edt  Results |web | Advanced|
Listing -

% Cieale fising

HTHL -
I" | Create HTML

Folder: [CADOCUME~1Mcham\LOCALS~1ATemp\SA
I¥ | (Vs RefiF R folder
Style: | Defaut =
Resaults oplions -
I_'; View results as they are generated

- resulls Lsing
| Intemal broveser O Prefemed web browser

| DK I Cancel

Figure 9.12. Disabling View of Results as Generated

*If you are using the LATEX or the PS destinations you must use a PostScript viewer, such as
Ghostview.
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You can change the default to use an external viewer instead of the Results Viewer.
Selectlools — Options — Preferences. . from the menu at the top of the main SAS
window. Then in theResultstab selecPreferred web browser, as shown irFigure

9.13 Your results will then be displayed in the default viewer that is configured in
your computer for the corresponding destination.

Preferences

HTML

CIOW e

Figure 9.13. Selecting an External Browser

You can also choose which browser to use for HTML output. S@leais — Options

— Preferences. . .from the menu at the top of the main SAS window. Then in
the Web tab selecOther browser, and type (or browse) the path of your preferred
browser, as shown iRigure 9.14
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CrEE— 21
General | View | Edt | Resuts Web | Advanced]

Prefeired browser
| Use default browser
{+' Dther browser

fl I% Browse... |

Stait page:

[Inttp: /e 535 com Use Default |

| 1] I Cancel

Figure 9.14. Changing the Default External Browser

Referring to Graphs by Name

Procedures assign a name to each graph they create with ODS Graphics. This enables
you to refer to ODS graphs in the same way that you refer to ODS tables (see the
“Using the Output Delivery Systensection on page 244 i@hapter 8, “Using the
Output Delivery Systen)! You can determine the names of graphs in several ways:

e You can look up graph names in the “ODS Graphics” section of chapters for
procedures that use ODS Graphics. See, for example,ab& Graphics”
section on page 1166 @hapter 20, “The MODEL Procedure.”

e You can use the Results window to view the names of ODS graphs created in
your SAS session. See the sectitusing ODS with the SAS Explorerbn
page 247 for more information.

e You can use the ODS TRACE ON statement to list the names of graphs created
by your SAS session. This statement adds identifying information in the SAS
log (or, optionally, in the SAS listing) for each graph that is produced. See
page 279 for an example, and thésing the Output Delivery Systensection
on page 244 for more information.

Note that the graph name is not the same as the hame of the file containing the graph
(see page 284).
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Selecting and Excluding Graphs

You can use graph names to specify which ODS graphs are displayed with the
ODS SELECT and ODS EXCLUDE statements. See the settismg the Output
Delivery System’on page 244 for information on how to use these statements.

Example

This example revisits the analysis described in the sectldsing the ODS
GRAPHICS Statement and Procedure Optioms’page 272.

To determine which output objects are created by ODS, you specify the ODS TRACE
ON statement prior to the procedure statements.

ods trace on;

ods html;
ods graphics on;

proc ucm data=melanoma;

id year interval=year;

model Melanoma_Incidence Rate;

irregular;

level variance=0 noest;

slope variance=0 noest;

cycle rho=1 noest=rho plot=smooth;

estimate back=5;

forecast back=5 lead=10 plot=forecasts print=none;
run;

ods graphics off;
ods html close;

Figure 9.1Xdisplays an extract from the trace record, which is added to the SAS log.
By default, the UCM procedure creates several table objects and two graph objects
named “SmoothedCyclePlot” and “ModelForecastsPlots.” In addition to the name,
the trace record provides the label, template, and path for each output object. Graph
templates are distinguished from table templates by a naming convention that uses the
procedure name in the second level and the word “Graphics” in the third level. For
example, the fully qualified template name for the forecasts plot created by PROC
UCM, as shown irFigure 9.15is

Ets.UCM.Graphics.ModelForecastsPlot
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Output Added:

Name: DataSet

Label: Input Data Set
Template: ETS.UCM.DataSet
Path: UCM.DataSet

Name: Forecasts

Label: Forecasts

Template: ets.UCM.Forecasts
Path: UCM.Results.Forecasts

WARNING: Statistical graphics displays created with ODS are
experimental in this release.

Output Added:

Name: SmoothedCyclePlot

Label: Smoothed Cycle Component
Template: ets.UCM.Graphics.S_Cycle

Path: UCM.Results.SmoothedCyclePlot

Name: ModelForecastsPlot

Label: Model and Forecast Plot

Template: ets.UCM.Graphics.ModelForecastsPlot
Path: UCM.Results.ModelForecastsPlot

Figure 9.15. Extract from the ODS Trace Record in SAS Log

Note that you can specify the LISTING option in the ODS TRACE ON statement to
write the trace record to the LISTING destination:

ods trace on / listing;

The following statements use the ODS SELECT statement to specify that only the two
graph objects named “Contour” and “SurfacePlot” are to be included in the HTML
output.

ods html;
ods graphics on;

ods select ModelForecastsPlot;
proc ucm data=melanoma noprint;

id year interval=year;
model Melanoma_Incidence_Rate;
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irregular;

level variance=0 noest;

slope variance=0 noest;

cycle rho=1 noest=rho plot=smooth;

estimate back=5;

forecast back=5 lead=10 plot=(forecasts) print=none;
run;

ods graphics off;
ods html close;

A sample program nameddsgrgs.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Specifying Styles for Graphics

ODS styles control the overall look of your output. A style definition provides for-
matting information for specific visual aspects of your SAS output. For ODS tables
this information typically includes a list of font definitions (each font defines a fam-
ily, size, weight, and style) and a list of colors, which are associated with common
areas of printed output, including titles, footnotes, by-groups, table headers, and table
cells.

Starting with SAS 9, ODS styles also include graphical appearance information such
as line and marker properties in addition to font and color information. Furthermore,
in SAS 9.1, ODS styles include graphics appearance informats for common elements
of statistical graphics created with ODS Graphics. These elements include fitted lines,
confidence and prediction bands, and outliers.

For more information about styles, refer to the “TEMPLATE Procedure: Creating a
Style Definition” in theSAS Output Delivery System User’s Guide

Specifying a Style

You can specify a style using the STYLE= option in a valid ODS destinatsuch as
HTML, PDF, RTF, or PRINTER. Each style produces output with the same content,
but a somewhat different visual appearance. For example, the following statement
request output using the “Journal” style.

ods html style = Journal;

Any SAS-supplied or user-defined style can be used for ODS Graphics. However, of
the SAS-supplied styles for SAS 9.1, four are specifically designed and recommended
for use with ODS Graphics:

*Style definitions do not apply to the LISTING destination, which uses the SAS monospace format
by default for output tables. The LISTING destination is not a valid destination for ODS Graphics in
SAS 9.1.
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Analysis
Default

Journal

Statistical

Figure 9.16and Figure 9.17illustrate the difference between the “Default” and the
“Journal” styles for the HTML destination. Note that the appearance of tables and
graphics is coordinated within a particular style. This is also illustrated in the series
of examples starting witkxample 9.11

For more information about styles for ODS Graphics, see the setStyes for
Graphics”on page 293 or refer to the “ODS Statistical Graphics and ODS Styles:
Usage and Reference (Experimental)” at
http://support.sas.com/documentation/onlinedoc/base/.
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Figure 9.16. HTML Output with Default Style

282



Graphics Image Files

Tie SAS System

Tie MIODEL Procedure

Nontinear OLS Parameler Estimates

Apgras
FParameter | Eshimate  Approx S Err tlaive  Pre=i
g 0008048 0.00343 283 00094
B -0.57059 02617 -216 00309
[ 3337135 0.7297 4,57 =.0001

Studentized Residuals of LHUR

Studentized Residual

T T T T T T
Jan1980 Jan1482 Jan1984 Jan1986 Jan1988 Jan1 940 Jan1892

DATE
[ Studentized Residual -~ 35% Confidence Limits |

Figure 9.17. HTML Output with Journal Style

Graphics Image Files

Accessing your graphs as individual image files is useful when you want to include

them in various types of documents. The default image file type depends on the ODS
destination, but there are other supported image file types that you can specify. You
can also specify the names for your graphics image files and the directory in which

you want to save them.

This section describes the image file types supported by ODS Graphics, and it ex-
plains how to name and save graphics image files.

283



General Information + Statistical Graphics Using ODS (Experimental)

Describing Supported Image File Types

If you are using an HTML or a LATEX destination, your graphs are individually
produced in a specific image file type, such as GIF or PostScript.

If you are using a destination in the PRINTER family or the RTF destination, the
graphs are contained in the ODS output file and cannot be accessed as individual
image files. However, you can open an RTF output file in Microsoft Word and then
copy and paste the graphs into another document, such as a Microsoft PowerPoint
presentation; this is illustrated Example 9.3

Table 9.2shows the various ODS destinations supported by ODS Graphics, the
viewer that is appropriate for displaying graphs in each destination, and the image
file types supported for each destination.

Table 9.2. Destinations and Image File Types Supported by ODS Graphics

Destination Destination| Viewer Image File Types
Family
DOCUMENT Not Applicable | Not Applicable
HTML MARKUP | Browser GIF (default), JPEG, PNG
LATEX MARKUP | Ghostview PostScript (default), EPSI, GIF,
JPEG, PNG
PCL PRINTER | Ghostview Contained in PostScript file
PDF PRINTER | Acrobat Contained in PDF file
PS PRINTER | Ghostview Contained in PostScript file
RTF Microsoft Word | Contained in RTF file

Note: In SAS 9.1 the LISTING destination does not support ODS Graphics. You
must specify a supported ODS destination in order to produce ODS Graphics, as
illustrated by all the examples in this chapter.

Naming Graphics Image Files

The names of graphics image files are determined Imase file namean index
counter and anextension By default, the base file name is the ODS graph name
(see page 278). The index counter is set to zero when you begin a SAS session, and
itis increased by one after you create a graph, independently of the graph type or the
SAS procedure that creates it. The extension indicates the image file type.

For instance, if you run the example on page 272 at the beginning of a SAS
session, the two graphics image files created SmwothedCyclePlot0.gif and
ModelForecastsPlotl.gif. If you immediately rerun this example, then ODS cre-
ates the same graphs in different image files na@ewothedCyclePlot2.gif and
ModelForecastsPlot3.gif.

You can specify the RESET option in the ODS GRAPHICS statement to reset the
index counter to zero. This is useful to avoid duplication of graphics image files if
you are rerunning a SAS program in the same session.

ods graphics on / reset;
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Note: The index counter is initialized to zero at the beginning of your SAS session or
if you specify the RESET option in the ODS GRAPHICS statement. Graphics image
files with the same name are overwritten.

You can specify a base file name for all your graphics image files with the
IMAGENAME-= option in the ODS GRAPHICS statement. For example:

ods graphics on / imagename = "MyName";

You can also specify

ods graphics on / imagename = "MyName" reset;

With the preceding statement, the graphics image files are naviydtameO,
MyNamel, and so on.

You can specify the image file type for the HTML or LATEX destinations with the
IMAGEFMT= option in the ODS GRAPHICS statement. For example:

ods graphics on / imagefmt = png;

For more information, see ti®DS GRAPHICS Statemengection on page 298.

Saving Graphics Image Files

Knowing where your graphics image files are saved and how they are named is par-
ticularly important if you are running in batch mode, if you have disabled the SAS
Results Viewer (see page 276), or if you plan to access the files for inclusion in a doc-
ument. The following discussion assumes you are running SAS under the Windows
operating system. If you are running on a different operating system, refer to the SAS
Companion for your operating system.

Your graphics image files are saved by default in the SAS current folder. If you
are using the SAS windowing environment, the current folder is displayed in the
status line at the bottom of the main SAS window (see also page 275). If you are
running your SAS programs in batch mode, the graphs are saved by default in the
same directory where you started your SAS session.

For instance, suppose the SAS current foldeZ:lsmyfiles. If you specify the ODS
GRAPHICS statement, then your graphics image files are saved in the directory
C:\myfiles. Unlike traditional high resolution graphics created with SAS/GRAPH,
ODS Graphics are not temporarily stored in a catalog in YWark directory.

With the HTML and the LATEX destinations, you can specify a directory for saving
your graphics image files. With the PRINTER and RTF destinations, you can only
specify a directory for your output file. The remainder of this discussion provides
details for each destination type.
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HTML Destination

If you are using the HTML destination, the individual graphs are created as GIF
files by default. You can use the PATH= and GPATH= options in the ODS HTML
statement to specify the directory where your HTML and graphics files are saved,
respectively. This also gives you more control over your graphs. For example, if you
want to save your HTML file namegkst.htm in the C:\myfiles directory, but you
want to save your graphics image filesGn\ myfiles\gif, then you specify

ods html path = "C:\myfiles"
gpath = "C:\myfiles\gif"
file = "test.htm";

When you specify the URL= suboption with the GPATH= option, SAS creates rela-
tive paths for the links and references to the graphics image files in the HTML file.
This is useful for building output files that are easily moved from one location to an-
other. For example, the following statements create a relative path gif iieectory

in all the links and references containedést.htm.

ods html path = "C:\myfiles"
gpath = "C:\myfiles\gif" (url="gif/")
file = "test.htm";

If you do not specify the URL= suboption, SAS creates absolute paths that are hard-
coded in the HTML file; these may cause broken links if you move the files. For more
information, refer to the ODS HTML statement in the “Dictionary of ODS Language
Statements”$AS Output Delivery System User’s Glide

LATEX Destination

IATEX is a document preparation system for high-quality typesetting. The experimen-
tal ODS LATEX statement produces output in the form ofgeX source file that is
ready to compile inAIEX.

When you request ODS Graphics for a LATEX destination, ODS creates the re-
quested graphs as PostScript files by default, andtX kource file includes refer-
ences to these image graphics files. You can compile’ipX [kile or you can access

the individual PostScript files to include your graphs in a differéfg{_document,
such as a paper that you are writing.

You can specify the PATH= and GPATH= options in the ODS LATEX statement, as
explained previously for the ODS HTML statement. S&@ample 9.4or an illustra-
tion.

The ODS LATEX statement is an alias for the ODS MARKUP statement using the
TAGSET=LATEX option. For more information, refer to the ODS MARKUP state-
ment in the “Dictionary of ODS Language Statemen&AES Output Delivery System
User’s Guidg.

If you are using a LATEX destination with the default PostScript image file type, your
ODS graphs are created in gray-scale, regardless of the style you are using. When
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you use this destination, it is recommended that you use the “Journal” style to obtain
high quality graphics. For more information about styles, seé3pecifying Styles
for Graphics”section on page 281.

To create color graphics using a LATEX destination, specify JPEG, GIF, or PNG
with the IMAGEFMT= option in the ODS GRAPHICS statement. If you spec-
ify GIF you can use a distiller to obtain a PostScript or a PDF file. If you spec-
ify JPEG you may need to include th®eclareGraphicsExtensions and the
\DeclareGraphicsRule commands in the preamble of yodigX file. For more
information, refer to theAleX documentation for thgraphicx  package.

PRINTER and RTF Destinations

If you are using a destination in the PRINTER family (PCL, PDF, PS) or the RTF
destination, the graphs are contained in the output file and cannot be accessed as
individual graphics image files. You can specify the path where the output file is to
be saved using the FILE= option of the ODS destination statement. For example,
suppose that you specify

ods pdf file = "test.pdf";

Then your ODS output is saved as the PDF tidst.pdf in the SAS current folder
(for example, inC:\myfiles).

You can specify a full path name for your output with the FILE= option. For instance
to save your PDF file to the directo@:\temp you specify

ods pdf file = "C:\temp\test.pdf";

You can always check the SAS log to verify where your output is saved. For example,
the preceding statement would result in the following log message:

NOTE: Writing ODS PDF output to DISK destination
"C:\temp\test.pdf", printer "PDF".

Customizing Graphics with Templates

This section describes how to locate templates for ODS Graphics, and how to display,
edit, and save these templates. It also provides an overview of the graph template
language. Before presenting these details, a review of the TEMPLATE procedure
terminology is helpful.

A template definitioris a set of SAS statements that can be run with the TEMPLATE
procedure to create a compiled template. Two common types of template definitions
aretable definitionsandstyle definitionsA table definition describes how to display

the output for an output object that is to be rendered as a table, and a style definition
provides formatting information for specific visual aspects of your SAS output.
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A third type of template definition is graph template definitioifor graph defini-

tion for short), which controls the layout and details of graphs produced with ODS
Graphics. Graph definitions begin with a DEFINE STATGRAPH statement and end
with an END statement.

A template storés a member of a SAS data library that stores compiled templates
created by the TEMPLATE procedure. Default templates supplied by SAS are saved
in the Sashelp. Tmplmst template store.

In common applications of ODS Graphics, it should not be necessary to modify the
default template for each graph, which is supplied by SAS. However, when cus-
tomization is necessary, you can modify the default template with the graph template
language in the TEMPLATE procedure.

If you are using the SAS windowing environment, the easiest way to display, edit,
and save your templates is by using the Templates window. For detailed information
about managing templates, refer to the “TEMPLATE Procedure: Managing Template
Stores” in theSAS Output Delivery System User’s Guide

For details concerning the syntax of the graph template language, refer to the
“TEMPLATE Procedure: Creating ODS Statistical Graphics Output (Experimental)”
at http://support.sas.com/documentation/onlinedoc/base/.

Locating Templates

The first step in customizing a graph is to determine which template was used to
create the original graph. The easiest way to do this is to specify the ODS TRACE
ON statement prior to the procedure statements that created the graph. The fully
qualified template name is displayed in the SAS log. This is illustratétkample

9.7 and the sectiofiUsing the Output Delivery Systentn page 244. Note that the
ODS TRACE ON statement applies to graphs just as it does to tables.

Displaying Templates

Once you have found the fully qualified name of a template, you can display its
definition using one of these methods:

e Open the Templates window by typiloglstemplates(or odst for short) in the
command line, as shown krigure 9.18 If you expand thesashelp.Tmplmst
icon, you can browse all the available templates and double-click on any tem-
plate icon to display its definition. This is illustratedixample 9.7
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Figure 9.18. Requesting the Templates Window in the Command Line

e Use the SOURCE statement in PROC TEMPLATE to display a template defi-

nition in the SAS log. For example, the following statements display the default
definition of the residual Q-Q plot in PROC MODEL.

proc template;
source Ets.Model.Graphics.QQPIot;
run;

Editing Templates

You can modify the format and appearance of a particular graph by modifying its
template. There are several ways to edit a template definition:

¢ Find the template icon in the Templates window, right-click on the icon, and

selectEdit from the pull-down menu. This opens a Template Editor window
in which you can edit the template definition. This approach is illustrated in
Example 9.7

Find the template icon in the Templates window and double-click on the tem-
plate icon to display the template definition. Copy and paste the template defi-
nition into the Program Editor.

Use the SOURCE statement with the FILE= option in PROC TEMPLATE.
This writes the template definition to a file that you can modify. For example:

proc template;
source Ets.Model.Graphics.QQPlot /
file = "qqtpl.sas";
run;

By default the file is saved in the SAS current folder. Note that with this ap-
proach you have to add a PROC TEMPLATE statement before the template
definition statements and a RUN statement at the end before submitting your
modified definition.
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Note: Graph definitions are self-contained and do not support parenting as do table
definitions. For more information about graph definitions and the graph template
language see thHéntroducing the Template Language for Graphisgttion on page

291.

Saving Customized Templates

After you edit the template definition you can submit your PROC TEMPLATE state-
ments as you would for any other SAS program:

e If you are using the Template Editor window, sel&ibmit from the Run
menu. For example, séexample 9.7

e Alternatively, submit your PROC TEMPLATE statements in the Program
Editor.

ODS automatically saves the compiled template in the first template store that it can
update, according to the currently defined ODS path. If you have not changed the
ODS path, then the modified template is saved in $lasuser. Templat template
store. You can display the current ODS path with the following statement.

ods path show;

By default, the result of this statement is displayed in the SAS log, as illustrated in
Figure 9.19

Current ODS PATH list is:

1. SASUSER.TEMPLAT(UPDATE)
2. SASHELP.TMPLMST(READ)

Figure 9.19. Result of ODS PATH SHOW Statement

Using Customized Templates

When you create ODS output (either graphs or tables) with a SAS program, ODS
searches sequentially through each element of the ODS PATH list for the first
template that matches the ODS name of each output object requested. This tem-
plate is used to produce the output object. If you have not changed the default
ODS path, then the first template store searche®bisuser. Templat, followed by
Sashelp. Tmplmst.

Note that you can have templates with the same name in different template stores.
The template that is used is the first one found in the ODS path.

The ODS PATH statement specifies which locations to search for definitions that
were created by PROC TEMPLATE, as well as the order in which to search for them.
You can change the default path by specifying different locations in the ODS PATH
statement. For example, the following statement changes the default ODS path so
that the first template store searchetMerk.Mypath.
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ods path work.mypath(update) sashelp.tmplmst(read);

The UPDATE option provides update access as well as read acodsskdvypath.
The READ option provides read-only accessStshelp. Tmpimst.

For more information, refer to the ODS PATH Statement in the “Dictionary of ODS
Language StatementsSAS Output Delivery System User’s Guide

Reverting to Default Templates

Customized templates are storedSasuser.Templat or in user-defined template
stores. The default templates provided by SAS are saved in the read-only template
storeSashelp. Tmplmst. Consequently, if you have modified any of the default tem-
plates and you want to create ODS Graphics with the original default templates, one
way to do so is by changing your ODS path as follows.

ods path sashelp.tmplimst(read) sasuser.templat(update);

A second approach, which is highly recommended, is to save all your customized
templates in a user-defined template store (for exaiijidek.Mypath). Then you
can reset the default ODS path with the ODS PATH RESET statement:

ods path reset;

A third approach is to save your customized definition as part of your SAS program
and delete the corresponding template from y@asuser. Templat template store.

Example 9.7illustrates all the steps of displaying, editing, saving and using cus-
tomized templates.

Introducing the Template Language for Graphics

Graph template definitions are written igeaph template languagevhich has been
added to the TEMPLATE procedure in SAS 9.1. This language includes statements
for specifying plot layouts (such as grids or overlays), plot types (such as scatter
plots and histograms), and text elements (such as titles, footnotes, and insets). It also
provides support for built-in computations (such as histogram binning) and evaluation
of expressions. Options are available for specifying colors, marker symbols, and
other attributes of plot features.

Graph template definitions begin with a DEFINE STATGRAPH statement in PROC
TEMPLATE, and they end with an END statement. You can specify the DYNAMIC
statement to define dynamic variables, the MVAR and NMVAR statements to define
macro variables, and the NOTES statement to provide descriptive information about
the graph.

The statements available in the graph template language can be classified as follows:
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e Control statements which specify conditional or iterative flow of control. By
default, flow of control is sequential. In other words, each statement is used in
the order in which it appears.

e Layout statements which specify the arrangement of the components of the
graph. Layout statements are arranged in blocks which begin with a LAYOUT
statement and end with an ENDLAYOUT statement. The blocks can be nested.
Within a layout block, you can specify plot, text, and other statement types to
define one or more graph components. Statement options provide control for
attributes of layouts and components.

e Plot statements which specify a number of commonly used displays, includ-
ing series plots, autocorrelation plots, histograms, and scatter plots. Plot state-
ments are always provided within a layout block. The plot statements include
options to specify which data columns from the source objects are used in the
graph. For example, in the SCATTERPLOT statement used to define a scatter
plot, there are mandatory X= and Y= options that specify which data columns
are used for the:- andy-variables in the plot, and there is a GROUP= option
that specifies a data column as an optional classification variable.

e Text statements which specify descriptions accompanying the graphs. An
entry is any textual description, including titles, footnotes, and legends, and it
can include symbols to identify graph elements.

As an illustration, the following statements display the template definition of the
Series plot available in PROC TIMESERIES (s€DS Graphics”in Chapter 28,
“The TIMESERIES Procedurg”

proc template;
link Ets.Timeseries.Graphics.SeriesPlot to
Statgraph.TimeSeries.SeriesPlot;
define statgraph Statgraph.TimeSeries.SeriesPlot;
dynamic title Time Series IntegerTime;
layout Gridded,;
EntryTitle TITLE / padbottom=5;
layout Overlay /
XGrid = True
YGrid True
XAxisOpts = ( Integer = INTEGERTIME );
SeriesPlot x = TIME y = SERIES /

markers = true

markercolor = GraphDataDefault:contrast
markersymbol = GraphDataDefault:markersymbol
markersize = GraphDataDefault:markersize
linecolor StatGraphDataline:contrastcolor

linepattern =
EndLayout;
EndLayout;
end;
run;

StatGraphFitLine:linestyle;

The DEFINE STATGRAPH statement in PROC TEMPLATE creates the graph tem-
plate definition. The DYNAMIC statement defines dynamic variables. The variable
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TITLE provides the title of the graph. The variables TIME and SERIES contain the
time variable and the time series. The variable INTEGERTIME is a binary variable
that can assume a value of TRUE or FALSE depending on whether an ID statement
is specified in the procedure. You can use these dynamic text variables in any text
element of the graph definition.

The overall display is specified with the LAYOUT GRIDDED statement. The title of
the graph is specified with the ENTRYTITLE statement inside a layout overlay block,
which is nested within the main layout. The main plot is a series plot specified with
the SERIESPLOT statement. The options in the SERIESPLOT statement, which are
given after the slash, specify the color, symbol,and size for the markers, and color and
pattern for the lines using indirect references to style attributes of the fyte
element:attribute . The values of these attributes are specified in the definition
of the style you are using, and so they are automatically set to different values if you
specify a different style. For more information about style references ségtfles

for Graphics”section on page 293.

The second ENDLAYOUT statement ends the main layout block and the END state-
ment ends the graph template definition.

Note: Graph template definitions are self-contained and do not support parenting (in-
heritance) as do table definitions. The EDIT statement is not supported.

For details concerning the syntax of the graph template language, refer to the
“TEMPLATE Procedure: Creating ODS Statistical Graphics Output (Experimental)”
at http://support.sas.com/documentation/onlinedoc/base/.

Styles for Graphics

This section provides an overview of the style elements for ODS Graphics. It also
describes how to customize a style definition and how to specify a default style for
all your output.

Introducing Style Elements for Graphics

An ODS style definition is composed of a setstyle elementsA style element is a
collection ofstyle attributeghat apply to a particular feature or aspect of the output.
A value is specified for each attribute in a style definition.

Style definitions control the overall appearance of ODS tables and graphs. For ODS
tables, style definitions specify features such as background color, table borders, and
color scheme, and they specify the fonts, sizes, and color for the text and values
in a table and its headers. For ODS graphs, style definitions specify the following
features:

background color

graph dimensions (height and width). Seeample 9.13or an illustration.
borders

line styles for axes and grid lines
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e fonts, sizes, and colors for titles, footnotes, axis labels, axis values, and data
labels. Seé&xample 9.1%or an illustration.

e marker symbols, colors, and sizes for data points and outliers
e line styles for needles

e line and curve styles for fitted models and predicted valuesESemple 9.12
for an illustration.

e line and curve styles for confidence and prediction limits

o fill colors for histogram bars, confidence bands, and confidence ellipses
e colors for box plot features

e colors for surfaces

e color ramps for contour plots

In the templates supplied by SAS for ODS graphs, options for plot features are always
specified with a style reference of the fomtyle-element:attribute rather

than a hard-coded value. For example, the symbol, color, and size of markers for
basic series plots are specified in a template SERIESPLOT statement as follows:

SeriesPlot x=TIME y=SERIES /
markercolor = GraphDataDefault:contrast
markersymbol = GraphDataDefault:markersymbol
markersize = GraphDataDefault:markersize;

This guarantees a common appearance for markers used in all basic series plots,
which is controlled by th&raphDataDefault  element of the style definition that
you are using.

In general, the ODS graph features listed above are determined by style element
attributes unless they are overridden by a statement or option in the graph template.

In order to create your own style definition or to modify a style definition for
use with ODS Graphics, you need to understand the relationships between style
elements and graph features. This information is provided in the section “ODS
Statistical Graphics and ODS Styles: Usage and Reference (Experimental)” at
http://support.sas.com/documentation/onlinedoc/base/.

Style definitions are created and modified with the TEMPLATE procedure. For more
information, refer to the “TEMPLATE Procedure: Creating a Style Definition” in the
SAS Output Delivery System User’s Guide

Customizing Style Definitions

The default style definitions that SAS provides are stored in the “Styles” directory of
Sashelp. Tmplmst.

You can display, edit, and save style definitions using the same methods available for
modifying template definitions, as explained in the sections beginning on page 288.
In particular, you can display style definitions using one of these methods:
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e If you are using the Templates window in the SAS windowing environment,
expand th&ashelp. Tmplimstnode undefemplates and then sele@tylesto
display the contents of this folder.

e Use the SOURCE statementin PROC TEMPLATE. For example, the following
statements display the “Journal” style definition in the SAS log.

proc template;
source Styles.Journal;
run;

Specifying a Default Style

The default style for each ODS destination is specified in the SAS Registry. For
example, the default style for the HTML destination is “Default,” and for the RTF
destination it is “Rtf.”

You can specify a default style for all your output in a particular ODS destination.
This is useful if you want to use a different SAS-supplied style, if you have modified
one of the SAS-supplied styles (see page 294), or if you have defined your own style.
For example, you can specify the “Journal” style for all your RTF output.

The recommended approach for specifying a default style is as follows. Open the
SAS Registry Editor by typingegeditin the command line. Expand the no@®S

— DESTINATIONS and select a destination (for example, selR€F). Double-

click the Selected Styldtem, as illustrated irrigure 9.20 and specify a style. This

can be any SAS-supplied style or a user-defined style, as long as it can be found with
the current ODS path (for example, speclfyurnal). You can specify a default style

for the HTML, MARKUP, and PRINTER destinations in a similar way.

=
SAS Registy Contents of RTF"
[e3g sas_rEGISTRY hame [ Data
B E,'Eﬂ APPLICATIONCLASS EBody Tithe el
{¥] Ei COLORMAMES 2 Columns 1
[#] g8f CORE ‘ab.Default Directary
& g GMSPROVIDER "ab.Default State “off
= g 005 b File "sasitf.rtf"
= JE STINATIONS Eﬁraphil: Footnotes "on"
g a?;l‘-JMENT EGrap\hic Titles “on"
- Eig MARKUP b keepn o
B8 MONOSPACE %Recutd Separator
=153 PRINTER shsasoae oft”
s RTF ab selected Style | “RH
- g Gl (b Use SASWORK I% “on"
-3 1CONS
g3 PRODUCTS
- gl SASCLSID
1] 1]
Figure 9.20. SAS Registry Editor

Note: ODS searches sequentially through each element of the ODS PATH list for the
first style definition that matches the name of the style specified in the SAS Registry.
The first style definition found is used. If you are specifying a customized style as
your default style, the following are useful suggestions:
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¢ Ifyou save your style ilsasuser.Templat, verify that the name of your default
style matches the name of the style specified in the SAS Registry. For example
suppose the “Rtf” style is specified for the RTF destination in the SAS Registry.
You can name your stylRtf and save it irSasuser.Templat. This blocks the
“Rtf” style in Sashelp. Tmplmst.

¢ If you save your style in a user-defined template store, verify that this template
store is the firstin the current ODS PATH list. Include the ODS PATH statement
in your SAS autoexec file so that it is executed at startup.

For the HTML destination, an alternative approach for specifying a default style is as
follows. From the menu at the top of the main SAS window sélecis — Options

— Preferences. .. In the Resultstab check theCreate HTML box and select a
style from the pull-down menu. This is illustratedhigure 9.21

CrTa— 21
General | View | Edt  Resuts |web | Advanced]
-
¥ Create listing
HTML
[ Create HTML

Folder: [CADOCUME*1Micham\LOCALS“1ATemp!\SA
v UseWORK folder

Siyle: Defaul b
Eleclionics -
Results oplions | fancyPrinter :
¥ | View B
View 1 Magnily =
{W Intemal browser " Prefemed web browser

| 1] I Cancel

Figure 9.21. Selecting a Default Style for HTML Destination
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Detalls

Procedures Supporting ODS Graphics

The following SAS procedures support ODS Graphics in SAS 9.1.:

Base SAS SAS/STAT
e CORR o ANOVA
SAS/ETS ¢ CORRESP
o GAM
o ARIMA o GENMOD
e AUTOREG e GLM
e ENTROPY e KDE
o EXPAND e LIFETEST
¢ MODEL e LOESS
e SYSLIN ¢ LOGISTIC
o TIMESERIES e MI
e UCM e MIXED
¢ VARMAX e PHREG
e X12 ¢ PRINCOMP
e PRINQUAL

SAS High-Performance Forecasting
¢ REG

e HPF ¢ ROBUSTREG

For details on the specific graphs available with a particular procedure, see the “ODS
Graphics” section in the corresponding procedure chapter.

Operating Environments Supporting ODS Graphics

The following operating systems are supported:

e Windows (32- and 64- bit)

e OpenVMS Alpha

e 7/OS (0S/390)

e UNIX (AIX, HP-UX, Tru64 UNIX, Solaris, Linux)

For information specific to an operating system, refer to the SAS Companion for that
operating system.
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Creating ODS Graphics in z/OS

Creating ODS Graphics with the z/OS (0S/390) operating system requires the fol-
lowing to be configured by your System Administrator:

e Java
e UNIX File System components

For more information, refer to the sections “Installing UNIX File System
Components” and “Configuring SAS Software for Use with the Java Platform” of
the SAS System Configuration Guide

In addition, when you specify an ODS HTML destination you must specify the
PATH= or GPATH= option with a valid UNIX directory.

ODS GRAPHICS Statement
The basic syntax for enabling ODS Graphics is

ods graphics on;

You specify this statement prior to your procedure statements, as illustrated in the
“Using the ODS GRAPHICS Statemergéction on page 267. Any procedure that
supports ODS Graphics then produces graphics, either by default or when you specify
procedure options for requesting particular graphs.

To disable ODS Graphics, specify
ods graphics off;

The following is a summary of the ODS GRAPHICS statement syntax. You can find
the complete syntax in the section ODS Graphics Statement in the “Dictionary of
ODS Language StatementsSSAS Output Delivery System User's Glide

Syntax
ODS GRAPHICS < OFF | ON < / options > > ;

enables ODS to create graphics automatically. The default is ON.

Options

ANTIALIAS | NOANTIALIAS
ANTIALIAS = ON | OFF
controls the use of antialiasing to smooth the components of a graph.

OFF
suppresses the use of antialiasing for components other than text.

ON
specifies that antialiasing is to be used to smooth jagged edges of all of the
components in a graph.
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Text displayed in a graph is always antialiased. If the number of observations in the
ODS output object exceeds 250, then antialiasing is not used, even if you specify the
option ANTIALIAS=0ON. The default is ON.

IMAGEFMT = < image-file-type | STATIC | STATICMAP >
specifies the image file type (directly or indirectly) for displaying graphics in ODS
output. The default image file type depends on the ODS destination; it is used when
you specify IMAGEFMT=STATIC. You can also specify other supported image file
types. This option only applies to ODS Graphics, and it has no effect on traditional
high resolution graphics that rely on GOPTIONS values. The default is STATIC.

image-file-type
specifies the type of image you want to add to your graph. If the image file type
is not valid for the active output destination, the default is used instEsule
9.3lists the image file types supported for the ODS destinations that are valid
with ODS Graphics.

STATIC
specifies the best quality image file type for the active output destination.

STATICMAP
applies only with the HTML destination and specifies that an HTML image
map is to be created for tool tip support. The image file type used is the same
as with STATIC. For an illustration seexample 9.2 If the number of obser-
vations in the data set exceeds 500, the image map is not generated.

Table 9.3. Supported Destinations and Image File Types

Destination | Values for IMAGEFMT= Option
HTML GIF (default), JPEG, PNG

LATEX PS (default), EPSI, GIF, JPEG, PNG
PCL Not applicable

PDF Not applicable

PS Not applicable

RTF Not applicable

Note: For PCL, PDF, PS, and RTF, the IMAGEFMT= option is not applicable be-
cause the graph is contained in the output file. Bede 9.2

IMAGENAME = <file-name>
specifies the base image file name. The default is the name of the output object. You
can determine the name of the output object by using the ODS TRACE statement.
The base image name should not include an extension. ODS automatically adds
the increment value and the appropriate extension (which is specific to the output
destination that has been selected).

RESET
resets the index counter appended to image file names.

Note: The index counter is initialized to zero at the beginning of your SAS session or
if you specify the RESET option in the ODS GRAPHICS statement. Graphics image
files with the same name are overwritten.
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Examples

This section provides a series of examples which illustrate various tasks that can be
performed with ODS Graphics. The examples are presented in increasing order of
task complexity and should be read sequentially.

Example 9.1. Selecting and Excluding Graphs

This example illustrates how to select and exclude ODS graphs from your output.

The “Getting Started” example on page 267 uses the MODEL procedure to produce
the plots shown ifrigure 9.1throughFigure 9.8

The ODS TRACE ON statement requests a record of the output objects created by
ODS, which is displayed in the SAS log as showrDintput 9.1.1

ods trace on;

ods html;
ods graphics on;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit Ihur;
id date;

run;

ods graphics off;
ods html close;
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Examples

Output Added:

Name: ModSummary

Label: Variable Counts

Template: ets.model.ModSummary

Path: Model.ModSum.ModSummary

Output Added:

Name: EstSummaryStats

Label: Estimation Summary Statistics
Template: ets.model.EstSummaryStats
Path: Model.OLS.EstSummaryStats

WARNING: Statistical graphics displays created with ODS are
experimental in this release.

Output Added:

Name: StudentResidualPlot

Label: Studentized Residuals of LHUR
Template: ETS.Model.Graphics.StudentResidualPlot
Path: Model.OLS.StudentResidualPlot

Name: CooksD

Label: Cook’'s D for the Residuals of LHUR
Template: ETS.Model.Graphics.CooksD

Path: Model.OLS.CooksD

Output Added:

Name: ResidualHistogram

Label: Histogram of Residuals of LHUR
Template: ETS.Model.Graphics.ResidualHistogram
Path: Model.OLS.ResidualHistogram

You can use the ODS SELECT statement to restrict your output to a particular subset
of ODS tables or graphs. The following statements restrict the output to the Cook’s

D plot, which is shown irDutput 9.1.2
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Output 9.1.2.

ods html;
ods graphics on;

proc model data=sashelp.citimon;
ods select CooksD;
lhur = 1/(a * ip + b) + c;
fit lhur;
id date;

run;

ods graphics off;
ods html close;

Cook’s D Plot

Statistical Graphics Using ODS (Experimental)

Cook's D Statistic

Cook's D for the Residuals of LHUR
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Conversely, you can use the ODS EXCLUDE statement to display all the output with
the exception of a particular subset of tables or graphs. For example, to exclude the
studentized residuals plot from the output you specify

ods exclude StudentResidualPlot;

See the'Selecting and Excluding Graphsection on page 279 for further informa-
tion.

A sample program nameodsgrOl.sas is available for this example in the SAS
Sample Library for SAS/ETS software.
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Example 9.2. Creating Graphs with Tool Tips in HTML

This example demonstrates how to request graphics in HTML with tool tip displays,
which appear when you move a mouse over certain features of the graph. When
you specify the HTML destination and the IMAGEFMT=STATICMAP option in the
ODS GRAPHICSstatement, then the HTML file output file is generated with an
image map of coordinates for tool tips. The individual graphs are saved as GIF files.

Example 28.30of Chapter 28, “The TIMESERIES Procedure”utilizes the
SASHELP.WORKERS data set to study the time series of electrical workers and its
interaction with the series of masonry workers.

The following statements request a plot of the series of electrical workers using the
PLOT option in the PROC TIMESERIES statement.

ods html;
ods graphics on / imagefmt = staticmap;

proc timeseries data=sashelp.workers out=_null_
plot=series;
id date interval=month;
var electric;
crossvar masonry;
run;

ods graphics off;
ods html close;

Output 9.2.1displays the series plot that is included in the HTML output.

Moving the mouse over a data point shows a tool tip with the corresponding identi-
fying information.
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Output 9.2.1.  Series Plot with Tool Tips

Series Plot
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Note: Graphics with tool tips are only supported for the HTML destination.

A sample program nameodsgr02.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.3. Creating Graphs for a Presentation

The RTF destination provides the easiest way to create ODS graphs for inclusion in a
document or presentation. You can specify the ODS RTF statement to create a file that
is easily imported into a word processor (such as Microsoft Word or WordPerfect) or
a presentation (such as Microsoft PowerPoint).

In this example, the following statements request that the outptkample 9.1be
saved in the filanodel.rtf.

ods rtf file = "model.rtf";
ods graphics on;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit Ihur;
id date;

run;

ods graphics off;
ods rtf close;
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The output file includes various tables and the following plots: a studentized residual
plot, a Cook’sD plot, a predicted by actual values plot, an autocorrelation of resid-
uals, a partial autocorrelation of residuals, an inverse autocorrelation of residuals, a
QQ plot of residuals, and a histogram of the residuals. The studentized residuals plot
is shown inOutput 9.3.1

Output 9.3.1.  Studentized Residuals Plot
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If you are running SAS in the Windows operating system, it is easy to include your
graphs in a Microsoft PowerPoint presentation when you generate RTF output. You
can open the RTF file in Microsoft Word and simply copy and paste the graphs into
Microsoft PowerPoint. In general, RTF output is convenient for exchange of graphi-
cal results between Windows applications through the clipboard.

Alternatively, if you request ODS Graphics using the HTML destination, then your
individual graphs are created as GIF files by default. You can insert the GIF files
into a Microsoft PowerPoint presentation. S&eming Graphics Image Filesind
“Saving Graphics Image File$or information on how the image files are named and
saved.

A sample program nameddsgr03.sas is available for this example in the SAS
Sample Library for SAS/ETS software.
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Example 9.4. Creating Graphs in PostScript Files

This example illustrates how to create individual graphs in PostScript files, which is
particularly useful when you want to include them i"ggX document.

The following statements specify a LATEX destinatidior the output inExample
9.3with the “Journal” style.

ods latex style=Journal;
ods graphics on;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit Ihur;
id date;

run;

ods graphics off;
ods latex close;

The “Journal” style displays gray-scale graphs that are suitable for a journal. When
you specify the ODS LATEX destination, ODS creates a PostScript file for each
individual graph in addition to @TX source file that includes the tabular output
and references to the PostScript files. By default these files are saved in the SAS
current folder. If you run this example at the beginning of your SAS session, the
studentized residual plot shown @utput 9.4.1is saved by default in a file named
StudentResidualPlot0.ps. See page 284 for details about how graphics image files
are named.

*The LATEX destination in ODS is experimental in SAS 9.1.

306



Examples

Output 9.4.1.  Histogram Using Journal Style

Studentized Residuals of LHUR
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If you are writing a paper, you can include the graphs in your oviigXLsource file
by referencing the names of the individual PostScript graphics files. In this situation,
you may not find necessary to use thBK source file created by SAS.

If you specify PATH= and GPATH= options in the ODS LATEX statement, your
tabular output is saved as/EX source file in the directory specified with the PATH=
option, and your graphs are saved as PostScript files in the directory specified with
the GPATH= option. This is illustrated by the following statements:

ods latex path = "C:temp"
gpath = "C:temp\ps" (url="ps/")
style = Journal;

ods graphics on;

...SAS statements...

ods graphics off;
ods latex close;

The URL= suboption is specified in the GPATH= option to create relative paths
for graphs referenced in théTEeX source file created by SAS. See thHeéTML
Destination”section on page 286 for further information.

A sample program nameddsgrO4.sas is available for this example in the SAS
Sample Library for SAS/ETS software.
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Example 9.5. Creating Graphs in Multiple Destinations

This example illustrates how to send your output to more than one destination with a
single execution of your SAS statements.

For instance, to create both HTML and RTF output, you can specify the ODS HTML
and the ODS RTF statements before your procedure statements.

ods html;
ods rtf;

...SAS statements...

ods _all_ close;

The ODS_ALL _ CLOSE statement closes all open destinations.

You can also specify multiple instances of the same destination. For example, using
the data in théUsing the ODS GRAPHICS Statement and Procedure Optieas*®

tion on page 272, the following statements save the smoothed cycle component plot
to the filesmoothcycle.pdf and the forecasts plot to the filerecasts.pdf.

ods pdf file="smoothcycle.pdf";
ods pdf select SmoothedCyclePlot;

ods pdf(id=frcst) file="forecasts.pdf";
ods pdf(id=frcst) select ModelForecastsPIlot;

ods graphics on;

proc ucm data=melanoma noprint;

id year interval=year;

model Melanoma_Incidence_Rate;

irregular;

level variance=0 noest;

slope variance=0 noest;

cycle rho=1 noest=rho plot=smooth;

estimate back=5;

forecast back=5 lead=10 plot=forecasts print=none;
run;

ods graphics off;
ods _all_ close;

The ID= option assigns the namsef to the second instance of the PDF destination.
Without the ID= option, the second ODS PDF statement would close the destination
that was opened by the previous ODS PDF statement, and it would open a new in-
stance of the PDF destination. In that case, thesfiothcycle.pdf would contain

no output. For more information, refer to the Example 1 of the ODS PDF statement in
the “Dictionary of ODS Language StatementSAS Output Delivery System User’s
Guide.
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Example 9.6. Displaying Graphs Using the DOCUMENT
Procedure

This example illustrates the use of the DOCUMENT destination and the
DOCUMENT procedure to display your ODS graphs. In particular, this is

useful when you want to display your output (both tables and graphs) in one or more
ODS destinations, or when you want to use different styles without rerunning your
SAS program.

In general, when you send your output to the DOCUMENT destination you can use
the DOCUMENT procedure to rearrange, duplicate, or remove output from the re-
sults of a procedure or a database query. You can also generate output for one or more
ODS destinations. For more information, refer to the ODS DOCUMENT statementin
the “Dictionary of ODS Language Statements” and “The DOCUMENT Procedure”
(SAS Output Delivery System User’s Giide

The following statements repeat the estimation of the modé&xample 9.1 The

ODS DOCUMENT statement stores the data for the tables and the plots from this
analysis in an ODS document namiédrDoc. Neither the tables nor the plots are
displayed.

ods listing close;
ods document name=lhurDoc(write);
ods graphics on;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit Ihur;
id date;

run;

quit;

ods graphics off;
ods document close;
ods listing;

If you want to display, for example, the Q-Q plot of residuals using PROC
DOCUMENT, you first need to determine its name. You can do this by specifying
the ODS TRACE ON statement prior to the procedure statements (see page 278 for
more information). Alternatively, you can typelsdocumentgor odsdfor short) in

the command line to open the Documents window, which you can then use to manage
your ODS documents.

The following statements specify an HTML destination and display the residual Q-Q
plot using the REPLAY statement in PROC DOCUMENT.
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ods html;

ods select QQPIot;

proc document name = lhurDoc;
replay;

run;

quit;

ods html close;

By default, the REPLAY statement attempts to replay every output object stored in

the document, but only the Q-Q plot is displayed as specified by the ODS SELECT
statement. The plot is displayed@utput 9.6.1

Output 9.6.1. Q-Q Plot Displayed by PROC DOCUMENT

QQ Plot of Residuals of LHUR versus Normal

Residual

Normal Quantile

Normal o Residual |

As an alternative to running PROC DOCUMENT with an ODS SELECT statement,
you can run PROC DOCUMENT specifyingd@cument patlfor the Q-Q plot in the
REPLAY statement. This approach is preferable when the document contains a large
volume of output, because PROC DOCUMENT does not attempt to process every
piece of output stored in the document.

You can determine the document path for the Q-Q plot by specifying the LIST state-
ment with the LEVELS=ALL option in PROC DOCUMENT.

proc document name = lhurDoc;
list / levels = all;

run;

quit;
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This lists the entries of th@QDoc document, as shown i@utput 9.6.2

Output 9.6.2. Contents of lhurDoc

Listing of: \Work.Lhurdoc\
Order by: Insertion
Number of levels: All

Obs

Path

©CoO~NOUWNPE

\Model#1

\Model#1\ModSum#1
\Model#1\ModSum#1\ModSummary#1
\Model#1\ModSum#1\ModVars#1
\Model#1\ModSum#1\Equations#1
\Model#1\OLS#1
\Model#1\OLS#1\ConvergenceStatus#1
\Model#1\OLS#1\EstSum#1
\Model#1\OLS#1\EstSum#1\DatasetOptions#1
\Model#1\OLS#1\EstSum#1\MinSummary#1
\Model#1\OLS#1\EstSum#1\ConvCrit#1
\Model#1\OLS#1\EstSum#1\ObsUsed#1
\Model#1\OLS#1\ResidSummary#1
\Model#1\OLS#1\ParameterEstimates#1
\Model#1\OLS#1\EstSummaryStats#1
\Model#1\OLS#1\StudentResidualPlot#1
\Model#1\OLS#1\CooksD#1
\Model#1\OLS#1\ActualByPredicted#1
\Model#1\OLS#1\ACFPlot#1
\Model#1\OLS#1\PACFPIlot#1
\Model#1\OLS#1\IACFPlot#1
\Model#1\OLS#1\QQPlot#1
\Model#1\OLS#1\ResidualHistogram#1

Type

Dir
Dir
Table
Tree
Tree
Dir
Table
Dir
Table
Table
Table
Table
Table
Table
Table
Graph
Graph
Graph
Graph
Graph
Graph
Graph
Graph

The document path of the “QQPIlot” entrylimurDoc, as shown irDutput 9.6.2is

\Model#1\OLS#1\QQPlot#1

You can specify this path to display the residual Q-Q plot with PROC DOCUMENT
as follows.

ods html;

proc document name = lhurDoc;

replay \Model#1\OLS#1\QQPlot#1;

run;
quit;

ods html close;

You can also determine the document path from the Results window or the
Documents window. Right-click on the object icon and selciperties.

A sample program nameddsgr06.sas is available for this example in the SAS
Sample Library for SAS/ETS software.
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Example 9.7. Customizing Graph Titles and Axes Labels

This example shows how to use PROC TEMPLATE to customize the appearance and
content of an ODS graph. It illustrates the discussion in the set@ostomizing
Graphics with Templatesin page 287 in the context of changing the default title and
y-axis label for a Q-Q plot created with the MODEL procedure.

The following statements request a Q-Q plot for residuals using PROC MODEL with
the LHUR series in the libranBASHELP.CITIMON for the model inExample 9.1

ods trace on;
ods html;
ods graphics on;

ods select QQPIot;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit lhur;
id date;

run;

quit;

ods graphics off;
ods html close;
ods trace off;

The Q-Q plot is shown i®©utput 9.7.1

Output 9.7.1. Default Q-Q Plot from PROC MODEL

QQ Plot of Residuals of LHUR versus Normal

Residual

Normal Quantile

Normal o Residual |
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The ODS TRACE ON statement requests a record of all the ODS output objects
created by PROC MODEL. A patrtial listing of the trace record, which is displayed in
the SAS log, is shown iDutput 9.7.2

Output 9.7.2. Trace Record for Q-Q Plot

Output Added:

Name: QQPIlot

Label: QQ Plot of Residuals of LHUR versus Normal
Template: ETS.Model.Graphics.QQPIlot

Path: Model.OLS.QQPIlot

As shown in Output 9.7.2 ODS Graphics creates the Q-Q plot using an
ODS output data object named “QQPlot” and a graph template named
“Ets.Model.Graphics.QQPlot,” which is the default template provided by SAS.
Default templates supplied by SAS are saved in $ashelp. Tmplmst template
store (see page 287).

To display the default template definition, open the Templates window by typing
odstemplates(or odst for short) in the command line. Expar®@ashelp. Tmpimst
and click on thetts folder, as shown i©utput 9.7.3

Output 9.7.3.  The Templates Window

SAS Enviranment Cantents of ‘Els’
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] Risk
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+ || StatGraph
+_ | Styles
-] Tagsets

Next, open théMlodel folder and then open th8raphics folder. Then right-click on
the “QQPlot” template icon and selegtlit, as shown irDutput 9.7.4
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Output 9.7.4.  Editing Templates in the Template Window
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SelectingEdit opens a Template Editor window, as showrQntput 9.7.5 You can
use this window to edit the template.

Output 9.7.5.

Template Editor

Default Template Definition for Q-Q Plot

proc template}
link Ets.Hodel .Graphics . 0Plot to Ets Graphics.OOPlot;
define statgraph Ets.Graphics.0QOPlot;
dynamic title;
layout lattice / rows=1 columns=1;
zidebar / align=top;
layout overlay / padbotton=5;
entrytitle TITLE;

Iayuut Duar lay / yexlsuptx-( labe1="Re= idual" ) xaxizoptz=[ label=
"bormal ﬂuanthl );
SCATTERPLOT weewval {SORTDROPM IS8 INGLRAES IDUAL 1)) x=eval
(PROB | T( NLINEHnTE(SIRT(M]PN SSING(RESIDUAL ) )-0.375)/(0.25+
N(HEBlnunL]l)) / markersize=
GraphDataDefault :markersize markersymbol=
GraphDataDefault :markersynbol markercolor=
E.'r)gdﬂataDel’nult :contrastcolor legendlabel="Res idual” Name=

lineparn slupz-'eual (STODEV(RES IDUAL )) Yintercept=esval

(HEAN(RES IDUAL ) ) / 1inecolor=StatGraphFitLine contraztcolor
linepattern=StatGraphFitLine:1ineztyle linethickness=
StatGraphF itLine: | inethickness legendlabel="Normal" name="Fit"
extreme=troe;

layout wldded £
discretelegend "Fit" "Data™ / background=GraphMalls background
border=on across=2;
end layout |
endoo lunn2header ;
EndLayaut ;
end;

un .

The template definition i®utput 9.7.5s discussed below and in subsequent exam-
ples. ltis listed in a more convenient format by the following statements:
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proc template;
link Ets.Model.Graphics.QQPlot to Ets.Graphics.QQPlot;
define statgraph Ets.Graphics.QQPlot;
dynamic title;
layout lattice / rows = 1 columns = 1;
sidebar / align=top;
layout overlay / padbottom=5;
entrytitle Title;
endlayout;
endsidebar;
layout Overlay /
yaxisopts = ( label = "Residuals" )
xaxisopts = ( label = "Normal Quantile" );
SCATTERPLOT
y = eval(SORT(DROPMISSING(RESIDUAL)))
x = eval(PROBIT((NUMERATE(SORT(DROPMISSING(RESIDUAL)))-0.375)/
(0.25+N(RESIDUALY)))) /
markersize = GraphDataDefault:markersize
markersymbol = GraphDataDefault:markersymbol
markercolor GraphDataDefault:contrastcolor

legendlabel "Residual”
Name = "Data";
lineparm
slope = eval(STDDEV(RESIDUAL))

Yintercept = eval(MEAN(RESIDUAL)) /
linecolor = StatGraphFitLine:contrastcolor
linepattern = StatGraphFitLine:linestyle
linethickness = StatGraphFitLine:linethickness

legendlabel = "Normal"
name = "Fit"
extreme = ftrue;

EndLayout;
column2header;
layout Gridded /;
DiscreteLegend "Fit" "Data" /

background = GraphWalls:background
border = on
across = 2;
EndLayout;
endcolumn2header;
EndLayout;
end;
run;

As an alternative to using the Template Editor window, you can submit the following
statements, which display the “Plot” template definition in the SAS log.

proc template;

source Ets.Model.Graphics.QQPlot;
run;

The SOURCE statement specifies the fully qualified template name. You can copy
and paste the template source into the Program Editor, modify it, and submit it us-
ing PROC TEMPLATE. See th&diting Templates”section on page 289 for more
information.
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In the template, the default title of the Q-Q plot is specified by the ENTRYTITLE
statement. Note thaflTLE is a dynamic text variable whose values is passed
by the MODEL procedure, and iQQ Plot of Residual vs Normal in Output
9.7.7). The default label for the y-axis is specified by the LABEL= suboption of
the YAXISOPTS= option for the LAYOUT OVERLAY statement.

Suppose you want to change the default titlevp Favorite Title, and you want
the y-axis label to b&esiduals of LHUR. First, replace the two ENTRYTITLE
statements with the single statement

ENTRYTITLE "My Favorite Title" / padbottom = 5;

The PADBOTTOM= option specifies the amount of empty space (in pixel units) at
the bottom of the layout component. In this case it creates an empty space of 5 pixels
between the title and the adjacent layout component, which defines the plot itself.

Next, replace the LABEL= suboption with the following:

label = "Residuals of LHUR"

Note that you can reuse dynamic text variables sucfitésin any text element.

You can then submit the modified template definition as you would any SAS program,
for example, by selectin§ubmit from theRun menu.

After submitting the PROC TEMPLATE statements you should see the following
message in the SAS log:

NOTE: STATGRAPH ’'Ets.Model.Graphics.QQPlot’ has been
saved to: SASUSER.TEMPLAT

Note: Graph definitions are self-contained and do not support parenting as do table
definitions. For more information about graph definitions and the graph template
language, see théntroducing the Template Language for Graphisgttion on page

291.

Finally, resubmit the PROC MODEL statements on page 312 to display the Q-Q plot
created with your modified template, as show®intput 9.7.6
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Output 9.7.6. Q-Q Plot with Modified Title and Y-Axis Label

My Favorite Title

Residuals of LHUR

Normal Quantile

Normal o Residual |

If you have not changed the default ODS path, the modified template “QQplot” is
used automatically becauSasuser.Templat occurs beforéSashelp. Tmplmst in

the ODS search path. See thésing Customized Templatesection on page 290
for additional information.

Note that you do not need to rerun the PROC MODEL analysis after you mod-
ify a graph template. After you modify your template, you can submit the PROC
DOCUMENT statements itxample 9.60 replay the Q-Q plot with the modified
template.

See théReverting to Default Templatesection on page 291 for information on how
to revert to the default template.

A sample program nameddsgr07.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.8. Modifying Colors, Line Styles, and Markers

This example is a continuation &xample 9.7 Here the objective is to customize
colors, line attributes, and marker symbol attributes by modifying the graph template.

In the “QQPIlot” template definition shown i@utput 9.7.5 the SCATTERPLOT
statement specifies a scatter plot of normal quantiles versus ordered standard-
ized residuals. The default marker symbol in the scatter plot is specified by the
MARKERSYMBOL= option of the SCATTERPLOT statement:

markersymbol = GraphDataDefault:markersymbol
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The default value is a reference to the style attributekersymbol of the style
elementGraphDataDefault . See thélntroducing Style Elements for Graphics”
section on page 293 for more information. The actual value of the marker symbol
depends on the style that you are using. In this case, since the “Default” style is used,
the value of the marker symbol is Circle.

You can specify a filled circle as the marker symbol by modifying the value of the
MARKERSYMBOL-= option as follows.

markersymbol = CircleFilled

Note that the value of the option can be any valid marker symbol or a reference to
a style attribute of the formatyle-element:attribute . Itis recommended that

you use style attributes since these are chosen to provide consistency and appropriate
emphasis based on display principles for statistical graphics. If you specify values
directly in a template, you are overriding the style and run the risk of creating a graph
that is inconsistent with the style definition.

For more information about the syntax of the graphics template language and
style elements for graphics, refer to the sections “TEMPLATE Procedure:
Creating ODS Statistical Graphics Output (Experimental)” and “ODS
Statistical Graphics and ODS Styles: Usage and Reference (Experimental)” at
http://support.sas.com/documentation/onlinedoc/base/.

Similarly, you can change the line color and pattern with the LINECOLOR= and
LINEPATTERN= options in the LINEPARM statement. The LINEPARM statement
displays a straight line specified by slope and intercept parameters. The following
statements change the default color of the Q-Q plot line to red, and the line pattern to

dashed.
linecolor = red
linepattern = dash

To display these maodifications, shown @utput 9.8.1 submit the modified tem-
plate definition and then resubmit the PROC MODEL statements on page 312.
Alternatively, you can replay the plot using PROC DOCUMENT, aExample 9.6
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Q-Q Plot with Modified Marker Symbols and Line
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A sample program nameddsgr08.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.9. Swapping the Axes in a Graph

Sometimes a Q-Q plot is displayed with the normal quantiles plotted along the y-axis
and the ordered variable values plotted along the x-axis. This example, which is a
continuation ofExample 9.7/andExample 9.8illustrates how to interchange the axes

with a simple modification of the graph template.

Begin by swapping the YAXISOPTS= and XAXISOPTS= options, and by swapping
the X=and Y= options in the SCATTERPLOT statement.

Next, modify the LINEPARM statement. I®@utput 9.8.1 the slope of the line in
the Q-Q plot is5, and y-intercept igi. When you swap the axes, the values of the
slope and y-intercept becomés and —/i/4, respectively. The modified template
definition (including the changes froBkample 9.7andExample 9.3is as follows:

319



General Information + Statistical Graphics Using ODS (Experimental)

proc template;
link Ets.Model.Graphics.QQPlot to Ets.Graphics.QQPlot;
define statgraph Ets.Graphics.QQPlot;
dynamic title;
layout lattice / rows = 1 columns = 1;
sidebar / align = top;
layout overlay / padbottom = 5;
entrytitte "My Favorite Title" / padbottom=5;
endlayout;
endsidebar;
layout Overlay /
xaxisopts =
yaxisopts =
SCATTERPLOT
x = eval(SORT(DROPMISSING(RESIDUAL)))
y =

( label

= "Residuals of LHUR" )
( label =

"Normal Quantile" );

eval(PROBIT((NUMERATE(SORT(DROPMISSING(RESIDUAL)))-0.375)/
(0.25+N(RESIDUALY)))) /
markersize = GraphDataDefault:markersize
markersymbol = CircleFilled
markercolor = GraphDataDefault:contrastcolor
legendlabel = "Residual”
Name = "Data";
lineparm
slope = eval(1/STDDEV(RESIDUAL))
Yintercept = eval(-MEAN(RESIDUAL)/STDDEV(RESIDUAL)) /
linecolor = red
linepattern = dash
linethickness = StatGraphFitLine:linethickness
legendlabel = "Normal"
name = "Fit"
extreme = true;
EndLayout;
column2header;
layout Gridded /;
DiscreteLegend "Fit" "Data" /
background = GraphWalls:background
border = on
across = 2;
EndLayout;
endcolumn2header;
EndLayout;
end;
run;

The resulting Q-Q plot, after submitting the preceding statements and the PROC
MODEL statements on page 312, is showrintput 9.9.1
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Output 9.9.1. Q-Q Plot with Swapped Axes
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A sample program nameddsgr09.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.10. Modifying Tick Marks and Adding Grid Lines

This example, which is a continuation Bkample 9.7 Example 9.8 andExample
9.9, illustrates how to modify the tick marks for an axis and suppress grid lines.

You can use the TICKS= suboption in the XAXISOPTS= or YAXISOPTS= options
to specify the tick marks for an axis. For example, you can specify the following to
request tick marks ranging from3 to 3 in the y-axis for the Q-Q plots i®utput
9.9.1

yaxisopts = (label = "Normal Quantile"
ticks = (-3 -2 -1 0 1 2))

By default, the Q-Q plot ifDutput 9.9.1does not display grid lines. You can request
vertical grid lines only by specifying

XGrid = False YGrid = True

The result of these changes, after submitting the modified template definition and the
corresponding PROC MODEL statements on page 312, is display@afput 9.10.1
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Output 9.10.1.

Statistical Graphics Using ODS (Experimental)

Q-Q Plot with Modified Y-Axis Tick Marks and Grids
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A sample program nameddsgrl0.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.11. Modifying Graph Fonts in Styles

You can modify an ODS style to customize the general appearance of ODS Graphics,
just as you can modify a style to customize the general appearance of ODS tables. The
goal of this example is to customize the fonts used in ODS graphs. Itis a continuation

of Example 9.10

The following statements define a style nani¢elwStyle that replaces the graph
fonts in the “Default” style with italic Times New Roman fonts.

proc template;

end;
run;

define style Styles.NewStyle;
parent = Styles.Default;
replace GraphFonts

"Fonts used in graph styles" /

'GraphDataFont’ = ("Times New Roman",8pt,ltalic)
'GraphValueFont’ = ("Times New Roman",10pt,ltalic)
'GraphLabelFont’ = ("Times New Roman",12pt,ltalic)
'GraphFootnoteFont’ = ("Times New Roman",12pt,ltalic)
'GraphTitleFont’ = ("Times New Roman",14pt,ltalic Bold);

In general, the following graph fonts are specified in the ODS styles provided by

SAS:
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e 'GraphDataFont’ is the smallest font. It is used for text that needs to be
small (labels for points in scatter plots, labels for contours, and so on)

e 'GraphValueFont’ is the next largest font. It is used for axis value (tick
marks) labels and legend entry labels.

e 'GraphLabelFont’ is the next largest font. It is used for axis labels and
legend titles.

e 'GraphFootnoteFont’ is the next largest font. It is used for all footnotes.

e 'GraphTitleFont’ is the largest font. It is used for all titles.

For more information about the DEFINE, PARENT, and REPLACE statements, re-
fer to the “TEMPLATE Procedure: Creating a Style Definition” in tBAS Output
Delivery System User’s Guide

The Q-Q plots in the preceding examples, beginning Witample 9.6were created
with the “Default” style; see, for instanc@utput 9.10.1 In contrast, the Q-Q plot
displayed inOutput 9.11.1was produced by specifying théewStyle style in the
following statements.

ods html style = NewStyle;
ods graphics on;

ods select QQPlot;

proc model data=sashelp.citimon;
lhur = 1/(a * ip + b) + c;
fit Ihur;
id date;

run;

quit;

ods graphics off;
ods html close;
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Output 9.11.1.  Q-Q Plot Using NewStyle
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Although this example illustrates the use of a style with output from a particular pro-
cedure, note that a style is appliedath of your output (graphs and tables) in the
destination for which you specify the style. See tBpecifying a Default Style’sec-

tion on page 295 for information about specifying a default style for all your output.

A sample program nameodsgrll.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

Example 9.12. Modifying Other Graph Elements in Styles

This example, which is a continuation Bkample 9.11illustrates how to modify
additional style elements for graphics, such as the thickness of a line.

The attributes of fitted lines in ODS Graphics are controlled by the style element
StatGraphFitLine , Which is defined in the “Default” style. For example, the line
thickness of the normal distribution reference lin€intput 9.11.%is specified in the
graph template by

linethickness = StatGraphFitLine:linethickness

To specify a line thickness of 4 pixels for the line, add the following statements to the
definition of theNewStyle style inExample 9.11

replace StatGraphFitLine /
linethickness = 4px;

The complete reviseNewStyle style is now defined by the following statements:
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proc template;

define style Styles.NewStyle;

parent = Styles.Default;
replace GraphFonts

"Fonts used in graph styles" /

'GraphDataFont’
'GraphValueFont’
'GraphLabelFont’
'GraphFootnoteFont’
'GraphTitleFont’

= ("Times New Roman",8pt,ltalic)

= ("Times New Roman",10pt,ltalic)

= ("Times New Roman",12pt,ltalic)

= ("Times New Roman",12pt,ltalic)
= ("Times New Roman",14ptltalic Bold);

replace StatGraphFitLine /
linethickness = 4px;
end;
run;

Examples

Output 9.12.1shows the Q-Q plot created by the MODEL statements on page 323

with the new version oNewStyle.

Output 9.12.1.

Q-Q Plot Using NewStyle with Thicker Line
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You can use this approach to modify other attributes of the line, sucttass
, andforeground

parency , linestyle , contrastcolor

Note: Values specified directly in a graph template override style attributes. If you
have customized a template, changes in a style may not have any effect. For more
information, refer to the “ODS Statistical Graphics and ODS Styles: Usage and
Reference (Experimental)” at http://support.sas.com/documentation/onlinedoc/base/.

A sample program nameddsgrl2.sas is available for this example in the SAS

Sample Library for SAS/ETS software.
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Example 9.13. Modifying Graph Sizes Using Styles

This example demonstrates how to modify the size of your ODS graphs using a style
definition.

You can specify the size of a graph in a graph template definition or in a style defini-
tion:

e To modify the size of garticular graph, specify the dimensions with the
HEIGHT= and WIDTH= options in the outermost layout of the graph template

definition.

e To modify the size ofall your ODS graphs, specify the dimensions with the
OUTPUTHEIGHT= and OUTPUTWIDTH= options in the style definition.

Dimensions specified in a graph template override those specified in a style.

Continuing the discussion iBxample 9.12you can add the following style element
to the definition oNewStyle to change the size of all your graphs:

style Graph from Graph /
outputwidth = 400px
outputheight = 300px;

With all the changes introduced so fAlewStyle is defined as follows:

proc template;
define style Styles.NewStyle;
parent = Styles.Default;
replace GraphFonts
"Fonts used in graph styles" /

'GraphDataFont’ = ("Times New Roman",8pt,ltalic)
'GraphValueFont’ = ("Times New Roman",10pt,ltalic)
'GraphLabelFont’ = ("Times New Roman",12pt,ltalic)
'GraphFootnoteFont' = ("Times New Roman",12pt,ltalic)
'GraphTitleFont’ = ("Times New Roman",14pt,Italic Bold);

replace StatGraphFitLine /
linethickness = 4px;
style Graph from Graph /
outputwidth = 400px
outputheight = 300px;
end;
run;

The dimensions of the graph must be specified in pixels. The actual size of the graph
in inches depends on your printer or display device. For example, if the resolution of
your printer is 100 dpi (100 dots per inch) and you want a graph that is 4 inches wide,
you should set the width to 400 pixels.

You can create a smaller version©@fitput 9.12.1shown inOutput 9.13.1by spec-
ifying the preceding PROC TEMPLATE statements followed by the MODEL state-

ments on page 323.
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Output 9.13.1.  Q-Q Plot Using NewStyle with Smaller Dimensions
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An alternative method for including smaller graphs in a document is to start with a
style provided by SAS and define a modified style thateaseshe size of the graph
fonts while preserving the default width and height attributes. Then you can include
the graph in a document (for example in Microsoft Word) and manually rescale the
graph to a smaller size while maintaining the fonts in a size that is still reatiable.

The following style increases the size of the fonts but retains all the other style ele-
ments as assigned in the “Default” style:

proc template;
define style Styles.BigFontStyle;
parent = Styles.Default;
replace GraphFonts
"Fonts used in graph styles" /
'GraphDataFont’ = ("Arial",12pt)
'GraphValueFont’ = ("Arial",15pt)
'GraphLabelFont’ = ("Arial",18pt)
'GraphFootnoteFont’ = ("Arial",18pt)
'GraphTitleFont’ = ("Arial",21pt);
end;
run;

A sample program nameddsgrl3.sas is available for this example in the SAS
Sample Library for SAS/ETS software.

*In a markup language, such as HTML 6FgX, you can use a resize command.
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Example 9.14. Modifying Panels

This example is taken from the “Getting Started” section of Chapter 61, “The REG
Procedure” $AS/STAT User's Guijle It illustrates how to modify the regression

fit diagnostics panel whose annotated version is show@utput 9.14.1so that it
displays a subset of component plots. The original panel consists of eight plots and a
summary statistics box. These components are labeled 1 t@©0tput 9.14.1

The following data are from a study of 19 children. The varialblegght, Weight,
andAge are measured for each child.

data Class;

input Name $ Height Weight Age @@;

datalines;
Alfred 69.0 1125 14 Alice 56.5 84.0 13 Barbara 65.3 98.0 13
Carol 62.8 102.5 14 Henry 63.5 1025 14 James 57.3 83.0 12
Jane 59.8 84.5 12 Janet 62.5 1125 15 Jeffrey 62.5 84.0 13
John 59.0 99.5 12 Joyce 51.3 50.5 11 Judy 64.3 90.0 14
Louise 56.3 77.0 12 Mary 66.5 112.0 15 Philip 72.0 150.0 16
Robert 64.8 128.0 12 Ronald 67.0 133.0 15 Thomas 57.5 85.0 11
William 66.5 112.0 15

The following statements invoke the REG procedure to fit a simple linear regression
model in whichWeight is the response variable ahtight is the independent vari-
able, and select the diagnostic paneDintput 9.14.1

ods html;
ods graphics on;
ods select DiagnosticsPanel;

proc reg data = Class;
model Weight = Height;

run;

quit;

ods graphics off;
ods html close;
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Diagnostics Panel Annotated to Indicate Layout Structure
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Examples

In the discussion that follows, the panel is modified so that it includes only the fol-
lowing components:

© N o AR

residual by predicted plot
residual Q-Q plot
Cook’s D plot

residual histogram
summary statistics box

The panel to be produced is shownGOmitput 9.14.2 It displays components 1, 4, 6,
and 7 in & x 2 lattice, and it displays four of the summary statistics in component 9
in a box at the bottom.

The template that defines the original panel is “Ets.Reg.Graphics.DiagnosticPanel.”
The following listing is abbreviated to show the main structure of the template defi-
nition (see page 288 for details on how to display the complete template definition).
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proc template;
define statgraph Stat.Reg.Graphics.DiagnosticsPanel;

/* Dynamic variables */
dynamic _TITLE _MODELLABEL _DEPLABEL _NOBS _NPARM _EDF _MSE
_RSquare _AdjRSq;

/* 3x3 LATTICE layout */
layout lattice / columns = 3 rows = 3 ... ;

sidebar / align=top;
[* Statements for model label and graph title */
endsidebar;

/* 1. Residual By Predicted */
layout overlay / ... ;

lineparm slope = 0 yintercept = O;

scatterplot y = RESIDUAL x = PREDICTEDVALUE;
endlayout;

/* LAYOUT statements for components 2-8 */

/* 9. Summary Statistics Box */
layout overlay;
layout gridded / ... ;
entry "NObs";
entry _NOBS / format=best6.;

entry "AdjRSq";
entry _ADJRSQ / format=best6.;
endlayout;
endlayout;

endlayout; /* End of 3x3 LATTICE layout */
end;
run;

The overall display is defined by the LAYOUT LATTICE statement, which specifies
a lattice of components, indicated by the solid grid annotatedlitput 9.14.1 The
COLUMNS=3 and ROWS=3 options in the LAYOUT LATTICE statement specify a
3 x 3 lattice, indicated by the dashed grid.

The model label and the graph title (top rectanglelintput 9.14.) are specified
inside the LATTICE layout with a SIDEBAR statement. The ALIGN=TOP option
positions the sidebar at the top.

Each of the nine components of the lattice is defined by a LAYOUT statement. These
statements define the components from left to right and top to bottom. Components 1
through 7 are defined with LAYOUT OVERLAY statements. Component 8 (RF plot)
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is defined with a LAYOUT LATTICE statement. The last LAYOUT OVERLAY
statement defines a box with summary statistics for the fitted model.

The following abbreviated listing shows the basic structure of the template definition
for a simplified panel that displays components 1, 4, 6, and Rix& lattice’ For

the complete template definition, refer to the sample progrdsgex14.sas in the

SAS Sample Library for SAS/ETS software.

proc template;
define statgraph Stat.Reg.Graphics.DiagnosticsPanel;
dynamic _TITLE _MODELLABEL _DEPLABEL _NOBS _NPARM _EDF _MSE

_RSquare _AdjRSq;

[* 2x2 LATTICE layout */
/* Change COLUMNS= and ROWS= options */

layout lattice / columns = 2 rows = 2 ... ;

sidebar / align=top;
[* Statements for model label and graph title */

endsidebar;

[* 1. Residual By Predicted */
layout overlay / ... ;
lineparm slope = 0 yintercept = 0;
scatterplot y = RESIDUAL x = PREDICTEDVALUE;

endlayout;

* 4. Q-Q Plot */
layout overlay / ... ;
lineparm slope eval(STDDEV(RESIDUAL))

yintercept = eval(...);
scatterplot y = eval(...) x = eval(...);
endlayout;

[* Statements for components 6 and 7 (not listed) */

/* Summary Statistics Box in a SIDEBAR */
sidebar / align=bottom;
layout gridded;
layout lattice / rows=1 columns=4 ... ;

endlayout;
endlayout;
endsidebar;

endlayout;  /* End of 2x2 LATTICE layout */

end;
run;

This template is a straightforward modification of the original template. The
COLUMNS=2 and ROWS=2 options in the LAYOUT LATTICE statement request
a2 x 2 lattice. The LAYOUT statements for components 2, 3, 5, and 8 are deleted.

*See page 289 for details on how to edit the template definition.
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A subset of the summary statistics are displayed at the bottom of the graph using a

SIDEBAR statement with the ALIGN=BOTTOM option.

After submitting the preceding statements, which create the modified template and
save it inSasuser.Templat, you can run the following PROC REG statements to

obtain the simplified panel, which is shownQutput 9.14.2

Output 9.14.2.

ods html;
ods graphics on;

ods select DiagnosticsPanel;

proc reg data = Class;
model Weight = Height;

run;

quit;

ods graphics off;
ods html close;

Simplified Diagnostics Panel

Statistical Graphics Using ODS (Experimental)
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Chapter 10
Nonlinear Optimization Methods

Overview

Several SAS/ETS procedures (ENTROPY, MDC, QLIM, UCM, VARMAX) use the
NonLinear Optimization (NLO) subsystem to perform nonlinear optimization. This
chapter describes the options of the NLO system and some technical details of the
available optimization methods. Note that not all options have been implemented
for all procedures that use the NLO susbsystem. You should check each procedure
chapter for more details on which options are available.

Options

The following table summarizes the options available in the NLO system.

Table 10.1. NLO options

Option Description

Optimization Specifications

TECHNIQUE=  minimization technique

UPDATE= update technique

LINESEARCH= line-search method

LSPRECISION= line-search precision

HESCAL= type of Hessian scaling

INHESSIAN= start for approximated Hessian
RESTART= iteration number for update restart
Termination Criteria Specifications

MAXFUNC= maximum number of function calls
MAXITER= maximum number of iterations
MINITER= minimum number of iterations
MAXTIME= upper limit seconds of CPU time
ABSCONV= absolute function convergence criterion
ABSFCONV= absolute function convergence criterion
ABSGCONV= absolute gradient convergence criterion
ABSXCONV= absolute parameter convergence criterion
FCONV= relative function convergence criterion
FCONV2= relative function convergence criterion
GCONvV= relative gradient convergence criterion
XCONV= relative parameter convergence criterion
FSIZE= used in FCONV, GCONY criterion
XSIZE= used in XCONV criterion

Step Length Options

DAMPSTEP= damped steps in line search
MAXSTEP= maximum trust region radius
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Table 10.1. (continued)

| Option Description
INSTEP= initial trust region radius
Printed Output Options
PALL display (almost) all printed output
PHISTORY display optimization history
PHISTPARMS display parameter estimates in each iteration
PSHORT reduce some default output
PSUMMARY reduce most default output
NOPRINT suppress all printed output
Remote Monitoring Options
SOCKET= specify the fileref for remote monitoring

These options are described in alphabetical order.

ABSCONV=r

ABSTOL=r
specifies an absolute function convergence criterion. For minimization, termination
requiresf (%)) < r. The default value of is the negative square root of the largest
double precision value, which serves only as a protection against overflows.

ABSFCONV=r(n|
ABSFTOL=r[n]
specifies an absolute function convergence criterion. For all techniques except
NMSIMP, termination requires a small change of the function value in successive
iterations:
FEED) = fEM) <

The same formula is used for the NMSIMP techniqueﬂéffﬁis defined as the vertex
with the lowest function value, ani*~1 is defined as the vertex with the highest
function value in the simplex. The default valueris= 0. The optional integer
valuen specifies the number of successive iterations for which the criterion must be
satisfied before the process can be terminated.

ABSGCONV=r[n]

ABSGTOL=7[n]
specifies an absolute gradient convergence criterion. Termination requires the maxi-
mum absolute gradient element to be small:

max |g; (0))| < r

This criterion is not used by the NMSIMP technique. The default value-islE —5.
The optional integer value specifies the number of successive iterations for which
the criterion must be satisfied before the process can be terminated.

ABSXCONV=r[n]
ABSXTOL=1[n]
specifies an absolute parameter convergence criterion. For all techniques except
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NMSIMP, termination requires a small Euclidean distance between successive pa-
rameter vectors,
6% — 6% fo<

For the NMSIMP technique, termination requires either a small lendth of the
vertices of a restart simplex,

or a small simplex size,

where the simplex siz&*) is defined as the L1 distance from the simplex vegiéx
with the smallest function value to the othesimplex points?l(k) £ ¢(k);

50 =310 =M

017y

The default isr = 1E — 8 for the NMSIMP technique and = 0 otherwise. The
optional integer valuer specifies the number of successive iterations for which the
criterion must be satisfied before the process can terminate.

DAMPSTEP[=7]
specifies that the initial step length valué®) for each line search (used by the
QUANEW, HYQUAN, CONGRA, or NEWRAP technique) cannot be larger than
r times the step length value used in the former iteration. If the DAMPSTEP option
is specified but is not specified, the defaultis= 2. The DAMPSTEP= option can
prevent the line-search algorithm from repeatedly stepping into regions where some
objective functions are difficult to compute or where they could lead to floating point
overflows during the computation of objective functions and their derivatives. The
DAMPSTEP= option can save time-costly function calls during the line searches of
objective functions that result in very small steps.

FCONV=r[n]
FTOL=r[n]
specifies a relative function convergence criterion. For all techniques except
NMSIMP, termination requires a small relative change of the function value in suc-
cessive iterations,
F(OW) = FO%D)  _
max(|f(0%—1D)|, FSIZE) —

where FSIZE is defined by the FSIZE= option. The same formula is used for the
NMSIMP technique, buf®) is defined as the vertex with the lowest function value,
and#*—1 is defined as the vertex with the highest function value in the simplex.
The default value may depend on the procedure. In most cases, you can use the
PALL option to find it.

FCONV2=r(n|

FTOL2=r[n]
specifies another function convergence criterion. For all techniques except NMSIMP,
termination requires a small predicted reduction

df %) =~ f(0R)) — £(0%) + sk
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of the objective function. The predicted reduction

a® = _g<k)TS<k>_%gk)TH(k)S(k)

< r

is computed by approximating the objective functipiby the first two terms of the
Taylor series and substituting the Newton step.

) — [ )1 g0

For the NMSIMP technique, termination requires a small standard deviation of the
function values of thes + 1 simplex vertice:é)l(k), [=0,...,n,

2

S [0 o] <
l

n+1

where f(6W) = 2537, £(6)). If there aren,,, boundary constraints active at

9*), the mean and standard deviation are computed only fonthel — ng, un-
constrained vertices. The default valueris= 1E — 6 for the NMSIMP technique
andr = 0 otherwise. The optional integer valuespecifies the number of successive
iterations for which the criterion must be satisfied before the process can terminate.

FSIZE=r
specifies the FSIZE parameter of the relative function and relative gradient termina-
tion criteria. The default value is = 0. For more details, see the FCONV= and
GCONV= options.

GCONV=r[n]

GTOL=7[n]
specifies a relative gradient convergence criterion. For all techniques except
CONGRA and NMSIMP, termination requires that the normalized predicted func-
tion reduction is small,

GO 1g(6%) _
max(|f(0%)|,FSIZE) —

where FSIZE is defined by the FSIZE= option. For the CONGRA technique (where
a reliable Hessian estimaté is not available), the following criterion is used:

1g(0™) 13 Il s(0™) |12 <
I g(0®)) — g(6%,=D) || max(|f(6*))], FSIZE) ~

This criterion is not used by the NMSIMP technique. The default value is
1FE — 8. The optional integer value specifies the number of successive iterations for
which the criterion must be satisfied before the process can terminate.

HESCAL=0[1]2|3
HS=0|1|23
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specifies the scaling version of the Hessian matrix used in NRRIDG, TRUREG,
NEWRAP, or DBLDOG optimization. If HS is not equal to 0, the first iteration

and each restart iteration sets the diagonal scaling matfix= diag(dgo)):

d” = /max(|HY], ¢)

WhereHZ.(S.) are the diagonal elements of the Hessian. In every other iteration, the di-
agonal scaling matrio(®) = diag(dgo)) is updated depending on the HS option:

HS=0 specifies that no scaling is done.
HS=1 specifies the Moré (1978) scaling update:

dl(kH) = max [dgk), maX(\Hi(s)L 6):|
HS=2 specifies the Dennis, Gay, & Welsch (1981) scaling update:

dEkH) = max [0.6 * dgk), max(|HZ-(7l;)], e)}

HS=3 specifies thatl; is reset in each iteration:

k+1 k
"V = \Jmax(|HY|, €)
In each scaling updatejs the relative machine precision. The default value is HS=0.
Scaling of the Hessian can be time consuming in the case where general linear con-
straints are active.

INHESSIAN[= 7]

INHESSI[= r]
specifies how the initial estimate of the approximate Hessian is defined for the quasi-
Newton techniqgues QUANEW and DBLDOG. There are two alternatives:

e If you do not use the- specification, the initial estimate of the approximate
Hessian is set to the Hessiarg4b).

e If you do use the specification, the initial estimate of the approximate Hessian
is set to the multiple of the identity matrix.

By default, if you do not specify the option INHESSIAN:the initial estimate of the
approximate Hessian is set to the multiple of the identity matfixwvhere the scalar
r is computed from the magnitude of the initial gradient.

INSTEP=r
reduces the length of the first trial step during the line search of the first iterations.
For highly nonlinear objective functions, such as the EXP function, the default ini-
tial radius of the trust-region algorithm TRUREG or DBLDOG or the default step
length of the line-search algorithms can result in arithmetic overflows. If this oc-
curs, you should specify decreasing value$ &f » < 1 such as INSTEPHE — 1,
INSTEPAE — 2, INSTEPHE — 4, and so on, until the iteration starts successfully.
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e For trust-region algorithms (TRUREG, DBLDOG), the INSTEP= option spec-
ifies a factorr > 0 for the initial radiusA(®) of the trust region. The default
initial trust-region radius is the length of the scaled gradient. This step corre-
sponds to the default radius factorof 1.

e For line-search algorithms (NEWRAP, CONGRA, QUANEW), the INSTEP=
option specifies an upper bound for the initial step length for the line search
during the first five iterations. The default initial step length is 1.

e For the Nelder-Mead simplex algorithm, using TECH=NMSIMP, the
INSTEP= option defines the size of the start simplex.

LINESEARCH=1¢
LIS=1¢

specifies the line-search method for the CONGRA, QUANEW, and NEWRAP opti-
mization techniques. Refer to Fletcher (1987) for an introduction to line-search tech-
nigues. The value of can bel,...,8. For CONGRA, QUANEW and NEWRAP,

the default value is = 2.

LIS=1

LIS=2

LIS=3

LIS=4

LIS=5

LIS=6

LIS=7

LIS=8

LSPRECISION=r
LSP=r

specifies a line-search method that needs the same number of func-
tion and gradient calls for cubic interpolation and cubic extrapola-
tion; this method is similar to one used by the Harwell subroutine
library.

specifies a line-search method that needs more function than gra-
dient calls for quadratic and cubic interpolation and cubic ex-
trapolation; this method is implemented as shown in Fletcher
(1987) and can be modified to an exact line search by using the
LSPRECISION= option.

specifies a line-search method that needs the same number of
function and gradient calls for cubic interpolation and cubic ex-
trapolation; this method is implemented as shown in Fletcher
(1987) and can be modified to an exact line search by using the
LSPRECISION= option.

specifies a line-search method that needs the same number of func-
tion and gradient calls for stepwise extrapolation and cubic inter-
polation.

specifies a line-search method that is a modified version of LIS=4.

specifies golden section line search (Polak 1971), which uses only
function values for linear approximation.

specifies bisection line search (Polak 1971), which uses only func-
tion values for linear approximation.

specifies the Armijo line-search technique (Polak 1971), which
uses only function values for linear approximation.
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specifies the degree of accuracy that should be obtained by the line-search algorithms
LIS=2 and LIS=3. Usually an imprecise line search is inexpensive and successful.
For more difficult optimization problems, a more precise and expensive line search
may be necessary (Fletcher 1987). The second line-search method (which is the
default for the NEWRAP, QUANEW, and CONGRA techniques) and the third line-
search method approach exact line search for small LSPRECISION= values. If you
have numerical problems, you should try to decrease the LSPRECISION= value to
obtain a more precise line search. The default values are shown in the following table.

TECH= UPDATE= LSP default
QUANEW | DBFGS, BFGS| r=0.4
QUANEW | DDFP, DFP r=0.06
CONGRA | all r=0.1
NEWRAP | no update r=0.9

For more details, refer to Fletcher (1987).

MAXFUNC=;

MAXFU=1
specifies the maximum numbepf function calls in the optimization process. The
default values are

e TRUREG, NRRIDG, NEWRAP: 125
e QUANEW, DBLDOG: 500

e CONGRA: 1000

NMSIMP: 3000

Note that the optimization can terminate only after completing a full iteration.
Therefore, the number of function calls that is actually performed can exceed the
number that is specified by the MAXFUNC= option.

MAXITER=1

MAXIT=4
specifies the maximum numbeeof iterations in the optimization process. The default
values are

e TRUREG, NRRIDG, NEWRAP: 50
e QUANEW, DBLDOG: 200

e CONGRA: 400

NMSIMP: 1000

These default values are also valid whies specified as a missing value.

MAXSTEP=7[n]
specifies an upper bound for the step length of the line-search algorithms during the
firstn iterations. By defaulty is the largest double precision value anid the largest
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integer available. Setting this option can improve the speed of convergence for the
CONGRA, QUANEW, and NEWRAP techniques.

MAXTIME=r
specifies an upper limit of seconds of CPU time for the optimization process. The
default value is the largest floating point double representation of your computer.
Note that the time specified by the MAXTIME= option is checked only once at the
end of each iteration. Therefore, the actual running time can be much longer than
that specified by the MAXTIME= option. The actual running time includes the rest
of the time needed to finish the iteration and the time needed to generate the output
of the results.

MINITER=:

MINIT=2
specifies the minimum number of iterations. The default value is 0. If you request
more iterations than are actually needed for convergence to a stationary point, the
optimization algorithms can behave strangely. For example, the effect of rounding
errors can prevent the algorithm from continuing for the required number of itera-
tions.

NOPRINT
suppresses the output. (See proc documentation for availability of this option.)

PALL
displays all optional output for optimization. (See proc documentation for availability
of this option.)

PHISTORY
displays the optimization history. (See proc documentation for availability of this
option.)

PHISTPARMS
display parameter estimates in each iteration. (See proc documentation for availabil-
ity of this option.)

PINIT
displays the initial values and derivatives (if available). (See proc documentation for
availability of this option.)

PSHORT
restricts the amount of default output. (See proc documentation for availability of this
option.)

PSUMMARY
restricts the amount of default displayed output to a short form of iteration history and
notes, warnings, and errors. (See proc documentation for availability of this option.)

RESTART=: > 0

REST=: > 0
specifies that the QUANEW or CONGRA algorithm is restarted with a steepest de-
scent/ascent search direction after, at moggrations. Default values are

e CONGRA: UPDATE=PB: restart is performed automaticallig not used.
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CONGRA: UPDATE£APB: ¢ = min(10n,80), wheren is the number of pa-
rameters.

QUANEW: i is the largest integer available.

SOCKET=fileref
Specifies the fileref that contains the information needed for remote monitoring. See
the sectiorfRemote Monitoring”on page 353 for more details.

TECHNIQUE=value
TECH=value
specifies the optimization technique. Valid values are

UPDATE=

CONGRA

performs a conjugate-gradient optimization, which can be more precisely spec-
ified with the UPDATE= option and modified with the LINESEARCH= option.
When you specify this option, UPDATE=PB by default.

DBLDOG

performs a version of double dogleg optimization, which can be more pre-
cisely specified with the UPDATE= option. When you specify this option,
UPDATE=DBFGS by default.

NMSIMP
performs a Nelder-Mead simplex optimization.

NONE
does not perform any optimization. This option can be used

— to perform a grid search without optimization

— to compute estimates and predictions that cannot be obtained efficiently
with any of the optimization techniques

NEWRAP
performs a Newton-Raphson optimization combining a line-search algorithm
with ridging. The line-search algorithm LIS=2 is the default method.

NRRIDG
performs a Newton-Raphson optimization with ridging.

QUANEW

performs a quasi-Newton optimization, which can be defined more precisely
with the UPDATE= option and modified with the LINESEARCH= option. This

is the default estimation method.

TRUREG
performs a trust region optimization.

method

UPD=method
specifies the update method for the quasi-Newton, double dogleg, or conjugate-
gradient optimization technique. Not every update method can be used with each
optimizer.

Valid methods are
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e BFGS
performs the original Broyden, Fletcher, Goldfarb, and Shanno (BFGS) update
of the inverse Hessian matrix.

e DBFGS
performs the dual BFGS update of the Cholesky factor of the Hessian matrix.
This is the default update method.

e DDFP
performs the dual Davidon, Fletcher, and Powell (DFP) update of the Cholesky
factor of the Hessian matrix.

e DFP
performs the original DFP update of the inverse Hessian matrix.

e PB
performs the automatic restart update method of Powell (1977) and Beale
(1972).

e FR
performs the Fletcher-Reeves update (Fletcher 1987).

¢ PR
performs the Polak-Ribiere update (Fletcher 1987).

e CD
performs a conjugate-descent update of Fletcher (1987).

XCONV=r[n]

XTOL=r[n]
specifies the relative parameter convergence criterion. For all techniques except
NMSIMP, termination requires a small relative parameter change in subsequent it-
erations.

1pR) _ g(k=1)
max; |0, — 6, | -

max(|6\"], |8 "V|, xSIZE) ~

For the NMSIMP technique, the same formula is used,Hé’fft is defined as the

vertex with the lowest function value arﬂﬁkil) is defined as the vertex with the
highest function value in the simplex. The default value is= 1E — 8 for the
NMSIMP technique and = 0 otherwise. The optional integer valuespecifies the
number of successive iterations for which the criterion must be satisfied before the
process can be terminated.

XSIZE=r > 0
specifies the XSIZE parameter of the relative parameter termination criterion. The
default value i = 0. For more detail, see the XCONV= option.
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Details of Optimization Algorithms

Overview

There are several optimization techniques available. You can choose a particular
optimizer with the TECH=mame option in the PROC statement or NLOPTIONS

statement.

Algorithm TECH=
trust region Method TRUREG
Newton-Raphson method with line search NEWRAP
Newton-Raphson method with ridging NRRIDG
guasi-Newton methods (DBFGS, DDFP, BFGS, DFR)UANEW
double-dogleg method (DBFGS, DDFP) DBLDOG
conjugate gradient methods (PB, FR, PR, CD) CONGRA
Nelder-Mead simplex method NMSIMP

No algorithm for optimizing general nonlinear functions exists that always finds the
global optimum for a general nonlinear minimization problem in a reasonable amount
of time. Since no single optimization technique is invariably superior to others, NLO
provides a variety of optimization techniques that work well in various circumstances.
However, you can devise problems for which none of the techniques in NLO can
find the correct solution. Moreover, nonlinear optimization can be computationally
expensive in terms of time and memory, so you must be careful when matching an
algorithm to a problem.

All optimization techniques in NLO us@(n?) memory except the conjugate gradient
methods, which use onl§(n) of memory and are designed to optimize problems
with many parameters. Since the techniques are iterative, they require the repeated
computation of

¢ the function value (optimization criterion)
e the gradient vector (first-order partial derivatives)

e for some techniques, the (approximate) Hessian matrix (second-order partial
derivatives)

However, since each of the optimizers requires different derivatives, some computa-
tional efficiencies can be gained. The following table shows, for each optimization
technique, which derivatives are required (FOD: first-order derivatives; SOD: second-
order derivatives).
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Algorithm | FOD SOD
TRUREG X X
NEWRAP X X
NRRIDG X X
QUANEW X -
DBLDOG X -
CONGRA | x -
NMSIMP - -

Each optimization method employs one or more convergence criteria that determine
when it has converged. The various termination criteria are listed and described in
the previous section. An algorithm is considered to have converged when any one
of the convergence criterion is satisfied. For example, under the default settings,
the QUANEW algorithm will converge itBSGCONV < 1E — 5, FCONV <

10~ FPIGITS 'or GCONV < 1E — 8.

Choosing an Optimization Algorithm

The factors that go into choosing a particular optimization technique for a particular
problem are complex and may involve trial and error.

For many optimization problems, computing the gradient takes more computer time
than computing the function value, and computing the Hessian sometimestagies

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

A few general remarks about the various optimization techniques follow.

e The second-derivative methods TRUREG, NEWRAP, and NRRIDG are best
for small problems where the Hessian matrix is not expensive to compute.
Sometimes the NRRIDG algorithm can be faster than the TRUREG algorithm,
but TRUREG can be more stable. The NRRIDG algorithm requires only one
matrix with n(n + 1)/2 double words; TRUREG and NEWRAP require two
such matrices.

e The first-derivative methods QUANEW and DBLDOG are best for medium-
sized problems where the objective function and the gradient are much faster
to evaluate than the Hessian. The QUANEW and DBLDOG algorithms, in
general, require more iterations than TRUREG, NRRIDG, and NEWRAP, but
each iteration can be much faster. The QUANEW and DBLDOG algorithms
require only the gradient to update an approximate Hessian, and they require
slightly less memory than TRUREG or NEWRAP (essentially one matrix with
n(n + 1)/2 double words). QUANEW is the default optimization method.

348



Details of Optimization Algorithms

e The first-derivative method CONGRA is best for large problems where the ob-
jective function and the gradient can be computed much faster than the Hessian
and where too much memory is required to store the (approximate) Hessian.
The CONGRA algorithm, in general, requires more iterations than QUANEW
or DBLDOG, but each iteration can be much faster. Since CONGRA requires
only a factor ofn double-word memory, many large applications can be solved
only by CONGRA.

e The no-derivative method NMSIMP is best for small problems where deriva-
tives are not continuous or are very difficult to compute.

Algorithm Descriptions

Some details about the optimization techniques are as follows.
Trust Region Optimization (TRUREG)

The trust region method uses the gradigtl;)) and the Hessian matrikl (6, );
thus, it requires that the objective functigitd) have continuous first- and second-
order derivatives inside the feasible region.

The trust region method iteratively optimizes a quadratic approximation to the nonlin-
ear objective function within a hyperelliptic trust region with radiushat constrains

the step size corresponding to the quality of the quadratic approximation. The trust
region method is implemented using Dennis, Gay, and Welsch (1981), Gay (1983),
and Moré and Sorensen (1983).

The trust region method performs well for small- to medium-sized problems, and it

does not need many function, gradient, and Hessian calls. However, if the compu-
tation of the Hessian matrix is computationally expensive, one of the (dual) quasi-
Newton or conjugate gradient algorithms may be more efficient.

Newton-Raphson Optimization with Line Search (NEWRAP)

The NEWRAP technique uses the gradig(d;) and the Hessian matrik (6, );

thus, it requires that the objective function have continuous first- and second-order
derivatives inside the feasible region. If second-order derivatives are computed effi-
ciently and precisely, the NEWRAP method may perform well for medium-sized to
large problems, and it does not need many function, gradient, and Hessian calls.

This algorithm uses a pure Newton step when the Hessian is positive definite and
when the Newton step reduces the value of the objective function successfully.
Otherwise, a combination of ridging and line search is performed to compute suc-
cessful steps. If the Hessian is not positive definite, a multiple of the identity matrix is

added to the Hessian matrix to make it positive definite (Eskow and Schnabel 1991).

In each iteration, a line search is performed along the search direction to find an
approximate optimum of the objective function. The default line-search method uses
quadratic interpolation and cubic extrapolation (LIS=2).
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Newton-Raphson Ridge Optimization (NRRIDG)

The NRRIDG technique uses the gradigif ;) and the Hessian matrik (64, );
thus, it requires that the objective function have continuous first- and second-order
derivatives inside the feasible region.

This algorithm uses a pure Newton step when the Hessian is positive definite and
when the Newton step reduces the value of the objective function successfully. If at
least one of these two conditions is not satisfied, a multiple of the identity matrix is
added to the Hessian matrix.

The NRRIDG method performs well for small- to medium-sized problems, and it
does not require many function, gradient, and Hessian calls. However, if the com-
putation of the Hessian matrix is computationally expensive, one of the (dual) quasi-
Newton or conjugate gradient algorithms may be more efficient.

Since the NRRIDG technique uses an orthogonal decomposition of the approximate
Hessian, each iteration of NRRIDG can be slower than that of the NEWRAP tech-
nique, which works with Cholesky decomposition. Usually, however, NRRIDG re-
quires fewer iterations than NEWRAP.

Quasi-Newton Optimization (QUANEW)

The (dual) quasi-Newton method uses the gradigéll)), and it does not need to
compute second-order derivatives since they are approximated. It works well for
medium to moderately large optimization problems where the objective function and
the gradient are much faster to compute than the Hessian; but, in general, it requires
more iterations than the TRUREG, NEWRAP, and NRRIDG techniques, which com-
pute second-order derivatives. QUANEW is the default optimization algorithm be-
cause it provides an appropriate balance between the speed and stability required for
most nonlinear mixed model applications.

The QUANEW technique is one of the following, depending upon the value of the
UPDATE= option.

¢ the original quasi-Newton algorithm, which updates an approximation of the
inverse Hessian

¢ the dual quasi-Newton algorithm, which updates the Cholesky factor of an ap-
proximate Hessian (default)

You can specify four update formulas with the UPDATE= option:

e DBFGS performs the dual Broyden, Fletcher, Goldfarb, and Shanno (BFGS)
update of the Cholesky factor of the Hessian matrix. This is the default.

e DDFP performs the dual Davidon, Fletcher, and Powell (DFP) update of the
Cholesky factor of the Hessian matrix.

e BFGS performs the original BFGS update of the inverse Hessian matrix.
e DFP performs the original DFP update of the inverse Hessian matrix.
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In each iteration, a line search is performed along the search direction to find an
approximate optimum. The default line-search method uses quadratic interpolation
and cubic extrapolation to obtain a step sizsatisfying the Goldstein conditions.

One of the Goldstein conditions can be violated if the feasible region defines an upper
limit of the step size. Violating the left-side Goldstein condition can affect the positive
definiteness of the quasi-Newton update. In that case, either the update is skipped or
the iterations are restarted with an identity matrix, resulting in the steepest descent or
ascent search direction. You can specify line-search algorithms other than the default
with the LIS= option.

The QUANEW algorithm performs its own line-search technique. All options and
parameters (except the INSTEP= option) controlling the line search in the other algo-
rithms do not apply here. In several applications, large steps in the first iterations are
troublesome. You can use the INSTEP= option to impose an upper bound for the step
size« during the first five iterations. You can also use the INHESSIANBption

to specify a different starting approximation for the Hessian. If you specify only the
INHESSIAN option, the Cholesky factor of a (possibly ridged) finite difference ap-
proximation of the Hessian is used to initialize the quasi-Newton update process. The
values of the LCSINGULAR=, LCEPSILON=, and LCDEACT= options, which con-
trol the processing of linear and boundary constraints, are valid only for the quadratic
programming subroutine used in each iteration of the QUANEW algorithm.

Double Dogleg Optimization (DBLDOG)
The double dogleg optimization method combines the ideas of the quasi-Newton and
trust region methods. In each iteration, the double dogleg algorithm computes the
steps®) as the linear combination of the steepest descent or ascent search direction
55’“> and a quasi-Newton search directiséﬁ).

s(k) = alsgk) + agsgk)
The step is requested to remain within a prespecified trust region radius; refer to
Fletcher (1987, p. 107). Thus, the DBLDOG subroutine uses the dual quasi-Newton
update but does not perform a line search. You can specify two update formulas with
the UPDATE= option:

e DBFGS performs the dual Broyden, Fletcher, Goldfarb, and Shanno update of
the Cholesky factor of the Hessian matrix. This is the default.

e DDFP performs the dual Davidon, Fletcher, and Powell update of the Cholesky
factor of the Hessian matrix.

The double dogleg optimization technique works well for medium to moderately
large optimization problems where the objective function and the gradient are much
faster to compute than the Hessian. The implementation is based on Dennis and
Mei (1979) and Gay (1983), but it is extended for dealing with boundary and
linear constraints. The DBLDOG technique generally requires more iterations
than the TRUREG, NEWRAP, or NRRIDG technique, which requires second-order
derivatives; however, each of the DBLDOG iterations is computationally cheap.
Furthermore, the DBLDOG technique requires only gradient calls for the update of
the Cholesky factor of an approximate Hessian.
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Conjugate Gradient Optimization (CONGRA)

Second-order derivatives are not required by the CONGRA algorithm and are not
even approximated. The CONGRA algorithm can be expensive in function and gra-
dient calls, but it requires onlg)(n) memory for unconstrained optimization. In
general, many iterations are required to obtain a precise solution, but each of the
CONGRA iterations is computationally cheap. You can specify four different update
formulas for generating the conjugate directions by using the UPDATE= option:

e PB performs the automatic restart update method of Powell (1977) and Beale
(1972). This is the default.

¢ FR performs the Fletcher-Reeves update (Fletcher 1987).
e PR performs the Polak-Ribiere update (Fletcher 1987).
e CD performs a conjugate-descent update of Fletcher (1987).

The default, UPDATE=PB, behaved best in most test examples. You are advised to
avoid the option UPDATE=CD, which behaved worst in most test examples.

The CONGRA subroutine should be used for optimization problems with farger

the unconstrained or boundary constrained case, CONGRA require® tmjybytes

of working memory, whereas all other optimization methods require afer)

bytes of working memory. During successive iterations, uninterrupted by restarts
or changes in the working set, the conjugate gradient algorithm computes a cycle
of n conjugate search directions. In each iteration, a line search is performed along
the search direction to find an approximate optimum of the objective function. The
default line-search method uses quadratic interpolation and cubic extrapolation to ob-
tain a step size satisfying the Goldstein conditions. One of the Goldstein conditions
can be violated if the feasible region defines an upper limit for the step size. Other
line-search algorithms can be specified with the LIS= option.

Nelder-Mead Simplex Optimization (NMSIMP)

The Nelder-Mead simplex method does not use any derivatives and does not assume
that the objective function has continuous derivatives. The objective function itself
needs to be continuous. This technique is quite expensive in the number of function
calls, and it may be unable to generate precise results for40.

The original Nelder-Mead simplex algorithm is implemented and extended to bound-
ary constraints. This algorithm does not compute the objective for infeasible points,
but it changes the shape of the simplex adapting to the nonlinearities of the objective
function, which contributes to an increased speed of convergence. It uses a special
termination criteria.
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Remote Monitoring

The SAS/EmMonitor is an application for Windows that enables you to monitor and
stop from your PC a CPU-intensive application performed by the NLO subsystem
running on a remote server.

On the server side, BILENAME statement assigns fderef to a SOCKET-type
device that defines the ip address of the client and the port number for listening. The
fileref is then specified in th€OCKET= option to control the EmMonitor. The
following statements show an example of server-side code for PROC ENTROPY.

data one;
dot=1to 10;
x1 = 5 * ranuni(456);
x2 = 10 * ranuni( 456);
x3 = 2 * rannor(1456);
el = rannor(1456);
e2 = rannor(4560);
tmpl = 05 * el - 0.1 * e2;
tmp2 = -0.1 * el - 0.3 * e2;
yl = 7 + 85*1 + 2*x2 + tmpl;
y2 = -3 + -2*x1 + x2 + 3*x3 + tmp2;
output;
end;
run;

filename sock socket 'your.pc.address.com:6943’;

proc entropy data=one tech=tr gmenm gconv=2.e-5 socket=sock;
model yl = x1 x2 x3;
run;

On the client side, the EmMonitor application is started with the following syntax:
EmMonitor options

The options are:

-p port_number define the port number
-t title define the title of the EmMonitor window
-k keep the monitor alive when the iteration is completed

The default port number is 6943.

The server does not need to be running when you start the EmMonitor, and you can
start or dismiss it at any time during the iteration process. You only need to remember
the port number.

If you do not start the PC client, or you close it prematurely, it will not have any effect
on the server side. In other words, the iteration process will continue until one of the
criteria for termination is met.
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Figure 10.1throughFigure 10.4show screenshots of the application on the client
side.

I SAS Process Monitor Proc Entropy Run

Graph lStatus] Dptiu:uns]

M objective

Plat Group: I -

Stop Current Stop All | Cloze

Figure 10.1. Graph Tab Group 0
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M 5AS Process Moniter Proc Entropy Run

Graph | Shabuz i Ophons: |

BaxtbsGrad

Stop Cusient | Stop Al | Cloce |

Figure 10.2. Graph Tab Group 1
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B SAS Process Monitor Proc Entropy Run
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ODS Table Names

The NLO subsystem assigns a name to each table it creates. You can use these names
when using the Output Delivery System (ODS) to select tables and create output
data sets. Not all tables are created by all SAS/ETS procedures that use the NLO
subsystem. You should check the procedure chapter for more details. The names are
listed in the following table. For more information on ODS, $&®apter 8, “Using

the Output Delivery System.”

Table 10.2. ODS Tables Produced by the NLO Subsystem

ODS Table Name Description

ConvergenceStatus Convergence status

InputOptions Input options

IterHist Iteration history

IterStart Iteration start

IterStop Iteration stop

Lagrange Lagrange multipliers at the solution

LinCon Linear constraints

LinConDel Deleted linear constraints

LinConSol Linear constraints at the solution

ParameterEstimatesResults Estimates at the results

ParameterEstimatesStart Estimates at the start of the iterations

ProblemDescription Problem description

ProjGrad Projected gradients
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Chapter 11
The ARIMA Procedure

Overview

The ARIMA procedure analyzes and forecasts equally spaced univariate time se-
ries data, transfer function data, and intervention data usingAtiieRegressive
IntegratedV oving-Average (ARIMA) or autoregressive moving-average (ARMA)
model. An ARIMA model predicts a value in a response time series as a linear com-
bination of its own past values, past errors (also called shocks or innovations), and
current and past values of other time series.

The ARIMA approach was first popularized by Box and Jenkins, and ARIMA models
are often referred to as Box-Jenkins models. The general transfer function model
employed by the ARIMA procedure was discussed by Box and Tiao (1975). When an
ARIMA model includes other time series as input variables, the model is sometimes
referred to as an ARIMAX model. Pankratz (1991) refers to the ARIMAX model as
dynamic regressian

The ARIMA procedure provides a comprehensive set of tools for univariate time se-
ries model identification, parameter estimation, and forecasting, and it offers great
flexibility in the kinds of ARIMA or ARIMAX models that can be analyzed. The
ARIMA procedure supports seasonal, subset, and factored ARIMA models; inter-
vention or interrupted time series models; multiple regression analysis with ARMA
errors; and rational transfer function models of any complexity.

Experimental graphics are now available with the ARIMA procedure. For more in-
formation, see theODS Graphics”section on page 443.

The design of PROC ARIMA closely follows the Box-Jenkins strategy for time series
modeling with features for the identification, estimation and diagnostic checking, and
forecasting steps of the Box-Jenkins method.

Before using PROC ARIMA, you should be familiar with Box-Jenkins methods, and
you should exercise care and judgment when using the ARIMA procedure. The
ARIMA class of time series models is complex and powerful, and some degree of
expertise is needed to use them correctly.

If you are unfamiliar with the principles of ARIMA modeling, refer to textbooks on
time series analysis. Also refer RAS/ETS Software: Applications Guide 1, Version
6, First Edition You might consider attending the SAS Training Course “Introduction
to Time Series Forecasting Using SAS/ETS Software.” This course provides in-depth
training on ARIMA modeling using PROC ARIMA, as well as training on the use of
other forecasting tools available in SAS/ETS software.
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Getting Started

This section outlines the use of the ARIMA procedure and gives a cursory description
of the ARIMA modeling process for readers less familiar with these methods.

The Three Stages of ARIMA Modeling

The analysis performed by PROC ARIMA is divided into three stages, corresponding
to the stages described by Box and Jenkins (1976).

1. In theidentificationstage, you use the IDENTIFY statement to specify the re-
sponse series and identify candidate ARIMA models for it. The IDENTIFY
statement reads time series that are to be used in later statements, possibly dif-
ferencing them, and computes autocorrelations, inverse autocorrelations, par-
tial autocorrelations, and cross correlations. Stationarity tests can be performed
to determine if differencing is necessary. The analysis of the IDENTIFY state-
ment output usually suggests one or more ARIMA models that could be fit.
Options enable you to test for stationarity and tentative ARMA order identifi-
cation.

2. In theestimation and diagnostic checkistage, you use the ESTIMATE state-
ment to specify the ARIMA model to fit to the variable specified in the previ-
ous IDENTIFY statement, and to estimate the parameters of that model. The
ESTIMATE statement also produces diagnostic statistics to help you judge the
adequacy of the model.

Significance tests for parameter estimates indicate whether some terms in the
model may be unnecessary. Goodness-of-fit statistics aid in comparing this
model to others. Tests for white noise residuals indicate whether the residual
series contains additional information that might be utilized by a more complex
model. The OUTLIER statement provides another useful tool to check whether
the currently estimated model accounts for all the variation in the series. If the
diagnostic tests indicate problems with the model, you try another model, then
repeat the estimation and diagnostic checking stage.

3. In the forecastingstage you use the FORECAST statement to forecast future
values of the time series and to generate confidence intervals for these forecasts
from the ARIMA model produced by the preceding ESTIMATE statement.

These three steps are explained further and illustrated through an extended example
in the following sections.
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Identification Stage

Suppose you have a variable called SALES that you want to forecast. The follow-
ing example illustrates ARIMA modeling and forecasting using a simulated data set
TEST containing a time series SALES generated by an ARIMA(1,1,1) model. The
output produced by this example is explained in the following sections. The simu-
lated SALES series is shown kigure 11.1

sales
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Figure 11.1. Simulated ARIMA(1, 1, 1) Series SALES

Using the IDENTIFY Statement

You first specify the input data set in the PROC ARIMA statement. Then, you use
an IDENTIFY statement to read in the SALES series and plot its autocorrelation
function. You do this using the following statements:

proc arima data=test;
identify var=sales nlag=8;
run;

Descriptive Statistics

The IDENTIFY statement first prints descriptive statistics for the SALES series. This
part of the IDENTIFY statement output is shownRigure 11.2
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The ARIMA Procedure

Name of Variable = sales

Mean of Working Series 137.3662
Standard Deviation 17.36385
Number of Observations 100

Figure 11.2. IDENTIFY Statement Descriptive Statistics Output
Autocorrelation Function Plots

The IDENTIFY statement next prints three plots of the correlations of the series with
its past values at different lags. These are the

e sample autocorrelation function plot
e sample partial autocorrelation function plot

e sample inverse autocorrelation function plot

The sample autocorrelation function plot output of the IDENTIFY statement is shown

in Figure 11.3
The ARIMA Procedure
Autocorrelations
Lag Covariance Correlaton -198765432101234567891
0 301.503 1.00000 | [ |
1 288454 095672 | |******************* I
2 273437 090691 | |*******~k~k**~k*~k*~k** |
3 256.787 0.85169 | |***************** I
4 238.518 0.79110 | [tk |
5 219.033 0.72647 | [k |
6 198.617 0.65876 | |************* |
7 177150 058755 | |*~k~k~k~k******* |
8 154.914 0.51381 | |********** . |
" marks two standard errors
Figure 11.3. IDENTIFY Statement Autocorrelations Plot

The autocorrelation plot shows how values of the series are correlated with past values
of the series. For example, the value 0.95672 in the “Correlation” column for the Lag

1 row of the plot means that the correlation between SALES and the SALES value
for the previous period is .95672. The rows of asterisks show the correlation values
graphically.

These plots are called autocorrelation functions because they show the degree of cor-
relation with past values of the series as a function of the number of periods in the
past (that is, the lag) at which the correlation is computed.
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The NLAG= option controls the number of lags for which autocorrelations are shown.
By default, the autocorrelation functions are plotted to lag 24; in this example the
NLAG=8 option is used, so only the first 8 lags are shown.

Most books on time series analysis explain how to interpret autocorrelation plots and
partial autocorrelation plots. See the sectidhe Inverse Autocorrelation Function”
on page 409 for a discussion of inverse autocorrelation plots.

By examining these plots, you can judge whether the seris&i®naryor nonsta-
tionary. In this case, a visual inspection of the autocorrelation function plot indi-
cates that the SALES series is nonstationary, since the ACF decays very slowly. For
more formal stationarity tests, use the STATIONARITY= option. (See the section
“Stationarity” on page 382.)

The inverse and partial autocorrelation plots are printed after the autocorrelation plot.
These plots have the same form as the autocorrelation plots, but display inverse and
partial autocorrelation values instead of autocorrelations and autocovariances. The
partial and inverse autocorrelation plots are not shown in this example.

White Noise Test

The last part of the default IDENTIFY statement output is the check for white noise.
This is an approximate statistical test of the hypothesis that none of the autocorrela-
tions of the series up to a given lag are significantly different from 0. If this is true for
all lags, then there is no information in the series to model, and no ARIMA model is
needed for the series.

The autocorrelations are checked in groups of 6, and the number of lags checked
depends on the NLAG= option. The check for white noise output is showigimre

11.4
The ARIMA Procedure
Autocorrelation Check for White Noise
To Chi- Pr >
Lag Square  DF  ChiSq --------------- Autocorrelations---------------
6 426.44 6 <0001 0.957 0907 0.852 0.791 0.726  0.659

Figure 11.4. IDENTIFY Statement Check for White Noise

In this case, the white noise hypothesis is rejected very strongly, which is expected
since the series is nonstationary. Thealue for the test of the first six autocorrela-
tions is printed as <0.0001, which means phelue is less than .0001.

Identification of the Differenced Series

Since the series is nonstationary, the next step is to transform it to a stationary series
by differencing. That is, instead of modeling the SALES series itself, you model
the change in SALES from one period to the next. To difference the SALES series,
use another IDENTIFY statement and specify that the first difference of SALES be
analyzed, as shown in the following statements:
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identify var=sales(1) nlag=8;
run;

The second IDENTIFY statement produces the same information as the first but for
the change in SALES from one period to the next rather than for the total sales in
each period. The summary statistics output from this IDENTIFY statement is shown
in Figure 11.5 Note that the period of differencing is given as 1, and one observation
was lost through the differencing operation.

The ARIMA Procedure

Name of Variable = sales

Period(s) of Differencing 1
Mean of Working Series 0.660589
Standard Deviation 2.011543
Number of Observations 99
Observation(s) eliminated by differencing 1

Figure 11.5. IDENTIFY Statement Output for Differenced Series

The autocorrelation plot for the differenced series is showfigare 11.6

The ARIMA Procedure
Autocorrelations

Lag Covariance Correlation -198765432101234567891

0 4.046306 1.00000 | [t |

1 3.351258 0.82823 | [t [

2 2.390895 0.59088 | [ |

3 1.838925 0.45447 | . [ |

4 1.494253 0.36929 | . [ |

5 1.135753 0.28069 | [rrres |

6 0.801319 0.19804 | [ ) |
7 0.610543 0.15089 | e . |
8 0.326495 0.08069 | [** . |

" marks two standard errors

Figure 11.6. Autocorrelations Plot for Change in SALES

The autocorrelations decrease rapidly in this plot, indicating that the change in
SALES is a stationary time series.

The next step in the Box-Jenkins methodology is to examine the patterns in the au-
tocorrelation plot to choose candidate ARMA models to the series. The partial and
inverse autocorrelation function plots are also useful aids in identifying appropriate

ARMA models for the series. The partial and inverse autocorrelation function plots

are shown irFigure 11.7andFigure 11.8
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The ARIMA Procedure
Inverse Autocorrelations

Lag Correlation -198765432101234567891
1 _073867 | ***************I . |
2 0.36801 | . el |
3 -0.17538 | k| . |
4 0.11431 | . [** . |
5 -0.15561 | k| . |
6 0.18899 | . [ |
7 -0.15342 | kK| . |
8 0.05952 | . * . |

Figure 11.7. Inverse Autocorrelation Function Plot for Change in SALES

The ARIMA Procedure
Partial Autocorrelations

Lag Correlation -198765432101234567891
1 082823 | . |***************** |
2 -0.30275 | kokokokk| . |
3 0.23722 | . [rrx |
4 -0.07450 | | . |
5 -0.02654 | | . |
6 -0.01012 | . | . |
7 0.04189 | . * . |
8 -0.17668 | k| . |

Figure 11.8. Partial Autocorrelation Plot for Change in SALES

In the usual Box and Jenkins approach to ARIMA modeling, the sample autocorre-
lation function, inverse autocorrelation function, and partial autocorrelation function
are compared with the theoretical correlation functions expected from different kinds
of ARMA models. This matching of theoretical autocorrelation functions of different
ARMA models to the sample autocorrelation functions computed from the response
series is the heart of the identification stage of Box-Jenkins modeling. Most textbooks
on time series analysis discuss the theoretical autocorrelation functions for different
kinds of ARMA models.

Since the input data are only a limited sample of the series, the sample autocorrelation
functions computed from the input series will only approximate the true autocorre-
lation functions of the process generating the series. This means that the sample
autocorrelation functions will not exactly match the theoretical autocorrelation func-
tions for any ARMA model and may have a pattern similar to that of several different
ARMA models.

If the series is white noise (a purely random process), then there is no need to fit a
model. The check for white noise, shownFigure 11.9indicates that the change in
sales is highly autocorrelated. Thus, an autocorrelation model, for example an AR(1)
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model, might be a good candidate model to fit to this process.

The ARIMA Procedure
Autocorrelation Check for White Noise

To Chi- Pr >
Lag Square DF ChiSsq  --------------- Autocorrelations---------------

6 154.44 6 <.0001 0.828 0.591 0.454  0.369 0.281 0.198

Figure 11.9. IDENTIFY Statement Check for White Noise

Estimation and Diagnostic Checking Stage

The autocorrelation plots for this series, as shown in the previous section, suggest an
AR(1) model for the change in SALES. You should check the diagnostic statistics to
seeif the AR(1) model is adequate. Other candidate models include an MA(1) model,
and low-order mixed ARMA models. In this example, the AR(1) model is tried first.

Estimating an AR(1) Model

The following statements fit an AR(1) model (an autoregressive model of order 1),
which predicts the change in sales as an average change, plus some fraction of the
previous change, plus a random error. To estimate an AR model, you specify the
order of the autoregressive model with the P= option on an ESTIMATE statement, as
shown in the following statements:

estimate p=1,
run;

The ESTIMATE statement fits the model to the data and prints parameter estimates
and various diagnostic statistics that indicate how well the model fits the data. The
first part of the ESTIMATE statement output, the table of parameter estimates, is
shown inFigure 11.10

The ARIMA Procedure

Conditional Least Squares Estimation

Standard Approx
Parameter Estimate Error t Value Pr > |t Lag
MU 0.90280 0.65984 1.37 0.1744 0
AR1,1 0.86847 0.05485 15.83 <.0001 1

Figure 11.10. Parameter Estimates for AR(1) Model

The table of parameter estimates is titled “Conditional Least Squares Estimation,”
which indicates the estimation method used. You can request different estimation
methods with the METHOD= option.
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The table of parameter estimates lists the parameters in the model; for each parameter,
the table shows the estimated value and the standard errbvalug for the estimate.
The table also indicates the lag at which the parameter appears in the model.

In this case, there are two parameters in the model. The mean term is labeled MU; its
estimated value is .90280. The autoregressive parameter is labeled AR1,1; this is the
coefficient of the lagged value of the change in SALES, and its estimate is .86847.

The t values provide significance tests for the parameter estimates and indicate
whether some terms in the model may be unnecessary. In this cateathe for the
autoregressive parameter is 15.83, so this term is highly significantt Vdiee for

MU indicates that the mean term adds little to the model.

The standard error estimates are based on large sample theory. Thus, the standard
errors are labeled as approximate, and the standard errotsvahges may not be
reliable in small samples.

The next part of the ESTIMATE statement output is a table of goodness-of-fit statis-
tics, which aid in comparing this model to other models. This output is shown in
Figure 11.11

The ARIMA Procedure

Constant Estimate 0.118749
Variance Estimate 1.15794
Std Error Estimate 1.076076
AlC 297.4469
SBC 302.6372
Number of Residuals 99

* AIC and SBC do not include log determinant.

The ARIMA Procedure

* AIC and SBC do not include log determinant.

Figure 11.11. Goodness-of-Fit Statistics for AR(1) Model

The “Constant Estimate” is a function of the mean term MU and the autoregressive
parameters. This estimate is computed only for AR or ARMA models, but not for
strictly MA models. See the sectid@eneral Notation for ARIMA Models’bn page

379 for an explanation of the constant estimate.

The “Variance Estimate” is the variance of the residual series, which estimates the
innovation variance. The item labeled “Std Error Estimate” is the square root of the
variance estimate. In general, when comparing candidate models, smaller AIC and
SBC statistics indicate the better fitting model. The section The setEgtimation
Details” on page 418 explains the AIC and SBC statistics.

The ESTIMATE statement next prints a table of correlations of the parameter esti-
mates, as shown iRigure 11.12 This table can help you assess the extent to which
collinearity may have influenced the results. If two parameter estimates are very
highly correlated, you might consider dropping one of them from the model.
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The ARIMA Procedure

Correlations of Parameter

Estimates
Parameter MU AR1,1
MU 1.000 0.114
AR1,1 0.114 1.000

Figure 11.12. Correlations of the Estimates for AR(1) Model

The next part of the ESTIMATE statement output is a check of the autocorrelations
of the residuals. This output has the same form as the autocorrelation check for white
noise that the IDENTIFY statement prints for the response series. The autocorrelation
check of residuals is shown Figure 11.13

The ARIMA Procedure

Autocorrelation Check of Residuals

To Chi- Pr >
Lag Square DF  ChiSq --------------- Autocorrelations---------------

6 19.09 5 0.0019 0327 -0.220 -0.128 0.068 -0.002 -0.096
12 22.90 11 0.0183 0.072 0.116 -0.042 -0.066 0.031 -0.091
18 31.63 17 0.0167 -0.233 -0.129 -0.024 0.056 -0.014 -0.008
24 32.83 23 0.0841 0.009 -0.057 -0.057 -0.001 0.049 -0.015

Figure 11.13. Check for White Noise Residuals for AR(1) Model

The 2 test statistics for the residuals series indicate whether the residuals are un-
correlated (white noise) or contain additional information that might be utilized by a
more complex model. In this case, the test statistics reject the no-autocorrelation hy-
pothesis at a high level of significance=0.0019 for the first six lags.) This means
that the residuals are not white noise, and so the AR(1) model is not a fully adequate

model for this series.

The final part of the ESTIMATE statement output is a listing of the estimated model
using the back shift notation. This output is showrigure 11.14
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The ARIMA Procedure
Model for variable sales
Estimated Mean 0.902799
Period(s) of Differencing 1
Autoregressive Factors

Factor 1: 1 - 0.86847 B**(1)

Figure 11.14. Estimated ARIMA(1, 1, 0) Model for SALES

This listing combines the differencing specification given in the IDENTIFY state-
ment with the parameter estimates of the model for the change in sales. Since the
AR(1) model is for the change in sales, the final model for sales is an ARIMA(1,1,0)
model. UsingB, the back shift operator, the mathematical form of the estimated
model shown in this output is as follows:

(1 — B)sales; = 0.902799 +

(1—0.86847B) "

See the sectiotiGeneral Notation for ARIMA Modelson page 379 for further ex-
planation of this notation.

Estimating an ARMA(1,1) Model

The IDENTIFY statement plots suggest a mixed autoregressive and moving average
model, and the previous ESTIMATE statement check of residuals indicates that an
AR(1) model is not sufficient. You now try estimating an ARMA(1,1) model for the
change in SALES.

An ARMA(1,1) model predicts the change in SALES as an average change, plus
some fraction of the previous change, plus a random error, plus some fraction of the
random error in the preceding period. An ARMA(1,1) model for the change in sales

is the same as an ARIMA(1,1,1) model for the level of sales.

To estimate a mixed autoregressive moving average model, you specify the order of
the moving average part of the model with the Q= option on an ESTIMATE statement
in addition to specifying the order of the autoregressive part with the P= option. The
following statements fit an ARMA(1,1) model to the differenced SALES series:

estimate p=1 g=1,;
run;

The parameter estimates table and goodness-of-fit statistics for this model are shown
in Figure 11.15
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The ARIMA Procedure

* AIC and SBC do not include log determinant.

The ARIMA Procedure

Conditional Least Squares Estimation

Standard Approx

Parameter Estimate Error t Value Pr > |t Lag
MU 0.89288 0.49391 1.81 0.0738 0
MA1,1 -0.58935 0.08988 -6.56 <.0001 1
AR1,1 0.74755 0.07785 9.60 <.0001 1

Constant Estimate 0.225409

Variance Estimate 0.904034

Std Error Estimate 0.950807

AIC 273.9155

SBC 281.7009

Number of Residuals 99

* AIC and SBC do not include log determinant.

Figure 11.15. Estimated ARMA(1, 1) Model for Change in SALES

The moving average parameter estimate, labeled “MA1,1%(158935. Both the
moving average and the autoregressive parameters have signifioes. Note

that the variance estimate, AIC, and SBC are all smaller than they were for the AR(1)
model, indicating that the ARMA(1,1) model fits the data better without overparam-

eterizing.

The check for white noise residuals is shownFilgure 11.16 The x? tests show

that you cannot reject the hypothesis that the residuals are uncorrelated. Thus, you
conclude that the ARMA(1,1) model is adequate for the change in sales series, and
there is no point in trying more complex models.

The ARIMA Procedure

Autocorrelation Check of Residuals

To Chi- Pr >
Lag Square DF Chisq = --------------- Autocorrelations---------------

6 3.95 4 04127 0.016 -0.044 -0.068 0.145 0.024 -0.094
12 7.03 10 0.7227 0.088 0.087 -0.037 -0.075 0.051 -0.053
18 1541 16 0.4951 -0.221 -0.033 -0.092 0.086 -0.074 -0.005
24 16.96 22 0.7657 0.011 -0.066 -0.022 -0.032 0.062 -0.047

Figure 11.16. Check for White Noise Residuals for ARMA(1, 1) Model

The output showing the form of the estimated ARIMA(1,1,1) model for SALES is
shown inFigure 11.17
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The ARIMA Procedure
Model for variable sales
Estimated Mean 0.892875
Period(s) of Differencing 1
Autoregressive Factors

Factor 1: 1 - 0.74755 B**(1)

Moving Average Factors

Factor 1: 1 + 0.58935 B**(1)

Figure 11.17. Estimated ARIMA(1, 1, 1) Model for SALES

The estimated model shown in this output is

(1+0.58935B)
(1= 0.74755B)

(1 — B)sales; = 0.892875 +

ag

The OUTLIER statement enables you to detect whether there are changes in the time
series that are not accounted for by the currently estimated model. For a long series,
this task can be computationally burdensome, therefore, in general, it is better left to
when a model that fits the data reasonably well has been fdtigdre 11.18hows

the output of the simplest form of the statement:

outlier;

Two possible outliers have been found for the model in question. Se®#tecting
Outliers”section on page 43&xample 11.®n page 476, anbxample 11.70n page
478 for more details on modeling in the presence of outliers.

The ARIMA Procedure

Outlier Detection Summary

Maximum number searched 2
Number found 2
Significance used 0.05

Outlier Details

Approx
Chi- Prob>
Obs Type Estimate Square ChiSq
10 Additive 0.56879 4.20 0.0403
67 Additive 0.55698 4.42 0.0355

Figure 11.18. Ouitliers for the ARIMA(Z, 1, 1) Model for SALES
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Since the model diagnostic tests show that all the parameter estimates are signifi-
cant and the residual series is white noise, the estimation and diagnostic checking
stage is complete. You can now proceed to forecasting the SALES series with this
ARIMA(1,1,1) model.

Forecasting Stage

To produce the forecast, use a FORECAST statement after the ESTIMATE statement
for the model you decide is best. If the last model fit were not the best, then repeat the
ESTIMATE statement for the best model before using the FORECAST statement.

Suppose that the SALES series is monthly, that you wish to forecast one year ahead
from the most recently available sales figure, and that the dates for the observations
are given by a variable DATE in the input data set TEST. You use the following
FORECAST statement:

forecast lead=12 interval=month id=date out=results;
run;

The LEAD= option specifies how many periods ahead to forecast (12 months, in this
case). The ID= option specifies the ID variable used to date the observations of the
SALES time series. The INTERVAL= option indicates that data are monthly and
enables PROC ARIMA to extrapolate DATE values for forecast periods. The OUT=
option writes the forecasts to an output data set RESULTS. See the s&gtidir

Data Set"on page 432 for information on the contents of the output data set.

By default, the FORECAST statement also prints the forecast values, as shown in
Figure 11.19 This output shows for each forecast period the observation number,
forecast value, standard error estimate for the forecast value, and lower and upper
limits for a 95% confidence interval for the forecast.

The ARIMA Procedure
Forecasts for variable sales
Obs Forecast Std Error 95% Confidence Limits
101 171.0320 0.9508 169.1684 172.8955
102 174.7534 2.4168 170.0165 179.4903
103 177.7608 3.9879 169.9445 185.5770
104 180.2343 5.5658 169.3256 191.1430
105 182.3088 7.1033 168.3866 196.2310
106 184.0850 8.5789 167.2707 200.8993
107 185.6382 9.9841 166.0698 205.2066
108 187.0247 11.3173 164.8433 209.2061
109 188.2866 12.5807 163.6289 212.9443
110 189.4553 13.7784 162.4501 216.4605
111 190.5544 14.9153 161.3209 219.7879
112 191.6014 15.9964 160.2491 222.9538

Figure 11.19. Estimated ARIMA(Z1, 1, 1) Model for SALES
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Normally, you want the forecast values stored in an output data set, and you are not
interested in seeing this printed list of the forecast. You can use the NOPRINT option
on the FORECAST statement to suppress this output.

Using ARIMA Procedure Statements

The IDENTIFY, ESTIMATE, and FORECAST statements are related in a hierarchy.
An IDENTIFY statement brings in a time series to be modeled; several ESTIMATE
statements can follow to estimate different ARIMA models for the series; for each
model estimated, several FORECAST statements can be used. Thus, a FORECAST
statement must be preceded at some point by an ESTIMATE statement, and an
ESTIMATE statement must be preceded at some point by an IDENTIFY statement.
Additional IDENTIFY statements can be used to switch to modeling a different re-
sponse series or to change the degree of differencing used.

The ARIMA procedure can be used interactively in the sense that all ARIMA pro-
cedure statements can be executed any number of times without reinvoking PROC
ARIMA. You can execute ARIMA procedure statements singly or in groups by fol-
lowing the single statement or group of statements with a RUN statement. The output
for each statement or group of statements is produced when the RUN statement is en-
tered.

A RUN statement does not terminate the PROC ARIMA step but tells the procedure
to execute the statements given so far. You can end PROC ARIMA by submitting a
QUIT statement, a DATA step, another PROC step, or an ENDSAS statement.

The example in the preceding section illustrates the interactive use of ARIMA pro-
cedure statements. The complete PROC ARIMA program for that example is as
follows:

proc arima data=test;
identify var=sales nlag=8;
run;
identify var=sales(1) nlag=8;
run;
estimate p=1;
run;
estimate p=1 g=1,;
run;
forecast lead=12 interval=month id=date out=results;
run;
quit;

General Notation for ARIMA Models

The order of an ARIMA (AutoRegressive Integrated Moving-Average) model is usu-
ally denoted by the notation ARIMAYd,9, where

p is the order of the autoregressive part
d is the order of the differencing
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q is the order of the moving-average process

If no differencing is doned = 0), the models are usually referred to as ARNA]
models. The final model in the preceding example is an ARIMA(1,1,1) model since
the IDENTIFY statement specifietl= 1, and the final ESTIMATE statement speci-
fiedp=1andqg=1.

Notation for Pure ARIMA Models

Mathematically the pure ARIMA model is written as

0(B
Wi=p+ ngB)) ag

where

t indexes time

Wy is the response seri&3 or a difference of the response series

7 is the mean term

B is the backshift operator; that iB.X; = X;_1

¢(B) is the autoregressive operator, represented as a polynomial in the
back shift operatorp(B) =1 — ¢ B — ... — ¢, B?

0(B) is the moving-average operator, represented as a polynomial in the
back shift operatord(B) =1 —-6,B — ... — §,B4

a; is the independent disturbance, also called the random error.

The seriedV; is computed by the IDENTIFY statement and is the series processed
by the ESTIMATE statement. ThuB/; is either the response seriésor a difference
of Y; specified by the differencing operators in the IDENTIFY statement.

For simple (nonseasonal) differencing; = (1 — B)?Y; . For seasonal differencing
W, = (1 - B)4(1 — B*)PY,, whered is the degree of nonseasonal differencibg,
is the degree of seasonal differencing, amglthe length of the seasonal cycle.

For example, the mathematical form of the ARIMA(1,1,1) model estimated in the
preceding example is

(1-61B)

(1_B)Yt:/1+m

ag

Model Constant Term

The ARIMA model can also be written as

O(B)(Wi — p) = 0(B)ay
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or
&(B)W; = const + 6(B)ay
where

const = ¢(B)pu = p1 — dp1pt — dopi — ... — dppt

Thus, when an autoregressive operator and a mean term are both included in the
model, the constant term for the model can be representédig:. This value is
printed with the label “Constant Estimate” in the ESTIMATE statement output.

Notation for Transfer Function Models
The general ARIMA model with input series, also called the ARIMAX model, is

written as
wi(B) . 0(B)
Wy = B¥X;
P2 ) DXt Gy

where

Xit is theith input time series or a difference of tith input series at
timet

ki is the pure time delay for the effect of thtt input series

wi(B) is the numerator polynomial of the transfer function for itiein-
put series

9i(B) is the denominator polynomial of the transfer function for itie
input series.

The model can also be written more compactly as

Wi =p+ Y Wi(B)Xis+n

where

V,(B) is the transfer function weights for thh input series modeled as
a ratio of thew andd polynomials:¥,(B) = (w;(B)/&;(B))B*i

ny is the noise seriesy, = (0(B)/¢(B))a;

This model expresses the response series as a combination of past values of the ran-
dom shocks and past values of other input series. The response series is also called
the dependent seriesr output series An input time series is also referred to as an
independent seriear a predictor series Response variable, dependent variable, in-
dependent variable, or predictor variable are other terms often used.
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Notation for Factored Models

ARIMA models are sometimes expressed in a factored form. This means that the
¢, 0, w, or § polynomials are expressed as products of simpler polynomials. For
example, you could express the pure ARIMA model as

0.(B)6>(B)

We=nt $1(B)g2(B)

ag

wheregy (B)ga(B) = ¢(B) and6, (B)ds(B) = 0(B).

When an ARIMA model is expressed in factored form, the order of the model is
usually expressed using a factored notation also. The order of an ARIMA model
expressed as the product of two factors is denoted as AR\ x (P,D,Q).

Notation for Seasonal Models

ARIMA models for time series with regular seasonal fluctuations often use differ-
encing operators and autoregressive and moving average parameters at lags that are
multiples of the length of the seasonal cycle. When all the terms in an ARIMA model
factor refer to lags that are a multiple of a constgnhe constant is factored out and
suffixed to the ARIMAp,d,g notation.

Thus, the general notation for the order of a seasonal ARIMA model with both sea-
sonal and nonseasonal factors is ARINVAL, 9 x (P,D,Q)s. The term p,d,g gives the
order of the nonseasonal part of the ARIMA model; the tdD(Q); gives the order

of the seasonal part. The valueis the number of observations in a seasonal cy-
cle: 12 for monthly series, 4 for quarterly series, 7 for daily series with day-of-week
effects, and so forth.

For example, the notation ARIMA(0,1,2)0,1,1)- describes a seasonal ARIMA
model for monthly data with the following mathematical form:

(1 — B)(l — BIQ)K =pu+ (1 — 91713 — 917232)(1 — 92,1312)%5

Stationarity

The noise (or residual) series for an ARMA model musstaionary which means
that both the expected values of the series and its autocovariance function are inde-
pendent of time.

The standard way to check for nonstationarity is to plot the series and its autocorre-
lation function. You can visually examine a graph of the series over time to see if it
has a visible trend or if its variability changes noticeably over time. If the series is
nonstationary, its autocorrelation function will usually decay slowly.

Another way of checking for stationarity is to use the stationarity tests described in
the sectiorfStationarity Tests'bn page 416.

Most time series are nonstationary and must be transformed to a stationary series
before the ARIMA modeling process can proceed. If the series has a nonstationary
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variance, taking the log of the series may help. You can compute the log values in a
DATA step and then analyze the log values with PROC ARIMA.

If the series has a trend over time, seasonality, or some other nonstationary pattern,
the usual solution is to take the difference of the series from one period to the next
and then analyze this differenced series. Sometimes a series may need to be differ-
enced more than once or differenced at lags greater than one period. (If the trend or
seasonal effects are very regular, the introduction of explanatory variables may be an
appropriate alternative to differencing.)

Differencing

Differencing of the response series is specified with the VAR= option of the
IDENTIFY statement by placing a list of differencing periods in parentheses after
the variable name. For example, to take a simple first difference of the series SALES,
use the statement

identify var=sales(1);

In this example, the change in SALES from one period to the next will be analyzed.

A deterministic seasonal pattern will also cause the series to be nonstationary, since
the expected value of the series will not be the same for all time periods but will be
higher or lower depending on the season. When the series has a seasonal pattern, you
may want to difference the series at a lag corresponding to the length of the cycle of
seasons. For example, if SALES is a monthly series, the statement

identify var=sales(12);

takes a seasonal difference of SALES, so that the series analyzed is the change in
SALES from its value in the same month one year ago.

To take a second difference, add another differencing period to the list. For example,
the following statement takes the second difference of SALES:

identify var=sales(1,1);

That is, SALES is differenced once at lag 1 and then differenced again, also at lag 1.
The statement

identify var=sales(2);

creates a 2-span difference, that is current period sales minus sales from two periods
ago. The statement

identify var=sales(1,12);

383



Procedure Reference + The ARIMA Procedure

takes a second-order difference of SALES, so that the series analyzed is the difference
between the current period-to-period change in SALES and the change 12 periods
ago. You might want to do this if the series had both a trend over time and a seasonal
pattern.

There is no limit to the order of differencing and the degree of lagging for each
difference.

Differencing not only affects the series used for the IDENTIFY statement output but
also applies to any following ESTIMATE and FORECAST statements. ESTIMATE
statements fit ARMA models to the differenced series. FORECAST statements fore-
cast the differences and automatically sum these differences back to undo the dif-
ferencing operation specified by the IDENTIFY statement, thus producing the final
forecast result.

Differencing of input series is specified by the CROSSCORR= option and works just
like differencing of the response series. For example, the statement

identify var=y(1) crosscorr=(x1(1) x2(1));

takes the first difference of Y, the first difference of X1, and the first difference of
X2. Whenever X1 and X2 are used in INPUT= options in following ESTIMATE
statements, these names refer to the differenced series.

Subset, Seasonal, and Factored ARMA Models

The simplest way to specify an ARMA model is to give the order of the AR and MA
parts with the P=and Q= options. When you do this, the model has parameters for the
AR and MA parts for all lags through the order specified. However, you can control
the form of the ARIMA model exactly as shown in the following section.

Subset Models

You can control which lags have parameters by specifying the P= or Q= option as
a list of lags in parentheses. A model like this that includes parameters for only
some lags is sometimes called@bsebr additive model For example, consider the
following two ESTIMATE statements:

identify var=sales;
estimate p=4;
estimate p=(1 4);

Both specify AR(4) models, but the first has parameters for lags 1, 2, 3, and 4, while
the second has parameters for lags 1 and 4, with the coefficients for lags 2 and 3
constrained to 0. The mathematical form of the autoregressive models produced by
these two specifications is shownTiable 11.1
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Table 11.1. Saturated versus Subset Models

Option | Autoregressive Operator
P=4 (1 —¢1B — ¢2B* — p3B* — ¢4 B*)
P=(14)| (1-¢1B — ¢4B")

Seasonal Models

One particularly useful kind of subset model issasonal modeWhen the response
series has a seasonal pattern, the values of the series at the same time of year in
previous years may be important for modeling the series. For example, if the series
SALES is observed monthly, the statements

identify var=sales;
estimate p=(12);

model SALES as an average value plus some fraction of its deviation from this aver-
age value a year ago, plus a random error. Although this is an AR(12) model, it has
only one autoregressive parameter.

Factored Models

A factored model (also referred to as a multiplicative model) represents the ARIMA
model as a product of simpler ARIMA models. For example, you might model
SALES as a combination of an AR(1) process reflecting short term dependencies
and an AR(12) model reflecting the seasonal pattern.

It might seem that the way to do this is with the option P=(1 12), but the AR(1)
process also operates in past years; you really need autoregressive parameters at lags
1, 12, and 13. You can specify a subset model with separate parameters at these
lags, or you can specify a factored model that represents the model as the product
of an AR(1) model and an AR(12) model. Consider the following two ESTIMATE
statements:

identify var=sales;
estimate p=(1 12 13);
estimate p=(1)(12);

The mathematical form of the autoregressive models produced by these two specifi-
cations are shown ifable 11.2

Table 11.2. Subset versus Factored Models

Option Autoregressive Operator
P=(11213)| (1 — 1B — ¢p12B™2 — ¢13B7)
P=(1)(12) | (1 —¢1B)(1 - ¢12B")

Both models fit by these two ESTIMATE statements predict SALES from its values
1, 12, and 13 periods ago, but they use different parameterizations. The first model
has three parameters, whose meanings may be hard to interpret.
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The factored specification P=(1)(12) represents the model as the product of two dif-
ferent AR models. It has only two parameters: one that corresponds to recent effects
and one that represents seasonal effects. Thus the factored model is more parsimo-
nious, and its parameter estimates are more clearly interpretable.

Input Variables and Regression with ARMA Errors

In addition to past values of the response series and past errors, you can also model the
response series using the current and past values of other seriesirgalleskeries

Several different names are used to describe ARIMA models with input series.
Transfer function modeintervention modelinterrupted time series modekgres-

sion model with ARMA error8ox-Tiao modelandARIMAX modehbre all different
names for ARIMA models with input series. Pankratz (1991) refers to these models
asdynamic regressian

Using Input Series

To use input series, list the input series ina CROSSCORR= option on the IDENTIFY
statement and specify how they enter the model with an INPUT= option on the
ESTIMATE statement. For example, you might use a series called PRICE to help
model SALES, as shown in the following statements:

proc arima data=a;
identify var=sales crosscorr=price;
estimate input=price;
run;

This example performs a simple linear regression of SALES on PRICE, producing the
same results as PROC REG or another SAS regression procedure. The mathematical
form of the model estimated by these statements is

Y = p+woXy +ay

The parameter estimates table for this example (using simulated data) is shown in
Figure 11.20 The intercept parameter is labeled MU. The regression coefficient for
PRICE is labeled NUML1. (See the sectittiaming of Model Parametersin page

426 for information on how parameters for input series are named.)

The ARIMA Procedure

Conditional Least Squares Estimation

Standard Approx
Parameter Estimate Error t Value Pr > [t Lag Variable Shift
MU 199.83602 2.99463 66.73 <.0001 0 sales 0
NUM1 -9.99299 0.02885 -346.38 <.0001 0 price 0

Figure 11.20. Parameter Estimates Table for Regression Model
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Any number of input variables can be used in a model. For example, the following
statements fit a multiple regression of SALES on PRICE and INCOME:

proc arima data=a;
identify var=sales crosscorr=(price income);
estimate input=(price income);
run;

The mathematical form of the regression model estimated by these statements is
Yi=p+wi X1t +weXos +ay

Lagging and Differencing Input Series

You can also difference and lag the input series. For example, the following state-
ments regress the change in SALES on the change in PRICE lagged by one period.
The difference of PRICE is specified with the CROSSCORR= option and the lag of
the change in PRICE is specified by the 1 $ in the INPUT= option.

proc arima data=a;
identify var=sales(1) crosscorr=price(1);
estimate input=( 1 $ price );
run;

These statements estimate the model
(1-B)Y,=p+wy(l—B)X;—1+a;

Regression with ARMA Errors

You can combine input series with ARMA models for the errors. For example, the
following statements regress SALES on INCOME and PRICE but with the error term
of the regression model (called theise seriesn ARIMA modeling terminology)
assumed to be an ARMA(1,1) process.

proc arima data=a;
identify var=sales crosscorr=(price income);
estimate p=1 g=1 input=(price income);
run;

These statements estimate the model

(1-6,B)

Y, = w+ lel,t + W2X2,t + m

ag
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Stationarity and Input Series

Note that the requirement of stationarity applies to the noise series. If there are no
input variables, the response series (after differencing and minus the mean term) and
the noise series are the same. However, if there are inputs, the noise series is the
residual after the effect of the inputs is removed.

There is no requirement that the input series be stationary. If the inputs are nonsta-
tionary, the response series will be nonstationary, even though the noise process may
be stationary.

When nonstationary input series are used, you can fit the input variables first with no
ARMA model for the errors and then consider the stationarity of the residuals before
identifying an ARMA model for the noise part.

Identifying Regression Models with ARMA Errors

Previous sections described the ARIMA modeling identification process using the
autocorrelation function plots produced by the IDENTIFY statement. This identifi-
cation process does not apply when the response series depends on input variables.
This is because it is the noise process for which you need to identify an ARIMA
model, and when input series are involved the response series adjusted for the mean
is no longer an estimate of the noise series.

However, if the input series are independent of the noise series, you can use the
residuals from the regression model as an estimate of the noise series, then apply the
ARIMA modeling identification process to this residual series. This assumes that the
noise process is stationary.

The PLOT option on the ESTIMATE statement produces for the model residuals
the same plots as the IDENTIFY statement produces for the response series. The
PLOT option prints an autocorrelation function plot, an inverse autocorrelation func-
tion plot, and a partial autocorrelation function plot for the residual series.

The following statements show how the PLOT option is used to identify the
ARMA(1,1) model for the noise process used in the preceding example of regres-
sion with ARMA errors:

proc arima data=a;
identify var=sales crosscorr=(price income) noprint;
estimate input=(price income) plot;
run;
estimate p=1 g=1 input=(price income) plot;
run;

In this example, the IDENTIFY statement includes the NOPRINT option since the
autocorrelation plots for the response series are not useful when you know that the
response series depends on input series.

The first ESTIMATE statement fits the regression model with no model for the noise
process. The PLOT option produces plots of the autocorrelation function, inverse
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autocorrelation function, and partial autocorrelation function for the residual series
of the regression on PRICE and INCOME.

By examining the PLOT option output for the residual series, you verify that the
residual series is stationary and identify an ARMA(1,1) model for the noise process.
The second ESTIMATE statement fits the final model.

Although this discussion addresses regression models, the same remarks apply to
identifying an ARIMA model for the noise process in models that include input series
with complex transfer functions.

Intervention Models and Interrupted Time Series

One special kind of ARIMA model with input series is callediatervention model
orinterrupted time seriesodel. In an intervention model, the input series is an indi-
cator variable containing discrete values that flag the occurrence of an event affecting
the response series. This event is an intervention in or an interruption of the normal
evolution of the response time series, which, in the absence of the intervention, is
usually assumed to be a pure ARIMA process.

Intervention models can be used both to model and forecast the response series and to
analyze the impact of the intervention. When the focus is on estimating the effect of
the intervention, the process is often calletervention analysisr interrupted time

series analysis

Impulse Interventions

The intervention can be a one-time event. For example, you might want to study the
effect of a short-term advertising campaign on the sales of a product. In this case, the
input variable has the value of 1 for the period during which the advertising campaign
took place and the value 0 for all other periods. Intervention variables of this kind are
sometimes calletmpulse functionsr pulse functions

Suppose that SALES is a monthly series, and a special advertising effort was made
during the month of March 1992. The following statements estimate the effect of
this intervention assuming an ARMA(1,1) model for SALES. The model is specified
just like the regression model, but the intervention variable AD is constructed in the
DATA step as a zero-one indicator for the month of the advertising effort.

data a;

set a;

ad = date = '1lmarl992'd;
run;

proc arima data=a;
identify var=sales crosscorr=ad;
estimate p=1 g=1 input=ad;
run;

Continuing Interventions

Other interventions can be continuing, in which case the input variable flags periods
before and after the intervention. For example, you might want to study the effect
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of a change in tax rates on some economic measure. Another example is a study of
the effect of a change in speed limits on the rate of traffic fatalities. In this case, the
input variable has the value 1 after the new speed limit went into effect and the value
0 before. Intervention variables of this kind are cakgelp functions

Another example is the effect of news on product demand. Suppose it was reported in
July 1996 that consumption of the product prevents heart disease (or causes cancer),
and SALES is consistently higher (or lower) thereafter. The following statements
model the effect of this news intervention:

data a;

set a;

news = date >= '1jul1996'd;
run;

proc arima data=a;
identify var=sales crosscorr=news;
estimate p=1 g=1 input=news;
run;

Interaction Effects

You can include any number of intervention variables in the model. Intervention vari-
ables can have any pattern—-impulse and continuing interventions are just two possible
cases. You can mix discrete valued intervention variables and continuous regressor
variables in the same model.

You can also form interaction effects by multiplying input variables and including the
product variable as another input. Indeed, as long as the dependent measure forms
a regular time series, you can use PROC ARIMA to fit any general linear model in
conjunction with an ARMA model for the error process by using input variables that
correspond to the columns of the design matrix of the linear model.

Rational Transfer Functions and Distributed Lag Models

How an input series enters the model is calledriassfer function Thus, ARIMA
models with input series are sometimes referred to as transfer function models.

In the preceding regression and intervention model examples, the transfer function
is a single scale parameter. However, you can also specify complex transfer func-
tions composed of numerator and denominator polynomials in the backshift operator.
These transfer functions operate on the input series in the same way that the ARMA
specification operates on the error term.

Numerator Factors

For example, suppose you want to model the effect of PRICE on SALES as taking
place gradually with the impact distributed over several past lags of PRICE. This is
illustrated by the following statements:
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proc arima data=a;
identify var=sales crosscorr=price;
estimate input=( (1 2 3) price );
run;

These statements estimate the model
Yi=p+ (wp—w1B— wyB? — w3B3)Xt + a;

This example models the effect of PRICE on SALES as a linear function of the cur-
rent and three most recent values of PRICE. It is equivalent to a multiple linear re-
gression of SALES on PRICE, LAG(PRICE), LAG2(PRICE), and LAG3(PRICE).

This is an example of a transfer function with ameémerator factor The numerator
factors for a transfer function for an input series are like the MA part of the ARMA
model for the noise series.

Denominator Factors

You can also use transfer functions witinominator factorsThe denominator fac-
tors for a transfer function for an input series are like the AR part of the ARMA model
for the noise series. Denominator factors introduce exponentially weighted, infinite
distributed lags into the transfer function.

To specify transfer functions with denominator factors, place the denominator factors
after a slash (/) in the INPUT= option. For example, the following statements estimate
the PRICE effect as an infinite distributed lag model with exponentially declining
weights:

proc arima data=a;
identify var=sales crosscorr=price;
estimate input=( / (1) price );
run;

The transfer function specified by these statements is as follows:

wo

—X
(1-6B)""

This transfer function also can be written in the following equivalent form:

wo (1 +)° 513%’) X,
=1

This transfer function can be used with intervention inputs. When it is used with a
pulse function input, the result is an intervention effect that dies out gradually over
time. When it is used with a step function input, the result is an intervention effect
that increases gradually to a limiting value.
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Rational Transfer Functions

By combining various numerator and denominator factors in the INPUT= option, you
can specifyrational transfer function®f any complexity. To specify an input with a
general rational transfer function of the form

w(B)
@B’“Xt

use an INPUT= option in the ESTIMATE statement of the form
input=( k $ ( w-lags) / ( d-lag9 x)

See the sectiof\Specifying Inputs and Transfer Functioneh page 423 for more
information.

Identifying Transfer Function Models

The CROSSCORR= option of the IDENTIFY statement prints sample cross-
correlation functions showing the correlations between the response series and the
input series at different lags. The sample cross-correlation function can be used to
help identify the form of the transfer function appropriate for an input series. See text-
books on time series analysis for information on using cross-correlation functions to
identify transfer function models.

For the cross-correlation function to be meaningful, the input and response series
must be filtered with a prewhitening model for the input series. See the section
“Prewhitening”’on page 416 for more information on this issue.

Forecasting with Input Variables

To forecast a response series using an ARIMA model with inputs, you need values
of the input series for the forecast periods. You can supply values for the input vari-

ables for the forecast periods in the DATA= data set, or you can have PROC ARIMA

forecast the input variables.

If you do not have future values of the input variables in the input data set used by the
FORECAST statement, the input series must be forecast before the ARIMA proce-

dure can forecast the response series. If you fit an ARIMA model to each of the input

series for which you need forecasts before fitting the model for the response series,
the FORECAST statement automatically uses the ARIMA models for the input series

to generate the needed forecasts of the inputs.

For example, suppose you want to forecast SALES for the next 12 months. In this
example, the change in SALES is predicted as a function of the lagged change in
PRICE, plus an ARMA(1,1) noise process. To forecast SALES using PRICE as an
input, you also need to fit an ARIMA model for PRICE.

The following statements fit an AR(2) model to the change in PRICE before fit-
ting and forecasting the model for SALES. The FORECAST statement automatically
forecasts PRICE using this AR(2) model to get the future inputs needed to produce
the forecast of SALES.
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proc arima data=a;

identify var=price(1);

estimate p=2;

identify var=sales(1) crosscorr=price(1);

estimate p=1 g=1 input=price;

forecast lead=12 interval=month id=date out=results;
run;

Fitting a model to the input series is also important for identifying transfer functions.
(See the sectiofPrewhitening”’on page 416 for more information.)

Input values from the DATA= data set and input values forecast by PROC ARIMA
can be combined. For example, a model for SALES might have three input series:
PRICE, INCOME, and TAXRATE. For the forecast, you assume that the tax rate will
be unchanged. You have a forecast for INCOME from another source but only for
the first few periods of the SALES forecast you want to make. You have no future
values for PRICE, which needs to be forecast as in the preceding example.

In this situation, you include observations in the input data set for all forecast periods,
with SALES and PRICE set to a missing value, with TAXRATE set to its last actual
value, and with INCOME set to forecast values for the periods you have forecasts for
and set to missing values for later periods. In the PROC ARIMA step, you estimate
ARIMA models for PRICE and INCOME before estimating the model for SALES,
as shown in the following statements:

proc arima data=a;
identify var=price(1);
estimate p=2;
identify var=income(1);
estimate p=2;
identify var=sales(1) crosscorr=( price(1l) income(l) taxrate );
estimate p=1 g=1 input=( price income taxrate );
forecast lead=12 interval=month id=date out=results;
run;

In forecasting SALES, the ARIMA procedure uses as inputs the value of PRICE
forecast by its ARIMA model, the value of TAXRATE found in the DATA= data
set, and the value of INCOME found in the DATA= data set, or, when the INCOME
variable is missing, the value of INCOME forecast by its ARIMA model. (Because
SALES is missing for future time periods, the estimation of model parameters is not
affected by the forecast values for PRICE, INCOME, or TAXRATE.)

Data

Requirements

PROC ARIMA can handle time series of moderate size; there should be at least 30
observations. With 30 or fewer observations, the parameter estimates may be poor.
With thousands of observations, the method requires considerable computer time and
memory.
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Syntax

The ARIMA procedure uses the following statements:

PROC ARIMA options;
BY variables;
IDENTIFY VAR=variable options;
ESTIMATE options;
OUTLIER options;
FORECAST options;

Functional Summary

The statements and options controlling the ARIMA procedure are summarized in the

following table.

Description Statement Option

Data Set Options

specify the input data set PROC ARIMA DATA=
IDENTIFY DATA=

specify the output data set PROC ARIMA OouT=
FORECAST OouUT=

include only forecasts in the output data set FORECAST NOOUTALL

write autocovariances to output data set IDENTIFY OUTCOV=

write parameter estimates to an output data set ESTIMATE OUTEST=

write correlation of parameter estimates ESTIMATE OUTCORR

write covariance of parameter estimates ESTIMATE ouTCcov

write estimated model to an output data set ESTIMATE OUTMODEL=

write statistics of fit to an output data set ESTIMATE OUTSTAT=

Options for Identifying the Series

difference time series and plot autocorrelations IDENTIFY

specify response series and differencing IDENTIFY VAR=

specify and cross correlate input series IDENTIFY CROSSCORR=

center data by subtracting the mean IDENTIFY CENTER

exclude missing values IDENTIFY NOMISS

delete previous models and start fresh IDENTIFY CLEAR

specify the significance level for tests IDENTIFY ALPHA=

perform tentative ARMA order identification IDENTIFY ESACF

using the ESACF Method

perform tentative ARMA order identification IDENTIFY MINIC

using the MINIC Method
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Description Statement Option
perform tentative ARMA order identification IDENTIFY SCAN

using the SCAN Method

specify the range of autoregressive model olDENTIFY PERROR=
ders for estimating the error series for the

MINIC Method

determines the AR dimension of the SCANIDENTIFY P=

ESACF, and MINIC tables

determines the MA dimension of the SCANJDENTIFY Q=

ESACF, and MINIC tables

perform stationarity tests IDENTIFY STATIONARITY=
selection of White Noise test statistic in theDENTIFY WHITENOISE=
presence of missing values

Options for Defining and Estimating the Model

specify and estimate ARIMA models ESTIMATE

specify autoregressive part of model ESTIMATE P=
specify moving average part of model ESTIMATE Q=
specify input variables and transfer functions  ESTIMATE INPUT=
drop mean term from the model ESTIMATE NOINT
specify the estimation method ESTIMATE METHOD=
use alternative form for transfer functions ESTIMATE ALTPARM
suppress degrees-of-freedom correction BSTIMATE NODF
variance estimates

selection of White Noise test statistic in the&eSTIMATE WHITENOISE=
presence of missing values

Options for Outlier Detection

specify the significance level for tests OUTLIER ALPHA=
identify detected outliers with variable OUTLIER ID=

limit the number of outliers OUTLIER MAXNUM=
limit the number of outliers to a percentage oOUTLIER MAXPCT=
the series

specify the variance estimator used for testing OUTLIER SIGMA=
specify the type of level shifts OUTLIER TYPE=
Printing Control Options

limit number of lags shown in correlation plots IDENTIFY NLAG=
suppress printed output for identification IDENTIFY NOPRINT
plot autocorrelation functions of the residuals ESTIMATE PLOT
print log likelihood around the estimates ESTIMATE GRID
control spacing for GRID option ESTIMATE GRIDVAL=
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Description Statement Option

print details of the iterative estimation process ESTIMATE PRINTALL
suppress printed output for estimation ESTIMATE NOPRINT
suppress printing of the forecast values FORECAST NOPRINT
print the one-step forecasts and residuals FORECAST PRINTALL
Options to Specify Parameter Values

specify autoregressive starting values ESTIMATE AR=
specify moving average starting values ESTIMATE MA=
specify a starting value for the mean parameter ESTIMATE MU=
specify starting values for transfer functions ESTIMATE INITVAL=
Options to Control the Iterative Estimation Process

specify convergence criterion ESTIMATE CONVERGE=
specify the maximum number of iterations ESTIMATE MAXITER=
specify criterion for checking for singularity ESTIMATE SINGULAR=
suppress the iterative estimation process ESTIMATE NOEST
omit initial observations from objective ESTIMATE BACKLIM=
specify perturbation for numerical derivatives ESTIMATE DELTA=
omit stationarity and invertibility checks ESTIMATE NOSTABLE
use preliminary estimates as starting values f&STIMATE NOLS

ML and ULS

Options for Forecasting

forecast the response series FORECAST

specify how many periods to forecast FORECAST LEAD=
specify the ID variable FORECAST ID=

specify the periodicity of the series FORECAST INTERVAL=
specify size of forecast confidence limits FORECAST ALPHA=
start forecasting before end of the input data FORECAST BACK=
specify the variance term used to computEORECAST SIGSQ=
forecast standard errors and confidence limits

control the alignment of SAS Date values FORECAST ALIGN=
BY Groups

specify BY group processing BY
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PROC ARIMA Statement
PROC ARIMA options;
The following options can be used in the PROC ARIMA statement:

DATA= SAS-data-set
specifies the name of the SAS data set containing the time series. If different DATA=
specifications appear in the PROC ARIMA and IDENTIFY statements, the one in
the IDENTIFY statement is used. If the DATA= option is not specified in either the
PROC ARIMA or IDENTIFY statement, the most recently created SAS data set is
used.

OUT= SAS-data-set
specifies a SAS data set to which the forecasts are output. If different OUT= spec-
ifications appear in the PROC ARIMA and FORECAST statement, the one in the
FORECAST statement is used.

BY Statement
BY variables;

A BY statement can be used in the ARIMA procedure to process a data set in groups
of observations defined by the BY variables. Note that all IDENTIFY, ESTIMATE,
and FORECAST statements specified are applied to all BY groups.

Because of the need to make data-based model selections, BY-group processing is not
usually done with PROC ARIMA.. You usually want different models for the different
series contained in different BY-groups, and the PROC ARIMA BY statement does
not let you do this.

Using a BY statement imposes certain restrictions. The BY statement must appear
before the first RUN statement. If a BY statement is used, the input data must come

from the data set specified in the PROC statement; that is, no input data sets can be
specified in IDENTIFY statements.

When a BY statement is used with PROC ARIMA, interactive processing only ap-
plies to the first BY group. Once the end of the PROC ARIMA step is reached, all
ARIMA statements specified are executed again for each of the remaining BY groups
in the input data set.

IDENTIFY Statement
IDENTIFY VAR=variable options;

The IDENTIFY statement specifies the time series to be modeled, differences the
series if desired, and computes statistics to help identify models to fit. Use an
IDENTIFY statement for each time series that you want to model.

If other time series are to be used as inputs in a subsequent ESTIMATE statement,
they must be listed in a CROSSCORR-= list in the IDENTIFY statement.

The following options are used in the IDENTIFY statement. The VAR= option is
required.
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ALPHA= significance-level
The ALPHA= option specifies the significance level for tests in the IDENTIFY state-
ment. The default is 0.05.

CENTER
centers each time series by subtracting its sample mean. The analysis is done on the
centered data. Later, when forecasts are generated, the mean is added back. Note
that centering is done after differencing. The CENTER option is normally used in
conjunction with the NOCONSTANT option of the ESTIMATE statement.

CLEAR
deletes all old models. This option is useful when you want to delete old models so
that the input variables are not prewhitened. (See the sé&i@mhitening”’on page
416 for more information.)

CROSSCORR= variable(d11, d12, ..., d1k

CROSSCORR= (variable(d11, d12, ..., d1k.. variable (d21, d22, ..., d2k
names the variables cross correlated with the response variable given by the VAR=
specification.

Each variable name can be followed by a list of differencing lags in parentheses, the
same as for the VAR= specification. If differencing is specified for a variable in the
CROSSCORR= list, the differenced series is cross correlated with the VAR= option
series, and the differenced series is used when the ESTIMATE statement INPUT=
option refers to the variable.

DATA= SAS-data-set
specifies the input SAS data set containing the time series. If the DATA= option is
omitted, the DATA= data set specified in the PROC ARIMA statement is used; if
the DATA= option is omitted from the PROC ARIMA statement as well, the most
recently created data set is used.

ESACF
computes the extended sample autocorrelation function and uses these estimates to
tentatively identify the autoregressive and moving average orders of mixed models.

The ESACF option generates two tables. The first table displays extended sam-
ple autocorrelation estimates, and the second table displays probability values that
can be used to test the significance of these estimates. The,R= pma.) and
Q=(gmin : gmaz) OpPtions determine the size of the table.

The autoregressive and moving average orders are tentatively identified by finding
a triangular pattern in which all values are insignificant. The ARIMA procedure
finds these patterns based on the IDENTIFY statement ALPHA= option and displays
possible recommendations for the orders.

The following code generates an ESACF table with dimensions of p=(0:7) and
g=(0:8).

proc arima data=test;
identify var=x esacf p=(0:7) g=(0:8);
run;
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See théThe ESACF Method’section on page 411 for more information.

MINIC
uses information criteria or penalty functions to provide tentative ARMA or-
der identification. The MINIC option generates a table containing the com-
puted information criterion associated with various ARMA model orders. The
PERRORZDc min : Pe,maz) OPtion determines the range of the autoregressive model
orders used to estimate the error series. Th@R# : Prmaz) @nd QX ¢min : Gmaz)
options determine the size of the table. The ARMA orders are tentatively identified
by those orders that minimize the information criterion.

The following code generates a MINIC table with default dimensions of p=(0:5) and
g=(0:5) and with the error series estimated by an autoregressive model with an order,
Pe, that minimizes the AIC in the range from 8 to 11.

proc arima data=test;
identify var=x minic perror=(8:11);
run;

See théThe MINIC Method” section on page 412 for more information.

NLAG= number
indicates the number of lags to consider in computing the autocorrelations and
cross-correlations. To obtain preliminary estimates of an ARIpM#G) model, the
NLAG= value must be at leagt-g+d. The number of observations must be greater
than or equal to the NLAG= value. The default value for NLAG= is 24 or one-fourth
the number of observations, whichever is less. Even though the NLAG= value is
specified, the NLAG= value can be changed according to the data set.

NOMISS
uses only the first continuous sequence of data with no missing values. By default,
all observations are used.

NOPRINT
suppresses the normal printout (including the correlation plots) generated by the
IDENTIFY statement.

OUTCOV= SAS-data-set
writes the autocovariances, autocorrelations, inverse autocorrelations, partial autocor-
relations, and cross covariances to an output SAS data set. If the OUTCOV= option
is not specified, no covariance output data set is created. See the $8¢i6EOV=
Data Set’on page 433 for more information.

P= (pmzn : pmax)
see the ESACF, MINIC, and SCAN options for details.

PERROR= (pe,min : pe,max)
see the ESACF, MINIC, and SCAN options for details.
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Q= (qmin : Qmaa:)
see the ESACF, MINIC, and SCAN options for details.

SCAN
computes estimates of the squared canonical correlations and uses these estimates to
tentatively identify the autoregressive and moving average orders of mixed models.

The SCAN option generates two tables. The first table displays squared canon-
ical correlation estimates, and the second table displays probability values that
can be used to test the significance of these estimates. Thg,R= pma:) and
Q=(gmin : gmaz) Options determine the size of each table.

The autoregressive and moving average orders are tentatively identified by finding
a rectangular pattern in which all values are insignificant. The ARIMA procedure
finds these patterns based on the IDENTIFY statement ALPHA= option and displays
possible recommendations for the orders.

The following code generates a SCAN table with default dimensions of p=(0:5) and
g=(0:5). The recommended orders are based on a significance level of 0.1.

proc arima data=test;
identify var=x scan alpha=0.1,
run;

See théThe SCAN Method”section on page 414 for more information.

STATIONARITY=
performs stationarity tests. Stationarity tests can be used to determine whether dif-
ferencing terms should be included in the model specification. In each stationarity
test, the autoregressive orders can be specified by a restre; ..., Or as a list of
valuestest=(ar, .., ar, ), wheretestis ADF, PP, or RW. The default is (0,1,2).

See thé'Stationarity Tests’section on page 416 for more information.

STATIONARITY=(ADF= AR ordersDLAG= 9)

STATIONARITY=(DICKEY= AR ordersDLAG= 9)
performs augmented Dickey-Fuller tests. If the DLAGeption specified withs is
greater than one, seasonal Dickey-Fuller tests are performed. The maximum allow-
able value ofs is 12. The default value of is one. The following code performs
augmented Dickey-Fuller tests with autoregressive orders 2 and 5.

proc arima data=test;
identify var=x stationarity=(adf=(2,5));
run;

STATIONARITY=(PP= AR order}

STATIONARITY=(PHILLIPS= AR order$
performs Phillips-Perron tests. The following code performs Augmented Phillips-
Perron tests with autoregressive orders ranging from 0 to 6.
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proc arima data=test;
identify var=x stationarity=(pp=6);
run;

STATIONARITY=(RW= AR order$

STATIONARITY=(RANDOMWALK= AR order$
performs random-walk with drift tests. The following code performs random-walk
with drift tests with autoregressive orders ranging from 0 to 2.

proc arima data=test;
identify var=x stationarity=(rwy);
run;

VAR= variable

VAR= variable(d1, d2, ..., dR
names the variable containing the time series to analyze. The VAR= option is re-
quired.

A list of differencing lags can be placed in parentheses after the variable name to
request that the series be differenced at these lags. For example, VAR=X(1) takes the
first differences of X. VAR=X(1,1) requests that X be differenced twice, both times
with lag 1, producing a second difference series, which is

(Xt = Xim1) — (Xpm1 — Xp0) = Xy — 22Xy 1 + Xy

VAR=X(2) differences X once at lag twoX; — X;_2) .

If differencing is specified, it is the differenced series that is processed by any subse-
quent ESTIMATE statement.

WHITENOISE= ST | IGNOREMISS
When the series contains missing values you can use this option to choose the
type of test statistic that is used in the White Noise test of the series. If
WHITENOISE=IGNOREMISS the standard Ljung-Box test statistic is used. If
WHITENOISE=ST a modification of this statistic suggested by Stoffer and Toloi
(1992) is used. The WHITENOISE=ST is the default.

ESTIMATE Statement

ESTIMATE options;

The ESTIMATE statement specifies an ARMA model or transfer function model for
the response variable specified in the previous IDENTIFY statement, and produces
estimates of its parameters. The ESTIMATE statement also prints diagnostic infor-
mation by which to check the model. Include an ESTIMATE statement for each
model that you want to estimate.

Options used in the ESTIMATE statement are described in the following sections.
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Options for Defining the Model and Controlling Diagnostic Statistics

The following options are used to define the model to be estimated and to control the
output that is printed.

ALTPARM
specifies the alternative parameterization of the overall scale of transfer functions in
the model. See the sectidAlternative Model Parameterizatiorin page 423 for
details.

INPUT= variable
INPUT= ( transfer-function variable.. )
specifies input variables and their transfer functions.

The variables used on the INPUT= option must be included in the CROSSCORR=
list in the previous IDENTIFY statement. If any differencing is specified in the
CROSSCORR= list, then the differenced series is used as the input to the transfer
function.

The transfer function specification for an input variable is optional. If no transfer
function is specified, the input variable enters the model as a simple regressor. If
specified, the transfer function specification has the following syntax:

S$(Li1,Lig, . )(Lax,-- ) /(Lias ) ...

Here,Sis a shift or lag of the input variable, the terms before the slash (/) are numer-
ator factors, and the terms after the slash (/) are denominator factors of the transfer
function. All three parts are optional. See the secti®pecifying Inputs and Transfer
Functions”on page 423 for details.

METHOD=ML

METHOD=ULS

METHOD=CLS
specifies the estimation method to use. METHOD=ML specifies the maximum like-
lihood method. METHOD=ULS specifies the unconditional least-squares method.
METHOD=CLS specifies the conditional least-squares method. METHOD=CLS is
the default. See thEstimation Details”section on page 418 for more information.

NOCONSTANT

NOINT
suppresses the fitting of a constant (or intercept) parameter in the model. (That is, the
parametey. is omitted.)

NODF
estimates the variance by dividing the error sum of squares (SSE) by the number of
residuals. The default is to divide the SSE by the number of residuals minus the
number of free parameters in the model.

NOPRINT
suppresses the normal printout generated by the ESTIMATE statement. If the
NOPRINT option is specified for the ESTIMATE statement, then any error and warn-
ing messages are printed to the SAS log.
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P= order

P=(lag, ..., lag ... (lag, ..., lag
specifies the autoregressive part of the model. By default, no autoregressive parame-
ters are fit.

P=(4, I, ...,|;) defines a model with autoregressive parameters at the specified lags.
P=orderis equivalent to P=(1, 2, ..order).

A concatenation of parenthesized lists specifies a factored model. For example,
P=(1,2,5)(6,12) specifies the autoregressive model

(1 —¢11B — ¢12B* — ¢13B°)(1 — 21 B° — ¢22B")

PLOT
plots the residual autocorrelation functions. The sample autocorrelation, the sample
inverse autocorrelation, and the sample partial autocorrelation functions of the model
residuals are plotted.

Q= order

Q=(lag, ..., lag ... (lag, ..., lag
specifies the moving-average part of the model. By default, no moving-average part
is included in the model.

Q=(1, l2, ..., Ix) defines a model with moving-average parameters at the specified
lags. Q=orderis equivalent to Q=(1, 2, ..arder). A concatenation of parenthesized

lists specifies a factored model. The interpretation of factors and lags is the same as
for the P= option.

WHITENOISE= ST | IGNOREMISS
When the series contains missing values you can use this option to choose
the type of test statistic that is used in the White Noise test of residuals. If
WHITENOISE=IGNOREMISS the standard Ljung-Box test statistic is used. If
WHITENOISE=ST a modification of this statistic suggested by Stoffer and Toloi
(1992) is used. The WHITENOISE=ST is the default.

Options for Output Data Sets

The following options are used to store results in SAS data sets:

OUTEST= SAS-data-set
writes the parameter estimates to an output data set. If the OUTCORR or OUTCOV
option is used, the correlations or covariances of the estimates are also written to
the OUTEST= data set. See the secti@UTEST= Data Set’on page 434 for a
description of the OUTEST= output data set.

OUTCORR
writes the correlations of the parameter estimates to the OUTEST= data set.
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OuTCOoVv
writes the covariances of the parameter estimates to the OUTEST= data set.

OUTMODEL= SAS-data-set
writes the model and parameter estimates to an output data set. If OUTMODEL= is
not specified, no model output data set is created."SeE& MODEL= Data Set"for
a description of the OUTMODEL= output data set.

OUTSTAT= SAS-data-set
writes the model diagnostic statistics to an output data set. If OUTSTAT= is not
specified, no statistics output data set is created. See the s&tISTAT= Data
Set”on page 438 for a description of the OUTSTAT= output data set.

Options to Specify Parameter Values

The following options enable you to specify values for the model parameters. These
options can provide starting values for the estimation process, or you can specify fixed
parameters for use in the FORECAST stage and suppress the estimation process with
the NOEST option. By default, the ARIMA procedure finds initial parameter esti-
mates and uses these estimates as starting values in the iterative estimation process.

If values for any parameters are specified, values for all parameters should be given.
The number of values given must agree with the model specifications.

AR= value...
lists starting values for the autoregressive parameters. Séaitied Values” section
on page 424 for more information.

INITVAL= (initializer-spec variable.. )
specifies starting values for the parameters in the transfer function parts of the model.
See thélnitial Values” section on page 424 for more information.

MA= value...
lists starting values for the moving-average parameters. Séthel Values” sec-
tion on page 424 for more information.

MU= value
specifies the MU parameter.

NOEST
uses the values specified with the AR=, MA=, INITVAL=, and MU= options as fi-
nal parameter values. The estimation process is suppressed except for estimation of
the residual variance. The specified parameter values are used directly by the next
FORECAST statement. When NOEST is specified, standard etrgedyes, and
the correlations between estimates are displayed as 0 or missing. (The NOEST op-
tion is useful, for example, when you wish to generate forecasts corresponding to a
published model.)

Options to Control the Iterative Estimation Process

The following options can be used to control the iterative process of minimizing the
error sum of squares or maximizing the log likelihood function. These tuning options
are not usually needed but may be useful if convergence problems arise.
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BACKLIM= —n
omits the specified number of initial residuals from the sum of squares or likelihood
function. Omitting values can be useful for suppressing transients in transfer function
models that are sensitive to start-up values.

CONVERGE= value
specifies the convergence criterion. Convergence is assumed when the largest change
in the estimate for any parameter is less that the CONVERGE= option value. If the
absolute value of the parameter estimate is greater than 0.01, the relative change
is used; otherwise, the absolute change in the estimate is used. The default is
CONVERGE=.001.

DELTA= value
specifies the perturbation value for computing numerical derivatives. The default is
DELTA=.001.

GRID
prints the error sum of squares (SSE) or concentrated log likelihood surface in a small
grid of the parameter space around the final estimates. For each pair of parameters,
the SSE is printed for the nine parameter-value combinations formed by the grid, with
a center at the final estimates and with spacing given by the GRIDVAL= specifica-
tion. The GRID option may help you judge whether the estimates are truly at the
optimum, since the estimation process does not always converge. For models with a
large number of parameters, the GRID option produces voluminous output.

GRIDVAL= number
controls the spacing in the grid printed by the GRID option. The default is
GRIDVAL=0.005.

MAXITER= n

MAXIT=n
specifies the maximum number of iterations allowed. The default is MAXITER=50.
(The default was 15 in previous releases of SAS/ETS software.)

NOLS
begins the maximum likelihood or unconditional least-squares iterations from the
preliminary estimates rather than from the conditional least-squares estimates that
are produced after four iterations. See thetimation Details"section on page 418
for more information.

NOSTABLE
specifies that the autoregressive and moving-average parameter estimates for the
noise part of the model not be restricted to the stationary and invertible regions,
respectively. See the secti68tationarity and Invertibility”on page 425 for more
information.

PRINTALL
prints preliminary estimation results and the iterations in the final estimation process.
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SINGULAR= value
specifies the criterion for checking singularity. If a pivot of a sweep operation is
less than the SINGULAR= value, the matrix is deemed singular. Sweep operations
are performed on the Jacobian matrix during final estimation and on the covariance
matrix when preliminary estimates are obtained. The default is SINGULAR=1E-7.

OUTLIER Statement

OUTLIER options;

The OUTLIER statement can be used to detect shifts in the level of the response
series that are not accounted for by the previously estimated model. An ESTIMATE
statement must precede the OUTLIER statement. The following options are used in
the OUTLIER statement:

TYPE = ADDITIVE

TYPE = SHIFT

TYPE = TEMP (dy,...,d;)

TYPE = (< ADDITIVE > < SHIFT > < TEMP (d1,...,d; ) > )
The TYPE= option specifies the types of level shifts to search for. The default is
TYPE= (ADDITIVE SHIFT), which requests searching for additive outliers and per-
manent level shifts. The option TEMRY, ..., d; ) requests searching for temporary
changes in the level of durations, . .., d;. These options can also be abbreviated
as AO, LS, and TC.

ALPHA= significance-level
The ALPHA= option specifies the significance level for tests in the OUTLIER state-
ment. The default is 0.05.

SIGMA= ROBUST | MSE
The statistical tests performed during the outlier detection require an estimate of error
variance. Using the SIGMA= option you can choose between two types of error vari-
ance estimates. SIGMA= MSE corresponds to the usual mean squared error (MSE)
estimate, and SIGMA= ROBUST corresponds to a robust estimate of the error vari-
ance. The default is SIGMA= ROBUST.

MAXNUM= number

This option is used to limit the number of outliers to search. The default is
MAXNUM= 5.

MAXPCT= number
This option is similar to MAXNUM= option. In the MAXPCT= option you can limit
the number of outliers to search for according to a percentage of the series length.
The default is MAXPCT= 2. When both of these options are specified the minimum
of the two search numbers is used.

ID= Date-Time ID variable
This option can be used to specify a SAS Date, Time, or Datetime identification
variable to label the detected outliers. This variable must be present in the input data
set.

The following examples illustrate a few possibilities for the OUTLIER statement.
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The most basic usage

outlier;

sets all the options to their default values, that is, it is equivalent to

outlier type=(ao Is) alpha=0.05 sigma=robust maxnum=5 maxpct=2;

The following statement requests a search for permanent level shifts and for tem-
porary level changes of durations 6 and 12. The search is limited to at most three
changes and the significance level of the underlying tests is 0.001. MSE is used as
the estimate of error variance. It also requests labeling of the detected shifts using an
ID variabledate

outlier type=(Is tc(6 12)) alpha=0.001 sigma=mse maxnum=3 |D=date;

FORECAST Statement

FORECAST options;

The FORECAST statement generates forecast values for a time series using the pa-
rameter estimates produced by the previous ESTIMATE statement. See the section
“Forecasting Detailsbn page 427 for more information on calculating forecasts.

The following options can be used in the FORECAST statement:

ALIGN= option
controls the alignment of SAS dates used to identify output observations.
The ALIGN= option allows the following values: BEGINNING|BEG|B,
MIDDLE|MID|M, and ENDING|ENDIE. BEGINNING is the default.

ALPHA= n
sets the size of the forecast confidence limits. The ALPHA= value must be between
0 and 1. When you specify ALPHAsx the upper and lower confidence limits will
have al — « confidence level. The default is ALPHA=.05, which produces 95%
confidence intervals. ALPHA values are rounded to the nearest hundredth.

BACK= n
specifies the number of observations before the end of the data that the multistep
forecasts are to begin. The BACK= option value must be less than or equal to the
number of observations minus the number of parameters.

The default is BACK=0, which means that the forecast starts at the end of the avail-
able data. The end of the data is the last observation for which a noise value can be
calculated. If there are no input series, the end of the data is the last nonmissing value
of the response time series. If there are input series, this observation can precede the
last nonmissing value of the response variable, since there may be missing values for
some of the input series.
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ID= variable
names a variable in the input data set that identifies the time periods associated with
the observations. The ID= variable is used in conjunction with the INTERVAL=
option to extrapolate ID values from the end of the input data to identify forecast
periods in the OUT= data set.

If the INTERVAL= option specifies an interval type, the ID variable must be a SAS
date or datetime variable with the spacing between observations indicated by the
INTERVAL= value. If the INTERVAL= option is not used, the last input value of
the ID= variable is incremented by one for each forecast period to extrapolate the ID
values for forecast observations.

INTERVAL= interval

INTERVAL= n
specifies the time interval between observations. Geepter 3, “Date Intervals,
Formats, and Functions for information on valid INTERVAL= values.

The value of the INTERVAL= option is used by PROC ARIMA to extrapolate the
ID values for forecast observations and to check that the input data are in order with
no missing periods. See the secti@pecifying Series Periodicitydn page 429 for
more details.

LEAD= n
specifies the number of multistep forecast values to compute. For example, if
LEAD=10, PROC ARIMA forecasts for ten periods beginning with the end of the
input series (or earlier if BACK= is specified). It is possible to obtain fewer than the
requested number of forecasts if a transfer function model is specified and insufficient
data are available to compute the forecast. The default is LEAD=24.

NOOUTALL
includes only the final forecast observations in the output data set, not the one-step
forecasts for the data before the forecast period.

NOPRINT
suppresses the normal printout of the forecast and associated values.

OUT= SAS-data-set
writes the forecast (and other values) to an output data set. If OUT= is not specified,
the OUT= data set specified in the PROC ARIMA statement is used. If OUT=is also
not specified in the PROC ARIMA statement, no output data set is created. See the
section*OUT= Data Set"on page 432 for more information.

PRINTALL
prints the FORECAST computation throughout the whole data set. The forecast val-
ues for the data before the forecast period (specified by the BACK= option) are one-
step forecasts.

SIGSQ=
specifies the variance term used in the formula for computing forecast standard errors
and confidence limits. The default value is the Variance Estimate computed by the
preceding ESTIMATE statement. This option is useful when you wish to generate
forecast standard errors and confidence limits based on a published model. It would
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often be used in conjunction with the NOEST option in the preceding ESTIMATE
statement.

Detalils

The Inverse Autocorrelation Function

The sample inverse autocorrelation function (SIACF) plays much the same role in
ARIMA modeling as the sample partial autocorrelation function (SPACF) but gener-
ally indicates subset and seasonal autoregressive models better than the SPACF.

Additionally, the SIACF may be useful for detecting over-differencing. If the data
come from a nonstationary or nearly nonstationary model, the SIACF has the char-
acteristics of a noninvertible moving average. Likewise, if the data come from a
model with a noninvertible moving average, then the SIACF has nonstationary char-
acteristics and, therefore, decays slowly. In particular, if the data have been over-
differenced, the SIACF looks like a SACF from a nonstationary process.

The inverse autocorrelation function is not often discussed in textbooks, so a brief
description is given here. More complete discussions can be found in Cleveland
(1972), Chatfield (1980), and Priestly (1981).

Let W, be generated by the ARMA(Q) process

wherea; is a white noise sequence.dfB) is invertible (that is, ifY considered as a
polynomial inB has no roots less than or equal to 1 in magnitude), then the model

0(B)Z = ¢(B)as

is also a valid ARMA,p) model. This model is sometimes referred to as the dual
model. The autocorrelation function (ACF) of this dual model is called the inverse
autocorrelation function (IACF) of the original model.

Notice that if the original model is a pure autoregressive model, then the IACF is
an ACF corresponding to a pure moving-average model. Thus, it cuts off sharply
when the lag is greater tham this behavior is similar to the behavior of the partial
autocorrelation function (PACF).

The sample inverse autocorrelation function (SIACF) is estimated in the ARIMA
procedure by the following steps. A high-order autoregressive model is fit to the
data by means of the Yule-Walker equations. The order of the autoregressive model
used to calculate the SIACF is the minimum of the NLAG= value and one-half the
number of observations after differencing. The SIACF is then calculated as the au-
tocorrelation function that corresponds to this autoregressive operator when treated
as a moving-average operator. That is, the autoregressive coefficients are convolved
with themselves and treated as autocovariances.
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Under certain conditions, the sampling distribution of the SIACF can be approxi-
mated by the sampling distribution of the SACF of the dual model (Bhansali 1980). In
the plots generated by ARIMA, the confidence limit marks (.) are locate®at/n.

These limits bound an approximate 95% confidence interval for the hypothesis that
the data are from a white noise process.

The Partial Autocorrelation Function

The approximation for a standard error for the estimated partial autocorrelation func-
tion at lagk is based on a null hypothesis that a pure autoregressive Gaussian process
of orderk-1 generated the time series. This standard errdr ign and is used to
produce the approximate 95% confidence intervals depicted by the dots in the plot.

The Cross-Correlation Function

The autocorrelation, partial and inverse autocorrelation functions described in the
preceding sections help when you want to model a series as a function of its past
values and past random errors. When you want to include the effects of past and
current values of other series in the model, the correlations of the response series and
the other series must be considered.

The CROSSCORR= option on the IDENTIFY statement computes cross correlations
of the VAR= series with other series and makes these series available for use as inputs
in models specified by later ESTIMATE statements.

When the CROSSCORR-= option is used, PROC ARIMA prints a plot of the cross-
correlation function for each variable in the CROSSCORR= list. This plot is similar

in format to the other correlation plots, but shows the correlation between the two
series at both lags and leads. For example

identify var=y crosscorr=x ...;

plots the cross-correlation function of Y and Kor(ys, x¢—s), for s = —L to L,
wherelL is the value of the NLAG= option. Study of the cross-correlation functions
can indicate the transfer functions through which the input series should enter the
model for the response series.

The cross-correlation function is computed after any specified differencing has been
done. If differencing is specified for the VAR= variable or for a variable in the
CROSSCORR=list, it is the differenced series that is cross correlated (and the differ-
enced series is processed by any following ESTIMATE statement).

For example,
identify var=y(1) crosscorr=x(1);

computes the cross correlations of the changes in Y with the changes in X. Any
following ESTIMATE statement models changes in the variables rather than the vari-
ables themselves.
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The ESACF Method

The ExtendedSample Autocorrelation Function (ESACF) method can tentatively
identify the orders of atationary or nonstationanrARMA process based on iterated

least squares estimates of the autoregressive parameters. Tsay and Tiao (1984) pro-
posed the technique, and Choi (1992) provides useful descriptions of the algorithm.

Given a stationary or nonstationary time sefies: 1 < ¢ < n} with mean corrected
form z, = z; — ., with a true autoregressive orderpf- d, and with a true moving-
average order of, you can use the ESACF method to estimate the unknown orders
p + d andq by analyzing the autocorrelation functions associated with filtered series
of the form

wgmd) _ Q)( 7])( )2 — 3 — Zél('mJ)gt_i

where B represents the backshift operator, whete= p,,in, - - -, Pmaee are the au-
toregressivaestorders, wherg = ¢ + 1, . . ., gmaz + 1 @re the moving average

testorders, and Wherégm’j) are the autoregressive parameter estimates under the
assumption that the series is an ARMA(;) process.

For purely autoregressive models=€ 0), ordinary least squares (OLS) is used to

consistently estimatégm’o). For ARMA models, consistent estimates are obtained

by the iterated least squares recursion formula, which is initiated by the pure autore-
gressive estimates:

) A(mAlge1) | 2(mg—1) O
Glmd) = glm+Li=1) _ gm.i T(jnjfl)
Om’

Thejth lag of the sample autocorrelation function of the filtered senié@‘;j), is the
extended sample autocorrelation functiamd it is denoted as;(,,,) = Tj(w(m’j)).

The standard errors of;,,) are computed in the usual way using Bartlett's ap-
proximation of the variance of the sample autocorrelation functiam(r;,,)) ~

1+ Y12 (wma)).

If the true model is an ARMAK + d, q) process, the filtered seriesgm’j), follows
an MA(q) model forj>q so that

Tip+d) 20 J>4¢
Ti+d) 70 J=4q

Additionally, Tsay and Tiao (1984) show that the extended sample autocorrelation
satisfies

itm) = 0 j—qg>m—p—d<0
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wherec(m — p —d, j — q) is a nonzero constant or a continuous random variable
bounded by -1 and 1.

An ESACF table is then constructed using the,,) for m = puin,. . ., Pmas and

J = Gmin +1,..., gmaz + 1 to identify the ARMA orders (se@able 11.3. The or-

ders are tentatively identified by finding a right (maximal) triangular pattern with ver-
tices located afp + d, ¢) and (p + d, gma.) @nd in which all elements are insignif-
icant (based on asymptotic normality of the autocorrelation function). The vertex
(p + d, q) identifies the order.Table 11.4depicts the theoretical pattern associated
with an ARMA(1,2) series.

Table 11.3. ESACF Table

MA

AR| © 1 2 | 3
0 | mi(0) | "20) | "30) | T4(0)
1 | m@ | re) | m3) | Taq)
2 | @) | ") | T32) | M)
3 1) | Ta3) | T33) | Ta)

Table 11.4. Theoretical ESACF Table for an ARMA(1,2) Series

MA
AR(0|1|2|3|4|5|6|7

O [* [ X | X[ X |X|X]|X[|X
1 |* X|0|0]0|0fO0O]O
2 |*|X|X|0|]0[0O]|]O]|O
3 [*|X|X|X|0]0|O0f|O
4 |* | X[ X|X|X]|]0]0|O

X = significant terms

0 = insignificant terms

* = no pattern

The MINIC Method

The MIN imum Information Criterion (MINIC) method can tentatively identify

the order of astationary and invertibletARMA process. Note that Hannan and
Rissannen (1982) proposed this method, and Box et al. (1994) and Choi (1992) pro-
vide useful descriptions of the algorithm.

Given a stationary and invertible time serigs : 1 < ¢ < n} with mean corrected
form z; = z; — u,, with a true autoregressive order @f and with a true moving-
average order aof, you can use the MINIC method to compute information criteria
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(or penalty functions) for various autoregressive and moving average orders. The
following paragraphs provide a brief description of the algorithm.

If the series is a stationary and invertible ARMAq) process of the form
D(pq)(B)2t = Op,q) (B)es

the error series can be approximated by a high-order AR process

where the parameter estimates, ) are obtained from the Yule-Walker estimates.
The choice of the autoregressive order,is determined by the order that minimizes
the Akaike information criterion (AIC) in the range ,in < pe < Pemax

AIC(pe, 0) = In(67,, o)) + 2(pe +0)/n

where

Note that Hannan and Rissannen (1982) use the Bayesian information criterion
(BIC) to determine the autoregressive order used to estimate the error series.
Box et al. (1994) and Choi (1992) recommend the AIC.

Once the error series has been estimated for autoregredssie order
M = Pmin, - - - Pmag and for moving-averagetest order j = qmin, - - -, Gmazs
the OLS estlmateQ(mJ) and@(mj) are computed from the regression model

m ‘ J _
Z = Z ¢§m’])2t_i + Z Hém’])ét,k + error
=1 k=1
From the preceding parameter estimates, the BIC is then computed
BIC(m, j) = ln(&%md»)) +2(m + j)n(n)/n

where

n m j
Flm) = Z ( N oz Y e,im’j)étk>
t to =1 k=1

wherety = p + max(m, j).
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A MINIC table is then constructed usin@IC(m,j) (see Table 11.5. If

DPmaz > Pe,min, the preceding regression may fail due to linear dependence on the
estimated error series and the mean-corrected series. ValuB$(tfn, j) that

cannot be computed are set to missing. For large autoregressive and moving average
test orders with relatively few observations, a nearly perfect fit can result. This
condition can be identified by a large negat®eC' (m, j) value.

Table 11.5. MINIC Table

MA

AR 0 1 2 3
0 | BIC(0,0) | BIC(0,1) | BIC(0,2) | BIC(0,3)
1 | BIC(1,0) | BIC(1,1) | BIC(1,2) | BIC(1,3)
2 | BIC(2,0) | BIC(2,1) | BIC(2,2) | BIC(2,3)
3 | BIC(3,0) | BIC(3,1) | BIC(3,2) | BIC(3,3)

The SCAN Method

The SmallestCANonical (SCAN) correlation method can tentatively identify the or-
ders of astationary or nonstationamARMA process. Tsay and Tiao (1985) proposed
the technique, and Box et al. (1994) and Choi (1992) provide useful descriptions of
the algorithm.

Given a stationary or nonstationary time sefies: 1 < ¢ < n} with mean corrected
form z; = z; — u.,, with a true autoregressive orderpf- d, and with a true moving-
average order of,, you can use the SCAN method to analyze eigenvalues of the
correlation matrix of the ARMA process. The following paragraphs provide a brief
description of the algorithm.

For autoregressiviestorderm = pyin, - - -, Pmae @Nd for moving-averageestorder
J = Qmin, - - -, Gmaz, Perform the following steps.

1. LetY,: = (2 Zt—1,- - -, Zt—m)’. Compute the followindm + 1) x (m + 1)
matrix

A~

B(m,j+1)

-1
(Z Yt —1Y,§1,t_j_1> (Z Ym:t—j—1Y7,rL,t>

t t
-1
B*(m,j+1) = (Z YmiY,;w) (Z Ym,tYT’n,t_H)
t t

A*(m,j) = B*(m,j+1)B(m,j+1)

wheret ranges frony + m + 2 ton.

2. Find thesmalleskigenvaluep*(m;, j), of A*(m, j) and its correspondingor-
malizedeigenvectord,,, ; = (1, —¢§W>, —¢>§m’j), ..., =™y The squared
canonical correlation estimateis(mn, ;).
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3. Using the®,, ; as AR(n) coefficients, obtain the residuals for= j +m + 1

to n, by following the formula:wt(m’j) =5 — qsgm’j)zt_l - ¢§m’j>zt_2 —_ =
4. From the sample autocorrelations of the residual&y), approximate the stan-
dard error of the squared canonical correlation estimate by

Uar(j\*(m,j)lﬂ) ~d(m,j)/(n—m—j)

whered(m, j) = (14 2377 ri(w(mD)).

The test statistic to be used as an identification criterion is

e(m,j) = —(n—m— j)n(l — X (m, j)/d(m, j))

which is asymptotically? if m = p +d andj > q orif m > p+d andj = ¢. For

m > p andj < q, there is more than one theoretical zero canonical correlation be-
tweenY,, ;andY,, ;_;_i. Since thé\*(m,j) are the smallest canonical correlations
for each(m, 7), the percentiles af(m, ;) are less than those of&; therefore, Tsay
and Tiao (1985) state that it is safe to assumé.aForm < p and;j < ¢, no conclu-
sions about the distribution efm, j) are made.

A SCAN table is then constructed usingn, j) to determine which of tha* (m, j)

are significantly different from zero (s@able 11.§. The ARMA orders are tenta-
tively identified by finding a (maximal) rectangular pattern in which,ihem, j) are
insignificant for all test orders: > p + d andj > ¢. There may be more than one
pair of values § + d, ¢) that permit such a rectangular pattern. In this case, parsi-
mony and the number of insignificant items in the rectangular pattern should help
determine the model ordefable 11.7depicts the theoretical pattern associated with
an ARMA(2,2) series.

Table 11.6. SCAN Table

MA
AR 0 1 2 3
0 | ¢(0,0) | ¢(0,1) | ¢(0,2) | ¢(0,3)
1 | ¢(1,0) | e(1,1) | ¢(1,2) | ¢(1,3)
2 [ ¢(2,0) | ¢(2,1) | ¢(2,2) | ¢(2,3)
3 | ¢(3,0) | ¢(3,1) | ¢(3,2) | ¢(3,3)

Table 11.7. Theoretical SCAN Table for an ARMA(2,2) Series
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MA

AR|0|1 |2 |3|4|5|6 |7
0 FIX X[ X[ X |X|X]|X
1 FIX X | X[ XX |X]|X
2 *I'X{ojo|fojo|0foO
3 *IX|0|]0|O|O|O|O
4 *IX|0|]0|O|O|O|O

X = significant terms

0 = insignificant terms

* = no pattern

Stationarity Tests

When a time series has a unit root, the series is nonstationary and the ordinary least
squares (OLS) estimator is not normally distributed. Dickey (1976) and Dickey and
Fuller (1979) studied the limiting distribution of the OLS estimator of autoregressive
models for time series with a simple unit root. Dickey, Hasza, and Fuller (1984)
obtained the limiting distribution for time series with seasonal unit roots. Hamilton
(1994) discusses the various types of unit root testing.

For a description of Dickey-Fuller tests, refer to the sectiBROBDF Function
for Dickey-Fuller Tests”on page 152 inChapter 4 Refer toChapter 12, “The
AUTOREG Procedure, for a description of Phillips-Perron tests.

The random walk with drift test recommends whether or not an integrated times series
has a drift term. Hamilton (1994) discusses this test.

Prewhitening

If, as is usually the case, an input series is autocorrelated, the direct cross-correlation
function between the input and response series gives a misleading indication of the
relation between the input and response series.

One solution to this problem is callgaewhitening You first fit an ARIMA model
for the input series sufficient to reduce the residuals to white noise; then, filter the
input series with this model to get the white noise residual series. You then filter the

response series with the same model and cross correlate the filtered response with the
filtered input series.

The ARIMA procedure performs this prewhitening process automatically when
you precede the IDENTIFY statement for the response series with IDENTIFY and
ESTIMATE statements to fit a model for the input series. If a model with no in-
puts was previously fit to a variable specified by the CROSSCORR= option, then that
model is used to prewhiten both the input series and the response series before the
cross correlations are computed for the input series.

For example,
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proc arima data=in;
identify var=x;
estimate p=1 g=1,
identify var=y crosscorr=x;

Both X and Y are filtered by the ARMA(1,1) model fit to X before the cross correla-
tions are computed.

Note that prewhitening is done to estimate the cross-correlation function; the unfil-
tered series are used in any subsequent ESTIMATE or FORECAST statements, and
the correlation functions of Y with its own lags are computed from the unfiltered Y
series. But initial values in the ESTIMATE statement are obtained with prewhitened
data; therefore, the result with prewhitening can be different from the result without
prewhitening.

To suppress prewhitening for all input variables, use the CLEAR option on the
IDENTIFY statement to make PROC ARIMA forget all previous models.

Prewhitening and Differencing

If the VAR= and CROSSCORR= options specify differencing, the series are differ-
enced before the prewhitening filter is applied. When the differencing lists specified
on the VAR= option for an input and on the CROSSCORR= option for that input are
not the same, PROC ARIMA combines the two lists so that the differencing opera-
tors used for prewhitening include all differences in either list (in the least common
multiple sense).

Identifying Transfer Function Models

When identifying a transfer function model with multiple input variables, the cross-
correlation functions may be misleading if the input series are correlated with each
other. Any dependencies among two or more input series will confound their cross
correlations with the response series.

The prewhitening technique assumes that the input variables do not depend on past
values of the response variable. If there is feedback from the response variable to
an input variable, as evidenced by significant cross-correlation at negative lags, both
the input and the response variables need to be prewhitened before meaningful cross
correlations can be computed.

PROC ARIMA cannot handle feedback models. The STATESPACE procedure is
more appropriate for models with feedback.

Missing Values and Autocorrelations

To compute the sample autocorrelation function when missing values are present,
PROC ARIMA uses only cross products that do not involve missing values and em-

ploys divisors that reflect the number of cross products used rather than the total
length of the series. Sample partial autocorrelations and inverse autocorrelations are
then computed using the sample autocorrelation function. If necessary, a taper is
employed to transform the sample autocorrelations into a positive definite sequence
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before calculating the partial autocorrelation and inverse correlation functions. The
confidence intervals produced for these functions may not be valid when there are
missing values. The distributional properties for sample correlation functions are not
clear for finite samples. See Dunsmuir (1984) for some asymptotic properties of the
sample correlation functions.

Estimation Details

The ARIMA procedure primarily uses the computational methods outlined by Box
and Jenkins. Marquardt’s method is used for the nonlinear least-squares iterations.
Numerical approximations of the derivatives of the sum-of-squares function are taken
using a fixed delta (controlled by the DELTA= option).

The methods do not always converge successfully for a given set of data, particularly
if the starting values for the parameters are not close to the least-squares estimates.

Back-forecasting
The unconditional sum of squares is computed exactly; thus, back-forecasting is not
performed. Early versions of SAS/ETS software used the back-forecasting approxi-
mation and allowed a positive value of the BACKLIM= option to control the extent
of the back-forecasting. In the current version, requesting a positive number of back-
forecasting steps with the BACKLIM= option has no effect.

Preliminary Estimation

If an autoregressive or moving-average operator is specified with no missing lags,
preliminary estimates of the parameters are computed using the autocorrelations com-
puted in the IDENTIFY stage. Otherwise, the preliminary estimates are arbitrarily set
to values that produce stable polynomials.

When preliminary estimation is not performed by PROC ARIMA, then initial values
of the coefficients for any given autoregressive or moving average factor are setto 0.1
if the degree of the polynomial associated with the factor is 9 or less. Otherwise, the
coefficients are determined by expanding the polynontial((. 1 B) to an appropriate
power using a recursive algorithm.

These preliminary estimates are the starting values in an iterative algorithm to com-
pute estimates of the parameters.

Estimation Methods
Maximum Likelihood

The METHOD= ML option produces maximum likelihood estimates. The likeli-
hood function is maximized via nonlinear least squares using Marquardt's method.
Maximum likelihood estimates are more expensive to compute than the conditional
least-squares estimates, however, they may be preferable in some cases (Ansley and
Newbold 1980; Davidson 1981).

The maximum likelihood estimates are computed as follows. Let the univariate
ARMA model be

&(B)(Wy — ) = 0(B)ay
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wherea; is an independent sequence of normally distributed innovations with mean
0 and variance. Herey, is the mean parametgrplus the transfer function inputs.
The log likelihood function can be written as follows:

1, . 1 n 9
202){9 x 2111(|Q|) 2111(0)

In this equationn is the number of observations?$2 is the variance ok as a func-
tion of the andd parameters, ang| denotes the determinant. The vectads the
time seriedV; minus the structural part of the model, written as a column vector,
as follows:

Wi 1

Wo 2
X = . - .

W, Hn

The maximum likelihood estimate (MLE) of is

1 _
2= —x'Q 7 'x
n

Note that the default estimator of the variance dividea byr, wherer is the number
of parameters in the model, instead of thy Specifying the NODF option causes a
divisor ofn to be used.

The log likelihood concentrated with respectdtd can be taken up to additive con-
stants as

1
fgln(x’ﬂ_lx) — 5In(|€2)

Let H be the lower triangular matrix with positive elements on the diagonal such that
HH' = Q. Letebe the vectoH!'x. The concentrated log likelihood with respect
to o2 can now be written as

—gln(e’e) — In(/H|)
or
—%ln(|H]1/ne’e]H\l/n)

The MLE is produced by using a Marquardt algorithm to minimize the following sum
of squares:

|H\1/ne'e\H|1/n

The subsequent analysis of the residuals is done @siisghe vector of residuals.
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Unconditional Least Squares

The METHOD=ULS option produces unconditional least-squares estimates. The
ULS method is also referred to as tlegact least-square¢ELS) method. For
METHOD=ULS, the estimates minimize

de = Z (z1 — C VM@, m)')?
t=1 t=1

whereC; is the covariance matrix of, and(zy,---, x;—1), andV is the variance
matrix of (z1,- -, 2,—1) . Infact,> 1, @ is the same ag’2~'x and, hence¢'e.
Therefore, the unconditional least-squares estimates are obtained by minimizing the
sum of squared residuals rather than using the log likelihood as the criterion function.

Conditional Least Squares

The METHOD=CLS option produces conditional least-squares estimates. The CLS
estimates are conditional on the assumption that the past unobserved errors are equal
to 0. The series; can be represented in terms of the previous observations, as fol-
lows:

o0
Ty = ap + E TiT—i
i=1

Then weights are computed from the ratio of thendé polynomials, as follows:

$B) . N~
Q(B)—l—;mB

The CLS method produces estimates minimizing

where the unobserved past valuesrpfare set to 0 and; are computed from the
estimates of andd at each iteration.

For METHOD=ULS and METHOD=ML, initial estimates are computed using the
METHOD=CLS algorithm.

Start-up for Transfer Functions

When computing the noise series for transfer function and intervention models, the
start-up for the transferred variable is done assuming that past values of the input
series are equal to the first value of the series. The estimates are then obtained by
applying least squares or maximum likelihood to the noise series. Thus, for transfer
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function models, the ML option does not generate the full (multivariate ARMA) max-
imum likelihood estimates, but it uses only the univariate likelihood function applied
to the noise series.

Because PROC ARIMA uses all of the available data for the input series to generate
the noise series, other start-up options for the transferred series can be implemented
by prefixing an observation to the beginning of the real data. For example, if you fit a
transfer function model to the variable Y with the single input X, then you can employ

a start-up using 0 for the past values by prefixing to the actual data an observation with
a missing value for Y and a value of 0 for X.

Information Criteria

PROC ARIMA computes and prints two information criteria, Akaike’s information
criterion (AIC) (Akaike 1974; Harvey 1981) and Schwarz’s Bayesian criterion (SBC)
(Schwarz 1978). The AIC and SBC are used to compare competing models fit to the
same series. The model with the smaller information criteria is said to fit the data
better. The AIC is computed as

—2In(L) + 2k

wherelL is the likelihood function andt is the number of free parameters. The SBC
is computed as

—2In(L) + In(n)k

where n is the number of residuals that can be computed for the time series.
Sometimes Schwarz’s Bayesian criterion is called the Bayesian Information criterion
(BIC).

If METHOD=CLS is used to do the estimation, an approximation valueisfused,
wherelL is based on the conditional sum of squares instead of the exact sum of
squares, and a Jacobian factor is left out.

Tests of Residuals

A table of test statistics for the hypothesis that the model residuals are white noise is
printed as part of the ESTIMATE statement output. The chi-square statistics used in
the test for lack of fit are computed using the Ljung-Box formula

m 2
2 _ Z "k
k=1
where
. Z?;k Aty
T = e —

Z?:l a%
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anda; is the residual series.

This formula has been suggested by Ljung and Box (1978) as yielding a better fit to
the asymptotic chi-square distribution than the Box-Pierce Q statistic. Some simula-
tion studies of the finite sample properties of this statistic are given by Davies, Triggs,

and Newbold (1977) and by Ljung and Box (1978). When the time series has missing
values, Stoffer and Toloi (1992) suggest a modification of this test statistic that has
improved distributional properties over the standard Ljung-Box formula given above.

When the series contains missing values this modified test statistic is used by default.

Each chi-square statistic is computed for all lags up to the indicated lag value and is
not independent of the preceding chi-square values. The null hypotheses tested is that
the current set of autocorrelations is white noise.

t-values

Thet values reported in the table of parameter estimates are approximations whose
accuracy depends on the validity of the model, the nature of the model, and the length
of the observed series. When the length of the observed series is short and the number
of estimated parameters is large with respect to the series lengthappeoximation

is usually poor. Probability values corresponding todistribution should be inter-
preted carefully as they may be misleading.

Cautions During Estimation

The ARIMA procedure uses a general nonlinear least-squares estimation method that
can yield problematic results if your data do not fit the model. Output should be
examined carefully. The GRID option can be used to ensure the validity and quality
of the results. Problems you may encounter include the following:

e Preliminary moving-average estimates may not converge. Should this oc-
cur, preliminary estimates are derived as described previousBradiminary
Estimation”on page 418. You can supply your own preliminary estimates with
the ESTIMATE statement options.

e The estimates can lead to an unstable time series process, which can cause
extreme forecast values or overflows in the forecast.

e The Jacobian matrix of partial derivatives may be singular; usually, this hap-
pens because not all the parameters are identifiable. Removing some of the
parameters or using a longer time series may help.

e The iterative process may not converge. PROC ARIMA's estimation method
stops aftemn iterations, wheren is the value of the MAXITER= option. If an
iteration does not improve the SSE, the Marquardt parameter is increased by a
factor of ten until parameters that have a smaller SSE are obtained or until the
limit value of the Marquardt parameter is exceeded.

e For METHOD=CLS, the estimates may converge but not to least-squares esti-
mates. The estimates may converge to a local minimum, the numerical calcu-
lations may be distorted by data whose sum-of-squares surface is not smooth,
or the minimum may lie outside the region of invertibility or stationarity.
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¢ If the data are differenced and a moving-average model is fit, the parameter
estimates may try to converge exactly on the invertibility boundary. In this case,
the standard error estimates that are based on derivatives may be inaccurate.

Specifying Inputs and Transfer Functions

Input variables and transfer functions for them may be specified using the INPUT=
option on the ESTIMATE statement. The variables used on the INPUT= option must
be included in the CROSSCORR= list in the previous IDENTIFY statement. If any
differencing is specified in the CROSSCORR-= list, then the differenced variable is
used as the input to the transfer function.

General Syntax of the INPUT= Option
The general syntax of the INPUT= option is

ESTIMATE ... INPUT=( transfer-function variable ... )

The transfer function for an input variable is optional. The name of a variable by
itself can be used to specify a pure regression term for the variable.

If specified, the syntax of the transfer function is
S $ (L1,17 LLQ, .. .)(Lg’l, . ) . ./(LZ'J,LLQ, .. ')(Li+1,17 .. ) -

Sis the number of periods of time delay (lag) for this input series. Each term in
parentheses specifies a polynomial factor with parameters at the lags specified by the
L; ; values. The terms before the slash (/) are numerator factors. The terms after the
slash (/) are denominator factors. All three parts are optional.

Commas can optionally be used between input specifications to make the INPUT=
option more readable. The $ sign after the shift is also optional.

Except for the first numerator factor, each of the tedms, L; o, . . ., L; ;, indicates a
factor of the form

(1 — wiJBLi’l — wLQBLi’Q — ... — wi7kBLi’k)

The form of the first numerator factor depends on the ALTPARM option. By default,
the constant 1 in the first numerator factor is replaced with a free parameter

Alternative Model Parameterization

When the ALTPARM option is specified, the parameter is factored out so it multi-
plies the entire transfer function, and the first numerator factor has the same form as
the other factors.

The ALTPARM option does not materially affect the results; it just presents the
results differently. Some people prefer to see the model written one way, while
others prefer the alternative representatidiable 11.8illustrates the effect of the
ALTPARM option.
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Table 11.8. The ALTPARM Option

INPUT= Option ALTPARM | Model
INPUT=((1 2)(12)/(1)X); No (wo — w1 B —weB*)(1 —w3B™) /(1 — 51B)X;
Yes wo(l — w1 B —w2B?)(1 —wsB™)/(1 - 6:B)X;

Differencing and Input Variables

If you difference the response series and use input variables, take care that the differ-
encing operations do not change the meaning of the model. For example, if you want
to fit the model

(1-6.B)
(1-B)(1-B2)"

wo

LT )

X+

then the IDENTIFY statement must read

identify var=y(1,12) crosscorr=x(1,12);
estimate =1 input=(/(1)x) noconstant;

If instead you specify the differencing as

identify var=y(1,12) crosscorr=x;
estimate q=1 input=(/(1)x) noconstant;

then the model being requested is

(1-6.B)
(1-B)(1-B2)"

wo

(1-6:B)(1 - B)(1 - B™?)

Y, = X+

which is a very different model.

The point to remember is that a differencing operation requested for the response
variable specified by the VAR= option is applied only to that variable and not to the
noise term of the model.

Initial Values

The syntax for giving initial values to transfer function parameters in the INITVAL=
option parallels the syntax of the INPUT= option. For each transfer function in the
INPUT= option, the INITVAL= option should give an initialization specification fol-
lowed by the input series name. The initialization specification for each transfer
function has the form

C$ (Vie,Via,..)(Var,..) o/ (Vid, . ).

whereC is the lag 0 term in the first numerator factor of the transfer function (or the
overall scale factor if the ALTPARM option is specified), avig; is the coefficient
of the L; ; element in the transfer function.
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To illustrate, suppose you want to fit the model

(wo — w1 B — wa B?) X4 1
(1= 6B —6,B2—03B3) "2 " (1= 1B — ¢ B3

Yi=p+

)

and start the estimation process with the initial valuedo, wy=1, w1=.5, w2=.03,
01=.8, 05=-.1, §3=.002, $1=.1, ¢o=.01. (These are arbitrary values for illustration
only.) You would use the following statements:

identify var=y crosscorr=x;
estimate p=(1,3) input=(3%(1,2)/(1,2,3)x)
mu=10 ar=.1 .01 initval=(1%(.5,.03)/(.8,-.1,.002)x);

Note that the lags specified for a particular factor will be sorted, so initial values
should be given in sorted order. For example, if the P= option had been entered
as P=(3,1) instead of P=(1,3), the model would be the same and so would the AR=
option. Sorting is done within all factors, including transfer function factors, so initial
values should always be given in order of increasing lags.

Here is another illustration, showing initialization for a factored model with multiple
inputs. The model is

w1,0

Y, = —_—
O )

Wi + (w20 — w21 B) X¢—3

1
(1— 1 B)(1 — ¢2 B — ¢3B2) ™

_l’_

and the initial values arg=10,w (=5, 01,1=.8, w2 0=1, w2 1=.5, $1=.1, $2=.05, and
¢3=.01. You would use the following statements:

identify var=y crosscorr=(w Xx);
estimate p=(1)(6,12) input=(/(1)w, 3%(1)x)
mu=10 ar=.1 .05 .01 initval=(5%/(.8)w 1$(.5)x);

Stationarity and Invertibility

By default PROC ARIMA requires that the parameter estimates for the AR and MA
parts of the model always remain in the stationary and invertible regions, respectively.
The NOSTABLE option removes this restriction and for high-order models may save
some computer time. Note that using the NOSTABLE option does not necessarily
result in an unstable model being fit, since the estimates may leave the stable region
for some iterations, but still ultimately converge to stable values.
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Naming of Model Parameters

In the table of parameter estimates produced by the ESTIMATE statement, model
parameters are referred to using the naming convention described in this section.

The parameters in the noise part of the model are named af &RVIAI,j, where

AR refers to autoregressive parameters and MA to moving-average parameters. The
subscript refers to the particular polynomial factor, and the subsgnipfers to the

jth term within theith factor. These terms are sorted in order of increasing lag within
factors, so the subscriptefers to thgth term after sorting.

When inputs are used in the model, the parameters of each transfer function are
named NUM,j and DEN,j. Thejth term in theith factor of a numerator polyno-

mial is named NUN{j. Thejth term in theith factor of a denominator polynomial is
named DEN;j.

This naming process is repeated for each input variable, so if there are multiple inputs,
parameters in transfer functions for different input series have the same name. The
table of parameter estimates shows in the “Variable” column the input with which
each parameter is associated. The parameter name shown in the “Parameter” column
and the input variable name shown in the “Variable” column must be combined to
fully identify transfer function parameters.

The lag 0 parameter in the first numerator factor for the first input variable is named
NUML1. For subsequent input variables, the lag O parameter in the first numerator
factor is named NUM, wherek is the position of the input variable in the INPUT=
option list. If the ALTPARM option is specified, the NURjparameter is replaced by

an overall scale parameter named SCKLE

For the mean and noise process parameters, the response series name is shown in the
“Variable” column. The Lag and Shift for each parameter are also shown in the table
of parameter estimates when inputs are used.

Missing Values and Estimation and Forecasting

Estimation and forecasting are carried out in the presence of missing values by fore-
casting the missing values with the current set of parameter estimates. The maximum
likelihood algorithm employed was suggested by Jones (1980) and is used for both
unconditional least-squares (ULS) and maximum likelihood (ML) estimation.

The CLS algorithm simply fills in missing values with infinite memory forecast val-
ues, computed by forecasting ahead from the nonmissing past values as far as required
by the structure of the missing values. These artificial values are then employed in
the nonmissing value CLS algorithm. Atrtificial values are updated at each iteration
along with parameter estimates.

For models with input variables, embedded missing values (that is, missing val-
ues other than at the beginning or end of the series) are not generally supported.
Embedded missing values in input variables are supported for the special case of a
multiple regression model having ARIMA errors. A multiple regression model is
specified by an INPUT= option that simply lists the input variables (possibly with
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lag shifts) without any numerator or denominator transfer function factors. One-step-
ahead forecasts are not available for the response variable when one or more of the
input variables have missing values.

When embedded missing values are present for a model with complex transfer func-
tions, PROC ARIMA uses the first continuous nonmissing piece of each series to do
the analysis. That is, PROC ARIMA skips observations at the beginning of each se-
ries until it encounters a nonmissing value and then uses the data from there until it
encounters another missing value or until the end of the data is reached. This makes
the current version of PROC ARIMA compatible with earlier releases that did not
allow embedded missing values.

Forecasting Details

Infinite

If the model has input variables, a forecast beyond the end of the data for the input
variables is possible only if univariate ARIMA models have previously been fit to the
input variables or future values for the input variables are included in the DATA= data
set.

If input variables are used, the forecast standard errors and confidence limits of the
response depend on the estimated forecast error variance of the predicted inputs. If
several input series are used, the forecast errors for the inputs should be independent;
otherwise, the standard errors and confidence limits for the response series will not
be accurate. If future values for the input variables are included in the DATA= data
set, the standard errors of the forecasts will be underestimated since these values are
assumed to be known with certainty.

The forecasts are generated using forecasting equations consistent with the method
used to estimate the model parameters. Thus, the estimation method specified
on the ESTIMATE statement also controls the way forecasts are produced by the
FORECAST statement. If METHOD=CLS is used, the forecasté&dirdte memory
forecasts also calledconditional forecasts If METHOD=ULS or METHOD=ML,

the forecasts arfinite memory forecastalso calledunconditional forecastsA com-

plete description of the steps to produce the series forecasts and their standard errors
using either of these methods is quite involved and only a brief explanation of the
algorithm is given in the next two sections. Additional details about the finite and
infinite memory forecasts can be found in Brockwell and Davis (1991). The predic-
tion of stationary ARMA processes is explained in Chapter 5 and the prediction of
nonstationary ARMA processes is given in Chapter 9.

Memory Forecasts

If METHOD=CLS is used, the forecasts ardinite memory forecastslso called
conditional forecasts The termconditionalis used because the forecasts are com-
puted by assuming that the unknown values of the response series before the start of
the data are equal to the mean of the series. Thus, the forecasts are conditional on
this assumption.
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The series; can be represented as

[ee}
Ty = a + g Tt —4
i=1

whereg(B)/0(B) =1 — 2%, m B’

Thek-step forecast af;, ; is computed as

k—1 [e’e)
Tpyp = § Ty k—i + § Tty k—i
=1 i—k

where unobservepl past valuesapfare set to zero, ang; is obtained from the esti-
mated parametersandd.

Finite Memory Forecasts

For METHOD=ULS or METHOD=ML, the forecasts afmite memory forecasts
also calledunconditional forecastdor finite memory forecasts, the covariance func-
tion of the ARMA model is used to derive the best linear prediction equation.

That is, thek-step forecast of ;. «, given(zy, - -, x4—1), iS
Fpn = CryVy a1, mm1)

whereCy, ; is the covariance of.,; and(zq,---,2:—1), and 'V, is the covariance
matrix of the vector(xy,---,2;—1). Cj, and 'V, are derived from the estimated
parameters.

Finite memory forecasts minimize the mean-squared error of prediction if the param-
eters of the ARMA model are known exactly. (In most cases, the parameters of the
ARMA model are estimated, so the predictors are not true best linear forecasts.)

If the response series is differenced, the final forecast is produced by summing the

forecast of the differenced series. This summation, and, thus, the forecast, is condi-
tional on the initial values of the series. Thus, when the response series is differenced,
the final forecasts are not true finite memory forecasts because they are derived as-
suming that the differenced series begins in a steady-state condition. Thus, they fall

somewhere between finite memory and infinite memory forecasts. In practice, there

is seldom any practical difference between these forecasts and true finite memory
forecasts.
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Forecasting Log Transformed Data

The log transformation is often used to convert time series that are nonstationary with
respect to the innovation variance into stationary time series. The usual approach is
to take the log of the series in a DATA step and then apply PROC ARIMA to the
transformed data. A DATA step is then used to transform the forecasts of the logs
back to the original units of measurement. The confidence limits are also transformed
using the exponential function.

As one alternative, you can simply exponentiate the forecast series. This procedure
gives a forecast for the median of the series, but the antilog of the forecast log series
underpredicts the mean of the original series. If you want to predict the expected
value of the series, you need to take into account the standard error of the forecast, as
shown in the following example, which uses an AR(2) model to forecast the log of a
series Y:

data in;

set in;

ylog = log( y );
run;

proc arima data=in;
identify var=ylog;
estimate p=2;
forecast lead=10 out=out;
run;

data out;

set out;

y = exp( ylog );

195 = exp( 195 );

u95 = exp( u9s );

forecast = exp( forecast + std*std/2 );
run;

Specifying Series Periodicity

The INTERVAL= option is used together with the ID= variable to describe the obser-
vations that make up the time series. For example, INTERVAL=MONTH specifies a
monthly time series in which each observation represents one montihaeéer 3,
“Date Intervals, Formats, and Function$gr details on the interval values supported.

The variable specified by the ID= option in the PROC ARIMA statement identifies the
time periods associated with the observations. Usually, SAS date or datetime values
are used for this variable. PROC ARIMA uses the ID= variable in the following
ways:

e to validate the data periodicity. When the INTERVAL= option is specified,
PROC ARIMA uses the ID variable to check the data and verify that successive
observations have valid ID values corresponding to successive time intervals.
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When the INTERVAL= option is not used, PROC ARIMA verifies that the ID
values are nonmissing and in ascending order.

e to check for gaps in the input observations. For example, if
INTERVAL=MONTH and an input observation for April 1970 follows
an observation for January 1970, there is a gap in the input data with two
omitted observations (namely February and March 1970). A warning message
is printed when a gap in the input data is found.

e to label the forecast observations in the output data set. PROC ARIMA ex-
trapolates the values of the ID variable for the forecast observations from the
ID value at the end of the input data according to the frequency specifications
of the INTERVAL= option. If the INTERVAL= option is not specified, PROC
ARIMA extrapolates the ID variable by incrementing the ID variable value for
the last observation in the input data by 1 for each forecast period. Values of
the ID variable over the range of the input data are copied to the output data
set.

The ALIGN= option is used to align the ID variable to the beginning, middle, or end
of the time ID interval specified by the INTERVAL= option.

Detecting Outliers

You can use the OUTLIER statement to detect changes in the level of the response
series that are not accounted for by the estimated model. The types of changes con-
sidered are Additive Outliers (AO), Level Shifts (LS), and Temporary Changes (TC).

Letn; be a regression variable describing some type of change in the mean response.
In time series literaturey, is called a shock signature. An additive outlier at some
time points corresponds to a shock signatugesuch that); = 1.0 andn, is 0.0 at

all other points. Similarly a permanent level shift originating at tisnieas a shock
signature such thaj; is 0.0 fort < s and 1.0 fort > s. A temporary level shift of
durationd originating at times will have n; equal to 1.0 betweesnands + d and 0.0
otherwise.

Suppose that you are estimating the ARIMA model

_ 6(B)
D(B)Y: = pu + (Z)(B)at

whereY; is the response serieB(B) is the differencing polynomial in the backward
shift operator B (possibly identity); is the transfer function inputy(B) andé(B)
are the AR and MA polynomials, ang is the Gaussian white noise series.

The problem of detection of level shifts in the OUTLIER statement is formulated
as a problem of sequential selection of shock signatures that improve the model in
the ESTIMATE statement. This is similar to the forward selection process in the
stepwise regression procedure. The selection process starts with considering shock
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signatures of the type specified in the TYPE= option, originating at each nonmissing
measurement. This involves testify: 5 = 0 versusH,: 6 # 0 in the model

0(B)

D(B)(Y; — Bn) = e + 3(B)

Qt

for each of these shock signatures. The most significant shock signature, if it also
satisfies the significance criterion in ALPHA= option, is included in the model. If no
significant shock signature is found then the outlier detection process stops, otherwise
this augmented model, which incorporates the selected shock signature in its transfer
function input, becomes the null model for the subsequent selection process. This
iterative process stops if at any stage no more significant shock signatures are found
or if the number of iterations exceed the maximum search number resulting due to
the MAXNUM= and MAXPCT= settings. In all these iterations the parameters of
the ARIMA model in the ESTIMATE statement are held fixed.

The precise details of the testing procedure for a given shock signate as
follows:

The preceding testing problem is equivalent to tesfifygs = 0 versusH,: 5 # 0
in the following “regression with ARMA errors” model

0(B)

Ny = B¢+ qb(B)

at

whereN; = (D(B)Y;— ) is the “noise” process and = D(B)n; is the “effective”
shock signature.

In this setting, undefy, N = (N, No,...,N,)T is a mean zero Gaussian vector
with variance covariance matrix?y. Hereo? is the variance of the white noise
processi; andX is the variance covariance matrix associated with the ARMA model.
Moreover, undetl,, N has3¢ as the mean vector whete= ({1, (s, ..., Cn)7.
Additionally, the generalized least squares estimate afid its variance is given by

B = 0/k

~

Var(3) = o?/k

where§ = (TSN andx = ¢TS71¢. The test statistie? = §2/(0?x) is used to

test the significance of, which has an approximate chi-squared distribution with 1
degree of freedom undéi,. The type of estimate of? used in the calculation of

72 can be specified by the SIGMA= option. The default setting is SIGMA=ROBUST
that corresponds to a robust estimate suggested in an outlier detection procedure in X-
12-ARIMA, the Census Bureau'’s time series analysis program; refer to Findley et al.
(1998) for additional information. The setting SIGMA=MSE corresponds to the usual
mean squared error estimate (MSE) computed the same way as in the ESTIMATE
statement with the NODF option. The robust estimaterdfis computed by the
formula

52 = (1.49 x Median(|a|))2
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whereq; are the standardized residuals of the null ARIMA model.

The quantitie® andx are efficiently computed by a method described in de Jong and
Penzer (1998); refer also to Kohn and Ansley (1985).

Modeling in the Presence of Outliers

In practice, modeling and forecasting time series data in the presence of outliers is
a difficult problem for several reasons. The presence of outliers can adversely affect
the model identification and estimation steps. Their presence close to the end of
the observation period can have a serious impact on the forecasting performance of
the model. In some cases level shifts are associated with changes in the mechanism
driving the observation process, and separate models may be appropriate to different
sections of the data. In view of all these difficulties, diagnostic tools such as outlier
detection and residual analysis are essential in any modeling process.

The following modeling strategy, which incorporates level shift detection in the fa-
miliar Box-Jenkins modeling methodology, seems to work in many cases:

1. Proceed with model identification and estimation as usual. Suppose this results
in a tentative ARIMA model, say M.

2. Check for additive and permanent level shifts unaccounted for by the model M
using the OUTLIER statement. In this step, unless there is evidence to justify
it, the number of level shifts searched should be kept small.

3. Augment the original dataset with the regression variables corresponding to the
detected outliers.

4. Include the first few of these regression variables in M, and call this model M1.
Re-estimate all the parameters of M1. Itis important not to include too many of
these outlier variables in the model in order to avoid the danger of over-fitting.

5. Check the adequacy of M1 by examining the parameter estimates, residual
analysis, and outlier detection. Refine it more if necessary.

OUT= Data Set

The output data set produced by the OUT= option of the PROC ARIMA or
FORECAST statements contains the following:

e the BY variables
e the ID variable

¢ the variable specified by the VAR= option in the IDENTIFY statement, which
contains the actual values of the response series

e FORECAST, a numeric variable containing the one-step-ahead predicted val-
ues and the multistep forecasts

e STD, a numeric variable containing the standard errors of the forecasts
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e a numeric variable containing the lower confidence limits of the forecast. This
variable is named L95 by default but has a different name if the ALPHA=
option specifies a different size for the confidence limits.

e RESIDUAL, a numeric variable containing the differences between actual and
forecast values

e a numeric variable containing the upper confidence limits of the forecast. This
variable is named U95 by default but has a different name if the ALPHA=
option specifies a different size for the confidence limits.

The ID variable, the BY variables, and the time series variable are the only ones
copied from the input to the output data set.

Unless the NOOUTALL option is specified, the data set contains the whole time
series. The FORECAST variable has the one-step forecasts (predicted values) for the
input periods, followed by forecast values, whereis the LEAD= value. The actual

and RESIDUAL values are missing beyond the end of the series.

If you specify the same OUT= data set on different FORECAST statements, the latter
FORECAST statements overwrite the output from the previous FORECAST state-
ments. If you want to combine the forecasts from different FORECAST statements
in the same output data set, specify the OUT= option once on the PROC ARIMA

statement and omit the OUT= option on the FORECAST statements.

When a global output data set is created by the OUT= option in the PROC ARIMA
statement, the variables in the OUT= data set are defined by the first FORECAST
statement that is executed. The results of subsequent FORECAST statements are
vertically concatenated onto the OUT= data set. Thus, if no ID variable is speci-
fied in the first FORECAST statement that is executed, no ID variable appears in the
output data set, even if one is specified in a later FORECAST statement. If an ID vari-
able is specified in the first FORECAST statement that is executed but not in a later
FORECAST statement, the value of the ID variable is the same as the last value pro-
cessed for the ID variable for all observations created by the later FORECAST state-
ment. Furthermore, even if the response variable changes in subsequent FORECAST
statements, the response variable name in the output data set will be that of the first
response variable analyzed.

OUTCOV= Data Set

The output data set produced by the OUTCOV= option of the IDENTIFY statement
contains the following variables:

e LAG, a numeric variable containing the lags corresponding to the values of
the covariance variables. The values of LAG range from 0 to N for covariance
functions and from -N to N for cross-covariance functions, where N is the value
of the NLAG= option.

¢ VAR, a character variable containing the name of the variable specified by the
VAR= option.
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e CROSSVAR, a character variable containing the name of the variable specified
in the CROSSCORR-= option, which labels the different cross-covariance func-
tions. The CROSSVAR variable is blank for the autocovariance observations.
When there is no CROSSCORR= option, this variable is not created.

e N, a numeric variable containing the number of observations used to calculate
the current value of the covariance or cross-covariance function.

e COV, a numeric variable containing the autocovariance or cross-covariance
function values. COV contains the autocovariances of the VAR= variable when
the value of the CROSSVAR variable is blank. Otherwise COV contains the
cross covariances between the VAR= variable and the variable named by the
CROSSVAR variable.

e CORR, a numeric variable containing the autocorrelation or cross-correlation
function values. CORR contains the autocorrelations of the VAR= variable
when the value of the CROSSVAR variable is blank. Otherwise CORR con-
tains the cross correlations between the VAR= variable and the variable named
by the CROSSVAR variable.

e STDERR, a numeric variable containing the standard errors of the autocorre-
lations. The standard error estimate is based on the hypothesis that the process
generating the time series is a pure moving-average process of order LAG-1.
For the cross correlations, STDERR contains the vajugn, which approx-
imates the standard error under the hypothesis that the two series are uncorre-
lated.

¢ INVCORR, a numeric variable containing the inverse autocorrelation function
values of the VAR= variable. For cross-correlation observations, (that is, when
the value of the CROSSVAR variable is not blank), INVCORR contains miss-
ing values.

¢ PARTCORR, a numeric variable containing the partial autocorrelation func-
tion values of the VAR= variable. For cross-correlation observations (that is,
when the value of the CROSSVAR variable is not blank), PARTCORR contains
missing values.

OUTEST= Data Set

PROC ARIMA writes the parameter estimates for a model to an output data set when
the OUTEST= option is specified in the ESTIMATE statement. The OUTEST= data
set contains the following:

e the BY variables

e _NAME_, a character variable containing the name of the parameter for the
covariance or correlation observations, or blank for the observations containing
the parameter estimates. (This variable is not created if neither OUTCOV nor
OUTCORR is specified.)

e _TYPE_, a character variable that identifies the type of observation. A de-
scription of the_TYPE_ variable values is given below.
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e variables for model parameters

The variables for the model parameters are named as follows:

ERRORVAR

MU

MAj_k

ARj_k

_STATUS

This numeric variable contains the variance estimate. The
_TYPE_=EST observation for this variable contains the estimated
error variance, and the remaining observations are missing.

This numeric variable contains values for the mean parameter for
the model. (This variable is not created if NOCONSTANT is spec-
ified.)

These numeric variables contain values for the moving average pa-
rameters. The variables for moving average parameters are named
MAj_k, wherej is the factor number, arklis the index of the pa-
rameter within a factor.

These numeric variables contain values for the autoregressive pa-
rameters. The variables for autoregressive parameters are named
ARj_k, wherej is the factor number, arklis the index of the pa-
rameter within a factor.

These variables contain values for the transfer function parameters.
Variables for transfer function parameters are namekl iwherej

is the number of the INPUT variable associated with the transfer
function component, anklis the number of the parameter for the
particular INPUT variable. INPUT variables are numbered accord-
ing to the order in which they appear in the INPUT= list.

This variable describes the convergence status of the model. A
value of _.CONVERGED indicates that the model converged.

The value of the_ TYPE_ variable for each observation indicates the kind of value
contained in the variables for model parameters for the observation. The OUTEST=
data set contains observations with the followiigy PE_ values:

EST
STD

CORR

cov

FACTOR

LAG

the observation contains parameter estimates

the observation contains approximate standard errors of the esti-
mates

the observation contains correlations of the estimates. OUTCORR
must be specified to get these observations.

the observation contains covariances of the estimates. OUTCOV
must be specified to get these observations.

the observation contains values that identify for each parameter the
factor that contains it. Negative values indicate denominator fac-
tors in transfer function models.

the observation contains values that identify the lag associated with
each parameter
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SHIFT the observation contains values that identify the shift associated
with the input series for the parameter

The values given foL TYPE_=FACTOR,_TYPE_=LAG, or _TYPE_=SHIFT ob-
servations enable you to reconstruct the model employed when provided with only
the OUTEST= data set.

OUTEST= Examples

This section clarifies how model parameters are stored in the OUTEST= data set with
two examples.

Consider the following example:

proc arima data=input;
identify var=y cross=(x1 x2);
estimate p=(1)(6) g=(1,3)(12) input=(x1 x2) outest=est;
quit;
proc print data=est;
run;

The model specified by these statements is

(1 — 9113 — 91233)(1 — 921312)
(1 —¢11B)(1 — ¢21BY)

Yi=p+wioXiy +w2oXos+ at

The OUTEST= data set contains the values showralrie 11.9
Table 11.9. OUTEST= Data Set for First Example

Obs _TYPE_ Y MU MA1_1 MA1l_2 MA2_1 AR11 AR2.1 111 12_1
1 EST o? n 011 012 021 b11 P21 w1,0 w2.0
2 STD . seu  sefi; sef2 sefaq sep11  Se¢a1  Sewio Sews
3 FACTOR . 0 1 1 2 1 2 1 1
4 LAG . 0 1 3 12 1 6 0 0
5 SHIFT . 0 0 0 0 0 0 0 0

Note that the symbols in the rows faTYPE_=EST and_TYPE_=STD in Table
11.9would be numeric values in a real data set.

Next, consider the following example:

proc arima data=input;
identify var=y cross=(x1(2) x2(1));
estimate p=1 g=1 input=(2 $ (1)/(1,2)x1 1 $ /(1)x2) outest=est;
quit;
proc print data=est;
run;

The model specified by these statements is

(1-6,B)
(1-¢1B)

wio —win B
1—-611B— (51232

Yi=p+ Xip—2+ Xogp—1+ ag

w20
1-— (5213
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The OUTEST= data set contains the values showraisle 11.10
Table 11.10. OUTEST= Data Set for Second Example

Obs _TYPE_ Y MU MA1_1 ARL1 111 112 113 11_4 12_1 12_2
1 EST a2 M 01 01 w10 w11 011 012 w20 021
2 STD . seu seb; sep1 sewip Sewiil Sedy1  Sedia  Seway  Seda1
3 FACTOR . 0 1 1 1 1 -1 -1 1 -1
4 LAG . 0 1 1 0 1 1 2 0 1
5 SHIFT . 0 0 0 2 2 2 2 1 1

OUTMODEL= Data Set

The OUTMODEL-= option in the ESTIMATE statement writes an output data set that
enables you to reconstruct the model. The OUTMODEL= data set contains much
the same information as the OUTEST= data set but in a transposed form that may be
more useful for some purposes. In addition, the OUTMODEL= data set includes the
differencing operators.

The OUTMODEL data set contains the following:

e the BY variables

e _NAME_, a character variable containing the name of the response or input
variable for the observation.

e _TYPE_, a character variable that contains the estimation method that was
employed. The value of TYPE_ can be CLS, ULS, or ML.

e _STATUS_, a character variable that describes the convergence status of the
model. A value of QCONVERGED indicates that the model converged.

e _PARM_, a character variable containing the name of the parameter given by
the observation_PARM_ takes on the values ERRORVAR, MU, AR, MA,
NUM, DEN, and DIF.

e _VALUE_, a numeric variable containing the value of the estimate defined by
the_PARM_ variable.

e _STD_, a numeric variable containing the standard error of the estimate.

e _FACTOR_, a numeric variable indicating the number of the factor to which
the parameter belongs.

e _LAG_, anumeric variable containing the number of the term within the factor
containing the parameter.

e _SHIFT_, a numeric variable containing the shift value for the input variable
associated with the current parameter.

The values of FACTOR_ and_LAG_ identify which particular MA, AR, NUM, or

DEN parameter estimate is given by théALUE _ variable. The_NAME_ variable
contains the response variable name for the MU, AR, or MA parameters. Otherwise,
_NAME_ contains the input variable name associated with NUM or DEN parameter
estimates. TheNAME_ variable contains the appropriate variable name associated
with the current DIF observation as well. Th&ALUE_ variable is 1 for all DIF
observations, and thd AG_ variable indicates the degree of differencing employed.
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The observations contained in the OUTMODEL= data set are identified by the
_PARM_ variable. A description of the values of th®ARM_ variable follows:

NUMRESID _VALUE _ contains the number of residuals.
NPARMS _VALUE _ contains the number of parameters in the model.

NDIFS _VALUE _ contains the sum of the differencing lags employed for
the response variable.

ERRORVAR _VALUE_ contains the estimate of the innovation variance.

MU _VALUE _ contains the estimate of the mean term.

AR _VALUE_ contains the estimate of the autoregressive parameter
indexed by the. FACTOR_ and_LAG_ variable values.

MA _VALUE_ contains the estimate of a moving average parameter
indexed by the. FACTOR_ and_LAG_ variable values.

NUM _VALUE _ contains the estimate of the parameter in the numerator

factor of the transfer function of the input variable indexed by the
_FACTOR_, _LAG_, and_SHIFT_ variable values.

DEN _VALUE_ contains the estimate of the parameter in the denomi-
nator factor of the transfer function of the input variable indexed
by the_FACTOR_, _LAG_, and_SHIFT_ variable values.

DIF _VALUE_ contains the difference operator defined by the differ-
ence lag given by the value in th& AG_ variable.

OUTSTAT= Data Set

PROC ARIMA writes the diagnostic statistics for a model to an output data set when
the OUTSTAT= option is specified in the ESTIMATE statement. The OUTSTAT data
set contains the following:

e the BY variables.

e _TYPE_, a character variable that contains the estimation method used.
_TYPE_ can have the value CLS, ULS, or ML.

e _STAT_, a character variable containing the name of the statistic given by the
_VALUE _ variable in this observation.STAT_ takes on the values AIC, SBC,
LOGLIK, SSE, NUMRESID, NPARMS, NDIFS, ERRORVAR, MU, CONYV,
and NITER.

e _VALUE_, a numeric variable containing the value of the statistic named by
the _STAT_ variable.

The observations contained in the OUTSTAT= data set are identified hySTHhaT_
variable. A description of the values of th&TAT_ variable follows:
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AIC Akaike’s information criterion

SBC Schwarz’s Bayesian criterion

LOGLIK the log likelihood, if METHOD=ML or METHOD=ULS is speci-
fied

SSE the sum of the squared residuals

NUMRESID the number of residuals

NPARMS the number of parameters in the model

NDIFS the sum of the differencing lags employed for the response variable

ERRORVAR the estimate of the innovation variance

MU the estimate of the mean term

CONV tells if the estimation converged

NITER the number of iterations

Printed Output

The ARIMA procedure produces printed output for each of the IDENTIFY,
ESTIMATE, and FORECAST statements. The output produced by each ARIMA
statement is described in the following sections.

IDENTIFY Statement Printed Output
The printed output of the IDENTIFY statement consists of the following:

1. atable of summary statistics, including the name of the response variable, any
specified periods of differencing, the mean and standard deviation of the re-
sponse series after differencing, and the number of observations after differ-
encing

2. a plot of the sample autocorrelation function for lags up to and including the
NLAG= option value. Standard errors of the autocorrelations also appear to
the right of the autocorrelation plot if the value of LINESIZE= option is suf-
ficiently large. The standard errors are derived using Bartlett's approximation
(Box and Jenkins 1976, p. 177). The approximation for a standard error for the
estimated autocorrelation function at llags based on a null hypothesis that a
pure moving-average Gaussian process of okdegenerated the time series.
The relative position of an approximate 95% confidence interval under this null
hypothesis is indicated by the dots in the plot, while the asterisks represent the
relative magnitude of the autocorrelation value.

3. a plot of the sample inverse autocorrelation function. See the sefftom
Inverse Autocorrelation Functiordn page 409 for more information on the
inverse autocorrelation function.

4. a plot of the sample partial autocorrelation function

5. atable of test statistics for the hypothesis that the series is white noise. These
test statistics are the same as the tests for white noise residuals produced by the
ESTIMATE statement and are described in the sectitatimation Details"on
page 418.
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6. if the CROSSCORR= option is used, a plot of the sample cross-correlation
function for each series specified in the CROSSCORR= option. If a model
was previously estimated for a variable in the CROSSCORR= list, the cross
correlations for that series are computed for the prewhitened input and response
series. For each input variable with a prewhitening filter, the cross-correlation
report for the input series includes

(a) atable of test statistics for the hypothesis of no cross correlation between
the input and response series

(b) the prewhitening filter used for the prewhitening transformation of the
predictor and response variables

7. if the ESACF option is used, ESACF tables are printed
8. if the MINIC option is used, a MINIC table is printed
9. if the SCAN option is used, SCAN table is printed

10. if the STATIONARITY option is used, STATIONARITY tests results are
printed

ESTIMATE Statement Printed Output
The printed output of the ESTIMATE statement consists of the following:

1. when the PRINTALL option is specified, the preliminary parameter estimates
and an iteration history showing the sequence of parameter estimates tried dur-
ing the fitting process

2. a table of parameter estimates showing the following for each parameter: the
parameter name, the parameter estimate, the approximate standard error,
value, approximate probability- > |¢|), the lag for the parameter, the input
variable name for the parameter, and the lag or “Shift” for the input variable

3. the estimates of the constant term, the innovation variance (Variance Estimate),
the innovation standard deviation (Std Error Estimate), Akaike’s information
criterion (AIC), Schwarz’s Bayesian criterion (SBC), and the number of resid-
uals

4. the correlation matrix of the parameter estimates

5. atable of test statistics for hypothesis that the residuals of the model are white
noise titled “Autocorrelation Check of Residuals”

6. if the PLOT option is specified, autocorrelation, inverse autocorrelation, and
partial autocorrelation function plots of the residuals

7. ifan INPUT variable has been modeled in such a way that prewhitening is per-
formed in the IDENTIFY step, a table of test statistics titled “Crosscorrelation
Check of Residuals.” The test statistic is based on the chi-square approxima-
tion suggested by Box and Jenkins (1976, pp. 395-396). The cross-correlation
function is computed using the residuals from the model as one series and the
prewhitened input variable as the other series.
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8. if the GRID option is specified, the sum-of-squares or likelihood surface over
a grid of parameter values near the final estimates

9. a summary of the estimated model showing the autoregressive factors, moving
average factors, and transfer function factors in back shift notation with the
estimated parameter values.

OUTLIER Statement Printed Output
The printed output of the FORECAST statement consists of the following:

1. a summary that contains the information about the maximum number of out-
liers searched, the number of outliers actually detected, and the significance
level used in the outlier detection.

2. atable that contains the results of the outlier detection process. The outliers are
listed in the order in which they are found. This table contains the following
columns:

e The “Obs” column contains the observation number of the start of the
level shift.

e If an ID= option is specified then the “Time ID” column contains the time
identification labels of the start of the level shift.

e The “Type” column lists the type of the level shift.

e The “Estimate” column containé, the estimate of the regression coeffi-
cient of the shock signature.

e The “Chi-Square” column lists the value of the test statistic

e The “Approx Prob > ChiSg” column lists the approximatealue of the
test statistic.

FORECAST Statement Printed Output
The printed output of the FORECAST statement consists of the following:

1. a summary of the estimated model

2. atable of forecasts, with columns for the observation numbers (Obs), the fore-
cast values (Forecast), the forecast standard errors (Std Error), lower and upper
limits of the approximate 95% confidence interval (95% confidence limits).
The ALPHA= option can be used to change the confidence interval for fore-
casts. If the PRINTALL option is specified, the forecast table also includes
columns for the actual values of the response series (Actual) and the residual
values (Residual), and the table includes the input observations used to estimate
the model.
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ODS Table Names

PROC ARIMA assigns a name to each table it creates. You can use these names to
tables
and create output data sets. These names are listed in the following table. For more

reference the table when using the Output Delivery System (ODS) to select

information on ODS, se€hapter 8, “Using the Output Delivery System.”
Table 11.11. ODS Tables Produced in PROC ARIMA

ODS Table Name Description Option

ODS Tables Created by the IDENTIFY Statement

ChiSqAuto Chi-Square statistics table for autocorrelation

ChisSqgCross Chi-Square statistics table for cros€ROSSCORR=
correlations

CorrGraph Correlations graph

DescStats Descriptive Statistics

ESACF Extended Sample Autocorrelation Function ESACF option

ESACFPValues ESACF Probability Values ESACF option

IACFGraph Inverse autocorrelations graph

InputDescStats Input Descriptive Statistics

MINIC Minimum Information Criterion MINIC option

PACFGraph Partial autocorrelations graph

SCAN Squared Canonical Correlation Estimates SCAN option

SCANPValues SCAN Chi-Square[1] Probability Values SCAN option

Stationarity Tests Stationarity tests STATIONARITY

option
TentativeOrders Tentative Order Selection MINIC, ESACF,

or SCAN option

ODS Tables Created by the ESTIMATE Statement

ARPolynomial Filter Equations
ChiSgAuto Chi-Square statistics table for autocorrelation
ChiSqCross Chi-Square statistics table for cross-
correlations
CorrB Correlations of the Estimates
DenPolynomial Filter Equations
FitStatistics Fit Statistics
IterHistory Conditional Least Squares Estimation METHOD=CLS

InitialAREstimates  Initial autoregressive parameter estimates
InitialMAEstimates  Initial moving average parameter estimates

D

InputDescription Input description
MAPolynomial Filter Equations
ModelDescription Model description
NumPolynomial Filter Equations
ParameterEstimates  Parameter Estimates
PrelimEstimates Preliminary Estimation
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Table 11.11. (continued)
ODS Table Name Description Option
ObjectiveGrid Obijective function grid matrix GRID option
OptSummary ARIMA Estimation Optimization PRINTALL optio

ODS Tables Created by the OUTLIER Statement

OutlierDetalils

Detected outliers

ODS Tables Created by the FORECAST Statement

Forecasts

Forecast

=}

ODS Graphics (Experimental)

This section describes the use of ODS for creating graphics with the ARIMA proce-
dure. These graphics are experimental in this release, meaning that both the graphical
results and the syntax for specifying them are subject to change in a future release.

To request these graphs, you must specify the ODS GRAPHICS statement. For more
information on the ODS GRAPHICS statement, Sdepter 9, “Statistical Graphics
Using ODS.”

When the ODS GRAPHICS are in effect, the ARIMA procedure can produce a vari-
ety of plots. The main types of plots available are as follows:

e Ifthe NOPRINT option in the IDENTIFY statement is off, the correlation plots
of the dependent series are produced after the series is appropriately differ-
enced. These include plots of the autocorrelation, partial autocorrelation, and
inverse autocorrelation functions.

e If in the ESTIMATE statement the NOPRINT option is off while the PLOT
option is on, the correlation plots of the model residuals are produced. These
include plots of the autocorrelation, partial autocorrelation, and inverse auto-
correlation functions.

o Ifthe NOPRINT option in the FORECAST statement is off, the time series plot
of the series forecasts is produced. If ID= option is used in the FORECAST
statement, the ticks on the time axis use this information; otherwise the ob-
servation numbers are used as the time axis. If PRINTALL option is on, the
forecast plot contains one-step-ahead forecasts as well as the multi-step-ahead
forecasts.

For an example of the use of ODS GRAPHICS in PROC ARIMA,Egemple 11.8
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ODS Graph Names

PROC ARIMA assigns a name to each graph it creates using ODS. You can use these
names to reference the graphs when using ODS. The names are liStddaril.12

Table 11.12. ODS Graphics Produced by PROC ARIMA

ODS Graph Name Plot Description Associated Statement
ForecastPlot Forecast Plot FORECAST
ResidualACFPlot Residual Autocorrelation Plot ESTIMATE

ResiduallACFPlot  Residual Inverse Autocorrelation Plot ESTIMATE
ResidualPACFPlot  Residual Partial Autocorrelation Plot ESTIMATE
SeriesACFPIot Series Autocorrelation Plot IDENTIFY

Series|ACFPIlot Series Inverse Autocorrelation Plot IDENTIFY
SeriesPACFPIot Series Partial Autocorrelation Plot IDENTIFY

Examples

Example 11.1. Simulated IMA Model

This example illustrates the ARIMA procedure results for a case where the true model
is known. An integrated moving average model is used for this illustration.

The following DATA step generates a pseudo-random sample of 100 periods from
the ARIMA(0,1,1) process; = uy—1 + a; — .8a¢—1, ay iid N(0, 1).

titlel 'Simulated IMA(1,1) Series’;
data a;

ul = 0.9; al = 0;

do i = -50 to 100;
a = rannor( 32565 );
u=ul +a-.8* al,;
if i > 0 then output;
al =
ul =
end;

0
a,
u;
run;

The following ARIMA procedure statements identify and estimate the model.

proc arima data=a;
identify var=u nlag=15;
run;
identify var=u(1) nlag=15;
run;
estimate gq=1 ;
run;

quit;
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The results of the first IDENTIFY statement are show®imtput 11.1.1 The output
shows the behavior of the sample autocorrelation function when the process is nonsta-
tionary. Note that in this case the estimated autocorrelations are not very high, even
at small lags. Nonstationarity is reflected in a pattern of significant autocorrelations
that do not decline quickly with increasing lag, not in the size of the autocorrelations.

Output 11.1.1.  Output from the First IDENTIFY Statement

Simulated IMA(1,1) Series
The ARIMA Procedure
Name of Variable = u
Mean of Working Series 0.099637
Standard Deviation 1.115604
Number of Observations 100

Autocorrelations

Lag Covariance Correlaton -198 7 65432101234567891

0 1.244572 1.00000 | |~k******~k*~k~k~k~k~k~k*****|

1 0.547457 0.43988 | [t |

2 0.534787 0.42970 | [ [

3 0.569849 0.45787 | [t |

4 0.384428 0.30888 | [frrx |

5 0.405137 0.32552 | [fesin |

6 0.253617 0.20378 | [ |

7 0.321830 0.25859 | . [reix |

8 0.363871 0.29237 | . [, |

9 0.271180 0.21789 | . [oree |
10 0.419208 0.33683 | [ |
11 0.298127 0.23954 | [ |
12 0.186460 0.14982 | e . |
13 0.313270 0.25171 | [ I
14 0.314594 0.25277 | [rex |
15 0.156329 0.12561 | [+ ) I

" marks two standard errors
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Output 11.1.1.  (continued)

The ARIMA Procedure

Inverse Autocorrelations

Lag Correlaion -198765432101234567891
1 012382 | | |
2 -0.17396 | oo |
3 -0.19966 | | |
4 -0.01476 | [ |
5 -0.02895 | R |
6 0.20612 | L e [
7 0.01258 | A |
8 -0.09616 | . |
9 0.00025 | S |

10 016879 | e |
11 0.05680 | o [
12 0.14306 | S [
13 -0.02466 | A [
14 -0.15549 | R [
15 0.08247 | S [

Partial Autocorrelations

Lag Correlaion -198765432101234567891
l O .43988 | . |********* |
2 0.29287 | R [
3 0.26499 | N |
4 -0.00728 | S |
5 0.06473 | o |
6 -0.09926 | e |
7 0.10048 | [+ |
8 0.12872 | o |
9 0.03286 | R |
10 0.16034 | [, [
11 -0.03794 | A |
12 014469 | e |
13 0.06415 | o [
14 0.15482 | S [
15 010989 | e |

Output 11.1.1.  (continued)
The ARIMA Procedure

Autocorrelation Check for White Noise

To Chi- Pr >
Lag Square DF  ChiSq --------------- Autocorrelations---------------
6 87.22 6 <0001 0440 0430 0458 0.309 0.326 0.204

12 131.39 12 <.0001 0.259 0.292 0.218 0.337 0.240 0.150

The second IDENTIFY statement differences the series. The results of the second
IDENTIFY statement are shown i@utput 11.1.2 This output shows autocorrela-
tion, inverse autocorrelation, and partial autocorrelation functions typical of MA(1)
processes.
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Output from the Second IDENTIFY Statement

Examples

The ARIMA Procedure
Name of Variable = u

Period(s) of Differencing

Mean of Working Series

Standard Deviation

Number of Observations

Observation(s) eliminated by differencing

Autocorrelations

Covariance Correlation -198765432101234567891

1.347737 1.00000 |
-0.699404 -51895 | e
-0.036142 -02682 | o

0.245093 0.18186 | .
-0.234167 -17375 | | w|

0.181778 0.13488 | .
-0.184601 -13697 | ||
0.0088659 0.00658 |

0.146372 0.10861 | .
-0.241579 -17925 | |
0.240512 0.17846 |
0.031005 0.02301 | .
-0.250954 -18620 | |
0.095295 0.07071 |
0.194110 0.14403 | .
-0.219688 -16300 | oo

"" marks two standard errors

1
0.019752
1.160921
99
1

|********************|

|~k***‘.
|*** ' .

|**

|***:k.
|
|*

|***
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Output 11.1.2.

The ARIMA Procedure

(continued)

The ARIMA Procedure
Inverse Autocorrelations
Lag Correlation -198765432101234567891
1 072538 | |*************** |
2 0.48987 | |********** |
3 035415 | |******* |
4 034169 | |*~k*~k~k** |
5 0.33466 | el |
6 034003 | |******* |
7 0.24192 | . [ |
8 0.12899 | . [F*. |
9 0.06597 | |* |
10 0.01654 | | |
11 0.06434 | * . |
12 0.08659 | [** . I
13 0.02485 | . | |
14 -0.03545 | CF |
15 -0.00113 | . | |
Partial Autocorrelations
Lag Correlation -198765432101234567891
l _051895 I **********l |
2 -0.40526 | ********l |
3 -0.07862 | L |
4 -0.14588 | k| |
5 0.02735 | . |* |
6 -0.13782 | k| |
7 -0.16741 | k| |
8 -0.06041 | | |
9 -0.18372 | k| |
10 -0.01478 | . | . |
11 0.14277 | . [***. |
12 -0.04345 | | |
13 -0.19959 | k| . |
14 0.08302 | . [** . |
15 0.00278 | . | |
Output 11.1.2.  (continued)
The ARIMA Procedure
Autocorrelation Check for White Noise
To Chi- Pr >
Lag Square DF  ChiSq --------------- Autocorrelations---------------
6 38.13 6 <.0001 -0.519 -0.027 0.182 -0.174 0.135 -0.137
12 50.62 12 <.0001 0.007 0.109 -0.179 0.178 0.023 -0.186

The ESTIMATE statement fits an ARIMA(0,1,1) model to the simulated data. Note
that in this case the parameter estimates are reasonably close to the values used to gen-
erate the simulated datau € 0, 1 = .02. ; = .8, §; =.79. 02 =1, 6% = .82))

The ESTIMATE statement results are showrQintput 11.1.3
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Output 11.1.3.

Output from Fitting ARIMA(O, 1, 1) Model

Examples

Parameter
MU
MA1,1
To Chi-
Lag Square
6 6.48
12 13.11
18 20.12
24 24.73

The ARIMA Procedure
Conditional Least Squares Estimation

Standard

Estimate Error t Value Pr > |t

1.04
12.22 <.

0.01972
0.06474

0.02056
0.79142

0.020558
0.819807
0.905432

Constant Estimate
Variance Estimate
Std Error Estimate
AlC 263.2594
SBC 268.4497
Number of Residuals 99

* AIC and SBC do not include log determinant.

Correlations of Parameter
Estimates
Parameter MU MA1,1

MU 1.000
MA1,1 -0.124

-0.124
1.000

Autocorrelation Check of Residuals

Pr >
DF ChiSq

-0.096

0.159
0.006

-0.077

0.153
-0.086
-0.099
0.076

-0.033

-0.048
0.069
0.064

0.030

0.046

0.130
0.032

5 0.2623
11 0.2862
17 0.2680
23 0.3645

Model for variable u
Estimated Mean 0.020558
Period(s) of Differencing 1

Moving Average Factors

Factor 1: 1 - 0.79142 B**(1)

0.013
0.027

-0.075

Approx
Lag

0.2997 0

0001 1

-0.163
-0.145

-0.013

0.114

0.164

Example 11.2. Seasonal Model for the Airline Series

The airline passenger data, given as Series G in Box and Jenkins (1976), has
been used in time series analysis literature as an example of a nonstationary sea-

sonal time series.

ARIMA(0,1,1)x(0,1,1) 5, to Box and Jenkins’ “Series G.”

This example uses PROC ARIMA to fit the Airline model,

The following statements read the data and log transform the series. The PROC
GPLOT step plots the series, as show®intput 11.2.1

449



Procedure Reference + The ARIMA Procedure

titlel ’'International Airline Passengers’;
titte2 '(Box and Jenkins Series-G)’;
data seriesg;

input x @@;

xlog = log( x );

date = intnx( 'month’, '31dec1948'd, n_ );

format date monyy.;

datalines;
112 118 132 129 121 135 148 148 136 119 104 118
115 126 141 135 125 149 170 170 158 133 114 140
145 150 178 163 172 178 199 199 184 162 146 166
171 180 193 181 183 218 230 242 209 191 172 194
196 196 236 235 229 243 264 272 237 211 180 201
204 188 235 227 234 264 302 293 259 229 203 229
242 233 267 269 270 315 364 347 312 274 237 278
284 277 317 313 318 374 413 405 355 306 271 306
315 301 356 348 355 422 465 467 404 347 305 336
340 318 362 348 363 435 491 505 404 359 310 337
360 342 406 396 420 472 548 559 463 407 362 405
417 391 419 461 472 535 622 606 508 461 390 432

symboll i=join v=dot;
proc gplot data=seriesg;

plot x * date = 1 / haxis= '1jan49'd to 'ljan61'd by year;
run;

Output 11.2.1.  Plot of Data

International Airline Passengers
(Box and Jenkins Series—G)
X

700

600 -

500 |

400

300 |

200 -

100
T T T T T T T T T T T T T
J J J J J J J J J J J J J
A A A A A A A A A A A A A
N N N N N N N N N N N N N
4 5 5 5 5 5 5 5 5 5 5 6 6
9 0 1 2 3 4 5 6 7 8 9 0 1

date

The following PROC ARIMA step fits an ARIMA(0,1,%)(0,1,1)» model without a
mean term to the logarithms of the airline passengers series. The model is forecast,
and the results stored in the data set B.

proc arima data=seriesg;

450



Examples

identify var=xlog(1,12) nlag=15;

run;
estimate q=(1)(12) noconstant method=uls;

run;

forecast out=b lead=24 id=date interval=month noprint;

quit;

The printed output from the IDENTIFY statement is showrCintput 11.2.2 The
autocorrelation plots shown are for the twice differenced séties B)(1 — B'?)X.

Note that the autocorrelation functions have the pattern characteristic of a first-order
moving average process combined with a seasonal moving average process with lag
12.

Output 11.2.2. IDENTIFY Statement Output

The ARIMA Procedure

Name of Variable = xlog

Period(s) of Differencing 1,12
Mean of Working Series 0.000291
Standard Deviation 0.045673
Number of Observations 131
Observation(s) eliminated by differencing 13

Autocorrelations

Lag Covariance Correlation -198765432101234567891

o 00020860 100000 | |********************|

1 -0.0007116 34112 | weeek| |

2 0.00021913 0.10505 | L [
3 -0.0004217 -20214 | ook [
4 0.00004456 0.02136 | A [
5  0.00011610 0.05565 | o |
6  0.00006426 0.03080 | N |
7 -0.0001159 -05558 | oM [
8 -1.5867E-6 -00076 | A |
9  0.00036791 0.17637 | R |
10  -0.0001593 -07636 | e |
11 0.00013431 0.06438 | D |
12 -0.0008065 -38661 | s I |
13 0.00031624 0.15160 | L |
14 -0.0001202 -05761 | A [
15  0.00031200 0.14957 | N |

" marks two standard errors
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Output 11.2.2.

The ARIMA Procedure

(continued)

Lag

O©CoO~NOULWNPE

Lag

©CoOoO~NOOr~WNPE

el el
WNBEPO

14

=
(&)1

Correlation

0.41027
0.12711
0.10189
0.01978
-0.10310
-0.11886
-0.04088
-0.05086
-0.06022
0.06460
0.19907
0.31709
0.12434
0.06583
0.01515

Correlation

-0.34112
-0.01281
-0.19266
-0.12503
0.03309
0.03468
-0.06019
-0.02022
0.22558
0.04307
0.04659
-0.33869
-0.10918
-0.07684
-0.02175

The ARIMA Procedure
Inverse Autocorrelations

-198765432101234567891

| Fkkkkkkk |
| *kk |

I

| .

I oo I
I

I

| .

I S I
| .

I

[ I

. I
(. I

|
I
| . |****** |
I
I
I

Partial Autocorrelations

-198765432101234567891

I *******l . |
| Sl |
I ****I . |
| ***l . |
| _ |
| N |
! . |
| S

| ) |***** |
| . |
| . |

| *******l . I

I o I
| S I |
I N I

Output 11.2.2.

(continued)

The

ARIMA Procedure

Autocorrelation Check for White Noise

To Chi- Pr >

Lag Square DF  ChiSq --------------- Autocorrelations---------------

6 23.27 6 0.0007 -0.341 0.105 -0.202 0.021 0.056 0.031
12 51.47 12 <.0001 -0.056 -0.001 0.176 -0.076 0.064 -0.387

The results of the ESTIMATE statement are show®intput 11.2.3
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Output 11.2.3. ESTIMATE Statement Output

The ARIMA Procedure

Unconditional Least Squares Estimation

Standard Approx

Parameter Estimate Error t Value Pr > |t Lag
MA1,1 0.39594 0.08149 4.86 <.0001 1
MA2,1 0.61331 0.07961 7.70 <.0001 12

Variance Estimate 0.001363

Std Error Estimate 0.036921

AlC -484.755

SBC -479.005

Number of Residuals 131

Correlations of Parameter

Estimates
Parameter MA1,1 MA2,1
MA1,1 1.000 -0.055
MA2,1 -0.055 1.000

Autocorrelation Check of Residuals

To Chi- Pr >
Lag Square  DF  ChiSq --------------- Autocorrelations---------------

6 5.56 4 0.2349 0.022 0.024 -0.125 -0.129 0.057 0.065
12 849 10 05816 -0.065 -0.042 0.102 -0.060 0.023 0.007
18 13.23 16 0.6560 0.022 0.039 0.045 -0.162 0.035 0.001
24 2499 22 0.2978 -0.106 -0.104 -0.037 -0.027 0.219 0.040

Model for variable xlog

Period(s) of Differencing 1,12

Moving Average Factors

Factor 1: 1 - 0.39594 B**(1)
Factor 2: 1 - 0.61331 B*(12)

The following statements retransform the forecast values to get forecasts in the orig-
inal scales. See the sectitiorecasting Log Transformed Datah page 429 for
more information.

data c;
set b;
X = exp( xlog );
forecast = exp( forecast + std*std/2 );
195 = exp( 195 );
u9s = exp( u9s );
run;
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The forecasts and their confidence limits are plotted using the following PROC
GPLOT step. The plot is shown f@utput 11.2.4

symboll i=none v=star;
symbol2 i=join v=circle;
symbol3 i=join v=none I[=3;
proc gplot data=c;
where date >= ’'ljan58'd;
plot x * date = 1 forecast * date = 2
195 * date = 3 u95 * date = 3 /
overlay haxis= 'ljan58'd to 'ljan62'd by year;
run;

Output 11.2.4.  Plot of the Forecast for the Original Series

International Airline Passengers
(Box and Jenkins Series—G)

JANS8 JAN5S9 JANGO JANG1 JANG2

Example 11.3. Model for Series J Data from Box and Jenkins

This example uses the Series J data from Box and Jenkins (1976). First the input
series X, is modeled with a univariate ARMA model. Next, the dependent seYjes,

is cross correlated with the input series. Since a model has beerXfibtuth Y and

X are prewhitened by this model before the sample cross correlations are computed.
Next, a transfer function model is fit with no structure on the noise term. The residuals
from this model are identified by means of the PLOT option; then, the full model,
transfer function and noise is fit to the data.

The following statements read Input Gas Rate and Output f@in a gas furnace.
(Data values are not shown. See “Series J” in Box and Jenkins (1976) for the values.)

titlel 'Gas Furnace Data’;
titte2 '(Box and Jenkins, Series J)’;
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data seriesj;
input x y @@;
label x = ’'Input Gas Rate’
y = 'Output CO2’;
datalines;

The following statements produ€autput 11.3.XhroughOutput 11.3.5

proc arima data=seriesj;

[*--- Look at the input process ------------------- */
identify var=x nlag=10;

run;

[*--- Fit a model for the input --------------m---- *
estimate p=3;

run;

[*--- Crosscorrelation of prewhitened series ------ */
identify var=y crosscorr=(x) nlag=10;

run;

[*--- Fit transfer function - look at residuals ---*/
estimate input=( 3 $ (1,2)/(1,2) x ) plot;

run;
[*--- Estimate full model */
estimate p=2 input=( 3 $ (1,2)/(1) x );
run;

quit;

The results of the first IDENTIFY statement for the input series X are shown in
Output 11.3.1
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Output 11.3.1.

+ The ARIMA Procedure

IDENTIFY Statement Results for X

Gas Furnace Data
(Box and Jenkins, Series J)

The ARIMA Procedure

Name of Variable = x

Mean of Working Series -0.05683
Standard Deviation 1.070952
Number of Observations 296

Autocorrelations

Lag Covariance Correlation -198765432101234567891
0 1.146938 1.00000 | [kt |
1 1092430 095247 | |******************* |
2 0.956652 0.83409 | [kt [
3 0.782051 0.68186 | [ [
4 0.609291 0.53123 I |*********** |
5 0.467380 0.40750 | [erstion |
6 0.364957 0.31820 | [frn |
7 0.298427 0.26019 | [, |
8 0.260943 0.22751 | [xr |
9 0.244378 0.21307 | [Frex |
10 0.238942 0.20833 | [frex [
" marks two standard errors
Inverse Autocorrelations
Lag Correlation -198765432101234567891
1 -0.71090 | **************l . |
2 0.26217 | L[ |
3 -0.13005 | R |
4 0.14777 | e |
5 -0.06803 | H . |
6 -0.01147 | . |
7 -0.01649 | ] |
8 0.06108 | I |
9 -0.04490 | A |
10 0.01100 [ . [
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Output 11.3.1.  (continued)

Examples

The ARIMA Procedure

Partial Autocorrelations

Lag Correlation -198765432101234567891
1 0.95247 | B
2 -0.78796 | FhkAFRTRAKATIIIK| |
3 033897 | . |******* I
4 0.12121 | P |
5 0.05896 | I |
6 011147 | o |
7 0.04862 | s |
8 0.09945 | e |
9 0.01587 | . |
10 -0.06973 | ' |

Autocorrelation Check for White Noise

To Chi- Pr >
Lag Square DF ChiSq  ---------m----- Autocorrelations---------------

6 786.35 6 <.0001 0.952 0.834  0.682 0.531 0.408 0.318

The ESTIMATE statement results for the AR(3) model for the input series X are

shown inOutput 11.3.2
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Procedure Reference

Output 11.3.2.

+ The ARIMA Procedure

Estimates of the AR(3) Model for X

The ARIMA Procedure
Conditional Least Squares Estimation
Standard Approx
Parameter Estimate Error t Value Pr > |t Lag
MU -0.12280 0.10902 -1.13 0.2609
AR1,1 1.97607 0.05499 35.94 <.0001
AR1,2 -1.37499 0.09967 -13.80 <.0001 2
AR1,3 0.34336 0.05502 6.24 <.0001
Constant Estimate -0.00682
Variance Estimate 0.035797
Std Error Estimate 0.1892
AIC -141.667
SBC -126.906
Number of Residuals 296
* AIC and SBC do not include log determinant.
Correlations of Parameter Estimates
Parameter MU AR1,1 AR1,2 AR1,3
MU 1.000 -0.017 0.014 -0.016
AR1,1 -0.017 1.000 -0.941 0.790
AR1,2 0.014 -0.941 1.000 -0.941
AR1,3 -0.016 0.790 -0.941 1.000
Autocorrelation Check of Residuals
To Chi- Pr >
Lag Square DF ChiSq  ---------m----- Autocorrelations---------------

6 10.30 3 0.0162 -0.042 0.068 0.056 -0.145 -0.009 0.059
12 19.89 9 0.0186 0.014 0.002 -0.055 0.035 0.143 -0.079
18 27.92 15 0.0221 0.099 0.043 -0.082 0.017 0.066 -0.052
24 31.05 21 0.0729 -0.078 0.024 0.015 0.030 0.045 0.004
30 3458 27 0.1499 -0.007 -0.004 0.073 -0.038 -0.062 0.003
36 38.84 33 0.2231 0.010 0.002 0.082 0.045 0.056 -0.023
42 4118 39 0.3753 0.002 0.033 -0.061 -0.003 -0.006 -0.043
48 4273 45 0.5687 0.018 0.051 -0.012 0.015 -0.027 0.020

The ARIMA Procedure
Both variables have been prewhitened by the following filter:
Prewhitening Filter
The ARIMA Procedure
* AIC and SBC do not include log determinant.
The ARIMA Procedure
* AIC and SBC do not include log determinant.
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Output 11.3.2.

(continued)

Examples

Factor 1:

Estimated Mean

Model for variable x

The ARIMA Procedure

-0.1228

Autoregressive Factors

1 - 1.97607 B**(1) + 1.37499 B**(2) - 0.34336 B**(3)

The IDENTIFY statement results for the dependent series Y cross correlated with the
input series X is shown i@utput 11.3.3Since a model has been fit to X, both Y and
X are prewhitened by this model before the sample cross correlations are computed.

Output 11.3.3.

IDENTIFY Statement for Y Cross Correlated with X

Lag

CQOWO~NOOD~WNE

[y

To

Correlation

0.97076
-0.80388
0.18833
0.25999
0.05949
-0.06258
-0.01435
0.05490
0.00545
0.03141

The ARIMA Procedure

Partial Autocorrelations

-198765432101234567891

Fhkkkkkkkkkkkkhk

|******************* |

. |****

|*****

[*.

Autocorrelation Check for White Noise

Chi-

Pr >

Lag Square DF ChiSq

6 1023.15 6 <.0001

0.971 0.896

0.793 0.680 0.574

0.485
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Procedure Reference + The ARIMA Procedure

Output 11.3.3.  (continued)

The ARIMA Procedure
Correlation of y and x
Number of Observations 296
Variance of transformed series y 0.131438
Variance of transformed series x 0.035357
Both series have been prewhitened.
Crosscorrelations
Lag Covariance Correlation -198765432101234567891
-10 0.0015683 0.02301 | .
-9 0.00013502 0.00198 | -
-8 -0.0060480 -.08872 | >
-7 -0.0017624 -.02585 | |
-6 -0.0080539 -.11814 | >
-5 -0.0000944 -.00138 | -
-4 -0.0012802 -.01878 | .
-3 -0.0031078 -.04559 | M|
-2 0.00065212 0.00957 | -
-1 -0.0019166 -.02811 | Bl
0 -0.0003673 -.00539 | -
1 0.0038939 0.05712 | L
2 -0.0016971 -.02489 | -
3 -0.019231 -.28210 | ek | |
4 -0.022479 -.32974 | kx| |
5 -0.030909 -.45341 | fskioiokokoi N |
6 -0.018122 -.26583 | ok |
7 -0.011426 -.16761 | il IO
8 -0.0017355 -.02546 | X
9 0.0022590 0.03314 | L
10 -0.0035152 -.05156 | i
"" marks two standard errors
Crosscorrelation Check Between Series
To Chi- Pr >
Lag Square DF  ChiSq --------------- Crosscorrelations--------------
5 117.75 6 <.0001 -0.005 0.057 -0.025 -0.282 -0.330 -0.453
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Output 11.3.3.  (continued)

Examples

The ARIMA Procedure

* AIC and SBC do not include log determinant.

The ARIMA Procedure
Both variables have been prewhitened by the following filter:

Prewhitening Filter

Autoregressive Factors

Factor 1: 1 - 1.97607 B**(1) + 1.37499 B**(2) - 0.34336 B**(3)

The ARIMA Procedure

* AIC and SBC do not include log determinant.

The ARIMA Procedure

* AIC and SBC do not include log determinant.

The ESTIMATE statement results for the transfer function model with no structure
on the noise term is shown @Qutput 11.3.4 The PLOT option prints the residual

autocorrelation functions from this model.
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Procedure Reference ¢

Output 11.3.4.

The ARIMA Procedure

Estimates of the Transfer Function Model

The ARIMA Procedure

* AIC and SBC do not include log determinant.

The ARIMA Procedure

Both variables have been prewhitened by the following filter:

Prewhitening Filter

The ARIMA Procedure

Conditional Least Squares Estimation

Standard Approx

Parameter Estimate Error t Value Pr > |t Lag Variable Shift
MU 53.32237 0.04932 1081.24 <.0001 0 vy 0
NUM1 -0.62868 0.25385 -2.48 0.0138 0 x 3
NUM1,1 0.47258 0.62253 0.76 0.4484 1 x 3
NUM1,2 0.73660 0.81006 0.91 0.3640 2 X 3
DEN1,1 0.15411 0.90483 0.17 0.8649 1 x 3
DEN1,2 0.27774 0.57345 0.48 0.6285 2 X 3

Constant Estimate 53.32237

Variance Estimate 0.704241

Std Error Estimate 0.839191

AIC 729.7249

SBC 751.7648

Number of Residuals 291

* AIC and SBC do not include log determinant.
Correlations of Parameter Estimates

Variable y X X X X X
Parameter MU NUM1 NUM1,1 NUM1,2 DEN1,1 DEN1,2
y MU 1.000 0.013 0.002 -0.002 0.004 -0.006
X NUM1 0.013 1.000 0.755 -0.447 0.089 -0.065
X NUM1,1 0.002 0.755 1.000 0.121 -0.538 0.565
X NUM1,2 -0.002 -0.447 0.121 1.000 -0.892 0.870
X DEN1,1 0.004 0.089 -0.538 -0.892 1.000 -0.998
X DEN1,2 -0.006 -0.065 0.565 0.870 -0.998 1.000

The ARIMA Procedure

* AIC and SBC do not include log determinant.
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Output 11.3.4.

(continued)

Examples

To Chi-
Lag Square
6 496.45
12 498.58
18 539.38
24 561.87
30 585.90
36 592.42
42 593.44
48 601.94

The ARIMA Procedure

Autocorrelation Check of Residuals

Pr >

DF ChiSq  ---------m----- Autocorrelations---------------

6 <0001 0893 0.711 0502 0.312 0.167 0.064
12 <.0001 -0.003 -0.040 -0.054 -0.040 -0.022 -0.021
18 <.0001 -0.045 -0.083 -0.131 -0.170 -0.196 -0.195
24 <0001 -0.163 -0.102 -0.026 0.047 0.106 0.142
30 <.0001 0.158 0.156 0.131 0.081 0.013 -0.037
36 <.0001 -0.048 -0.018 0.038 0.070 0.079 0.067
42 <0001 0.042 0.025 0.013 0.004 0.006 0.019
48 <.0001 0.043 0.068 0.084 0.082 0.061 0.023

Output 11.3.4.

(continued)

The ARIMA Procedure

Autocorrelation Plot of Residuals

Lag Covariance Correlation -198765432101234567891
O 0704241 100000 | |******~k~k**********~k~k|
1 0628846 089294 I |****************** |
2 0500490 071068 | |******~k*~k~k*~k** |
3 0.353404 0.50182 | ik |
4 0.219895 0.31224 | |prrrrk |
5 0.117330 0.16660 | | |
6 0.044967 0.06385 | |* |
7 -0.0023551 -.00334 | |
8 -0.028030 -.03980 | *| |
9 -0.037891 -.05380 | *| |
10 -0.028378 -.04030 | *| |
"" marks two standard errors
Inverse Autocorrelations
Lag Correlation -198765432101234567891

l _057346 | ***********l . |

2 0.02264 | . |

3 0.03631 | [*. |

4 0.03941 | - |

5 -0.01256 | . |

6 -0.01618 | . |

7 0.02680 | . |

8 -0.05895 | X |

9 0.07043 | . |

10 -0.02987 | X |
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Procedure Reference

Output 11.3.4.

.

The ARIMA Procedure

(continued)

The ARIMA Procedure
Partial Autocorrelations
Lag Correlation -198765432101234567891
1 089294 | . |****************** |
2 -0.42765 | *********l . |
3 -0.13463 | el IO |
4 0.02199 | - |
5 0.03891 | L |
6 -0.02219 | - |
7 -0.02249 | . |
8 0.01538 | - |
9 0.00634 | . |
10 0.07737 | o |
Crosscorrelation Check of Residuals with Input x
To Chi- Pr >
Lag Square DF  ChiSq --------------- Crosscorrelations--------------
5 0.48 2 0.7855 -0.009 -0.005 0.026 0.013 -0.017 -0.022
11 0.93 8 0.9986 -0.006 0.008 0.022 0.023 -0.017 -0.013
17 263 14 0.999%6 0.012 0.035 0.037 0.039 -0.005 -0.040
23 19.19 20 0.5092 -0.076 -0.108 -0.122 -0.122 -0.094 -0.041
29 20.12 26 0.7857 -0.039 -0.013 0.010 -0.020 -0.031 -0.005
35 2422 32 0.8363 -0.022 -0.031 -0.074 -0.036 0.014 0.076
41 30.66 38 0.7953 0.108 0.091 0.046 0.018 0.003 0.009
a7 31.65 44 0.9180 0.008 -0.011 -0.040 -0.030 -0.002 0.028
Model for variable y
Estimated Intercept 53.32237
Input Number 1
Input Variable X
Shift 3
Numerator Factors
Factor 1: -0.6287 - 0.47258 B**(1) - 0.7366 B**(2)
Denominator Factors
Factor 1: 1 - 0.15411 B**(1) - 0.27774 B**(2)

The ESTIMATE statement results for the final transfer function model with AR(2)
noise are shown i@utput 11.3.5
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Output 11.3.5.

Estimates of the Final Model

Examples

Parameter

MU
AR1,1
AR1,2
NUM1
NUM1,1
NUM1,2
DEN1,1

The ARIMA Procedure

Conditional Least Squares Estimation

Standard Approx
Estimate Error t Value Pr > [t Lag Variable Shift
53.26307 0.11926  446.63 <.0001 0 vy
1.53292 0.04754 32.25 <.0001 1 vy
-0.63297 0.05006 -12.64 <.0001 2y
-0.53522 0.07482 -7.15 <.0001 0 x
0.37602 0.10287 3.66 0.0003 1 x
0.51894 0.10783 4.81 <.0001 2 X
0.54842 0.03822 14.35 <.0001 1 x
Constant Estimate 5.329371
Variance Estimate 0.058828
Std Error Estimate 0.242544
AlC 8.292811
SBC 34.00607
Number of Residuals 291
* AIC and SBC do not include log determinant.
Correlations of Parameter Estimates
Variable y y y X
Parameter MU AR1,1 AR1,2 NUM1
y MU 1.000 -0.063 0.047 -0.008
y AR1,1 -0.063 1.000 -0.927 -0.003
y AR1,2 0.047 -0.927 1.000 0.023
X NUM1 -0.008 -0.003 0.023 1.000
X NUM1,1 -0.016 0.007 -0.005 0.713
X NUM1,2 0.017 -0.002 0.005 -0.178
X DEN1,1 -0.049 0.015 -0.022 -0.013
Correlations of Parameter Estimates
Variable X X X
Parameter NUM1,1 NUM1,2 DEN1,1
y MU -0.016 0.017 -0.049
y AR1,1 0.007 -0.002 0.015
y AR1,2 -0.005 0.005 -0.022
X NUM1 0.713 -0.178 -0.013
X NUM1,1 1.000 -0.467 -0.039
X NUM1,2 -0.467 1.000 -0.720
X DEN1,1 -0.039 -0.720 1.000

o

W ww
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Procedure Reference + The ARIMA Procedure

Output 11.3.5.  (continued)

The ARIMA Procedure

Autocorrelation Check of Residuals

To Chi- Pr >
Lag Square DF  ChiSq -------------- Autocorrelations---------------

6 8.61 4 0.0717 0.024 0.055 -0.073 -0.054 -0.054 0.119
12 1543 10 0.1172 0.032 0.028 -0.081 0.047 0.022 0.107
18 21.13 16 0.1734 -0.038 0.052 -0.093 -0.013 -0.073 -0.005
24 27.52 22 0.1922 -0.118 -0.002 -0.007 0.076 0.024 -0.004
30 36.94 28 0.1202 0.034 -0.021 0.020 0.094 -0.118 0.065
36 4426 34 0.1119 -0.025 -0.057 0.113 0.022 0.030 0.065
42 45.62 40 0.2500 -0.017 -0.036 -0.029 -0.013 -0.033 0.017
48 48.60 46 0.3689 0.024 0.069 0.024 0.017 0.022 -0.044

Crosscorrelation Check of Residuals with Input x

To Chi- Pr >
Lag Square DF  ChiSq --------------- Crosscorrelations--------------

5 0.93 3 08191 0.008 0.004 0.010 0.008 -0.045 0.030
11 6.60 9 0.6784 0.075 -0.024 -0.019 -0.026 -0.111  0.013
17 1386 15 0.5365 0.050 0.043 0.014 0.014 -0.141 -0.028
23 1855 21 0.6142 -0.074 -0.078 0.023 -0.016 0.021 0.060
29 2799 27 0.4113 -0.071 -0.001 0.038 -0.156 0.031  0.035
35 3518 33 0.3654 -0.014 0.015 -0.039 0.028 0.046 0.142
41 3715 39 05544 0.031 -0.029 -0.070 -0.006 0.012 -0.004
47 42.42 45 05818 0.036 -0.038 -0.053 0.107 0.029 0.021

Output 11.3.5.  (continued)

The ARIMA Procedure
Model for variable y

Estimated Intercept 53.26307

Autoregressive Factors

Factor 1: 1 - 1.53292 B**(1) + 0.63297 B**(2)

Input Number 1
Input Variable X
Shift 3

Numerator Factors

Factor 1: -0.5352 - 0.37602 B**(1) - 0.51894 B**(2)

Denominator Factors

Factor 1: 1 - 0.54842 B**(1)
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Examples

Example 11.4. An Intervention Model for Ozone Data

This example fits an intervention model to ozone data as suggested by Box and Tiao
(1975). Notice that since the response variable, OZONE, is differenced, the innova-
tion, X1, must also be differenced to generate a step function change in the response.
If X1 had not been differenced, the change in the response caused by X1 would be
a (seasonal) ramp and not a step function. Notice that the final model for the differ-
enced data is a multiple regression model with a moving-average structure assumed
for the residuals.

The model is fit by maximum likelihood. The seasonal moving-average parameter
and its standard error are fairly sensitive to which method is chosen to fit the model,
in agreement with the observations of Davidson (1981) and Ansley and Newbold
(1980); thus, fitting the model by the unconditional or conditional least squares meth-
ods produce somewhat different estimates for these parameters.

Some missing values are appended to the end of the input data to generate additional
values for the independent variables. Since the independent variables are not mod-
eled, values for them must be available for any times at which predicted values are
desired. In this case, predicted values are requested for 12 periods beyond the end of
the data. Thus, values for X1, WINTER, and SUMMER must be given for 12 periods
ahead.

The following statements read in the data and compute dummy variables for use as
intervention inputs:

titlel ’Intervention Data for Ozone Concentration’;
titte2 '(Box and Tiao, JASA 1975 P.70);

data air;
input ozone @@;
label ozone = 'Ozone Concentration’
x1 = ’Intervention for post 1960 period’
summer = 'Summer Months Intervention’

winter = 'Winter Months Intervention’;

date = intnx( 'month’, '31dec1954'd, _n_ );

format date monyy.;

month = month( date );

year = year( date );

x1 = year >= 1960;

summer = ( 5 < month < 11 ) * ( year > 1965 );

winter = ( year > 1965 ) - summer;
datalines;
27 20 36 50 65 61 59 50 64 74 82 39
41 45 55 38 48 56 63 59 87 53 57 57
30 34 49 45 40 57 63 7.1 80 52 50 47
37 31 25 40 41 46 44 42 51 46 44 40
29 24 47 51 40 75 77 63 53 57 48 27
17 20 34 40 43 50 55 50 54 38 24 20
22 25 26 33 29 43 42 42 39 39 25 22
24 19 21 45 33 34 41 57 48 50 28 29
17 32 27 30 34 38 50 48 49 35 25 24
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Procedure Reference + The ARIMA Procedure

16 23 25 31 35 45 57 50 46 48 21 14
21 29 27 42 39 41 46 58 44 6.1 35 19
18 19 37 44 38 56 57 51 56 48 25 15
18 25 26 18 37 37 49 51 37 54 30 18
21 26 28 32 35 35 49 42 47 37 32 138
20 17 28 32 44 34 39 55 38 32 23 22
13 23 27 33 37 30 38 47 46 29 17 13
1.8 20 22 30 24 35 35 33 27 25 16 1.2
15 20 31 30 35 34 40 38 31 21 16 13

The following statements produ€autput 11.4.JandOutput 11.4.2

proc arima data=air;

/*--- ldentify and seasonally difference ozone series ---*/
identify var=ozone(12) crosscorr=( x1(12) summer winter ) noprint;

[*--- Fit a multiple regression with a seasonal MA model ---*/
[*--- by the maximum likelihood method ---*/
estimate g=(1)(12) input=( x1 summer winter )

noconstant method=ml itprint;

[*--- Forecast ---*/
forecast lead=12 id=date interval=month;

run;

The ESTIMATE statement results are showrOntput 11.4.1

Output 11.4.1. Parameter Estimates

Intervention Data for Ozone Concentration
(Box and Tiao, JASA 1975 P.70)

The ARIMA Procedure

Initial Moving Average
Estimates

Estimate
1 -0.29241
Initial Moving Average
Estimates
Estimate

12 0.40740

White Noise Variance Est 0.944969
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Output 11.4.1. (continued)

Examples

The ARIMA Procedure

Conditional Least Squares Estimation

Iteration SSE MA1,1 MA2,1 NUM1 NUM2 NUM3 Lambda
0 154.53 -0.29241  0.40740 -1.13490 -0.11731  0.05581 0.00001
1 146.20 -0.29256 0.59844 -1.20292 -0.29784 -0.11572 1E-6
2 145.88 -0.30071  0.59239 -1.26173 -0.26252 -0.08247 1E-7
3 145.88 -0.29976 0.59242 -1.26246 -0.26150 -0.08197 1E-8
4 145.88 -0.29983  0.59234 -1.26243 -0.26154 -0.08196 1E-9
Conditional Least
Squares Estimation
Iteration R Crit
0 1
1 0.230552
2 0.046601
3 0.001345
4 0.000125
Maximum Likelihood Estimation
Iter Loglike MA1,1 MA2,1 NUM1 NUM2 NUM3 Lambda R Crit
0 -249.07778 -0.29983 0.59234 -1.26243 -0.26154 -0.08196 0.00001 1

1 -245.89135 -0.26830
2 -245.88484 -0.26653
3 -245.88482 -0.26689
4 -245.88481 -0.26684

0.76634 -1.34490 -0.23984 -0.07578
0.76623 -1.33046 -0.23939 -0.08025
0.76661 -1.33070 -0.23936 -0.08020
0.76665 -1.33062 -0.23936 -0.08021

1E-6 0.169445
1E-7 0.008044
1E-8 0.000603
1E-9 0.000073

ARIMA Estimation Optimization Summary

Estimation Method

Parameters Estimated

Termination Criteria

Iteration Stopping Value

Criteria Value

Alternate Criteria

Alternate Criteria Value

Maximum Absolute Value of Gradient
R-Square Change from Last lteration
Objective Function

Objective Function Value

Marquardt's Lambda Coefficient
Numerical Derivative Perturbation Delta
Iterations

Maximum Likelihood

Maximum Relative Change in Estimates

Relative Change in Objective Function

1.247E-8
0.00712
0.000073
Log Gaussian Likelihood
-245.885

0.001

0.001
0.000195

1E-9
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Procedure Reference + The ARIMA Procedure

Output 11.4.1. (continued)

The ARIMA Procedure

Maximum Likelihood Estimation

Standard Approx
Parameter Estimate Error t Value Pr > |t Lag Variable Shift
MA1,1 -0.26684 0.06710 -3.98 <.0001 1 ozone 0
MA2,1 0.76665 0.05973 12.83 <.0001 12 ozone 0
NUM1 -1.33062 0.19236 -6.92 <.0001 0 xi1 0
NUM2 -0.23936 0.05952 -4.02 <.0001 0 summer 0
NUM3 -0.08021 0.04978 -1.61 0.1071 0 winter 0
Variance Estimate 0.634506
Std Error Estimate 0.796559
AlC 501.7696
SBC 518.3602
Number of Residuals 204
Correlations of Parameter Estimates
Variable ozone ozone x1 summer winter
Parameter MA1,1 MA2,1 NUM1 NUM2 NUM3
ozone MA1,1 1.000 0.090 -0.039 0.062 -0.034
ozone MA2,1 0.090 1.000 -0.169 0.211 0.022
x1 NUM1 -0.039 -0.169 1.000 -0.124 -0.107
summer NUM2 0.062 0.211 -0.124 1.000 0.097
winter NUM3 -0.034 0.022 -0.107 0.097 1.000

Autocorrelation Check of Residuals

To Chi- Pr >
Lag Square DF  ChiSq --------------- Autocorrelations---------------

6 7.47 4 01132 0.017 0.054 0.043 0.101 -0.022 0.140
12 10.21 10 0.4220 -0.024 -0.059 -0.047 0.014 0.032 0.072
18 1453 16 05593 0.054 0.006 -0.110 0.028 -0.042 0.043
24 19.99 22 05834 0.003 -0.074 -0.074 0.098 -0.038 0.043
30 27.00 28 0.5180 -0.072 -0.035 0.023 -0.028 -0.107  0.100
36 3265 34 05336 0.022 -0.099 -0.006 0.087 -0.046 0.053
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Output 11.4.1.

(continued)

Examples

The ARIMA Procedure
Model for variable ozone
Period(s) of Differencing 12
Moving Average Factors
Factor 1: 1 + 0.26684 B**(1)

Factor 2: 1 - 0.76665 B**(12)

Input Number 1

Input Variable x1

Period(s) of Differencing 12

Overall Regression Factor -1.33062
Input Number 2

Input Variable summer

Overall Regression Factor -0.23936
Input Number 3

Input Variable winter

Overall Regression Factor -0.08021

The FORECAST statement results are show®uiput 11.4.2

Output 11.4.2.

Forecasts

Obs

217
218
219
220
221
222
223
224
225
226
227
228

The ARIMA Procedure

Forecasts for variable ozone

Forecast Std Error
1.4205 0.7966 -0.1407
1.8446 0.8244 0.2287
2.4567 0.8244 0.8408
2.8590 0.8244 1.2431
3.1501 0.8244 1.5342
2.7211 0.8244 1.1053
3.3147 0.8244 1.6989
3.4787 0.8244 1.8629
2.9405 0.8244 1.3247
2.3587 0.8244 0.7429
1.8588 0.8244 0.2429
1.2898 0.8244 -0.3260

95% Confidence Limits

2.9817
3.4604
4.0725
4.4748
4.7659
4.3370
4.9306
5.0946
4.5564
3.9746
3.4746

2.9057

Example 11.5. Using Diagnostics to Identify ARIMA models

Fitting ARIMA models is as much an art as it is a science. The ARIMA procedure
has diagnostic options to help tentatively identify the orders of both stationary and
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Procedure Reference + The ARIMA Procedure

nonstationary ARIMA processes.

Consider the Series A in Box et al. (1994), which consists of 197 concentration read-
ings taken every two hours from a chemical process. Let Series A be a data set
containing these readings in a variable named X. The following SAS statements use
the SCAN option of the IDENTIFY statement to gener@gtput 11.5.landOutput

11.5.2 See'The SCAN Method"for details of the SCAN method.

proc arima data=SeriesA;
identify var=x scan;

run;

Output 11.5.1.

Example of SCAN Tables

AR
AR
AR
AR
AR

Lags

abhwNREO

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure
Squared Canonical Correlation Estimates
MA O MA 1 MA 2 MA 3

0.3263 0.2479 0.1654 0.1387 0.1183
0.0643 0.0012 0.0028 <.0001 0.0051
0.0061 0.0027 0.0021 0.0011 0.0017
0.0072 <.0001 0.0007 0.0005 0.0019
0.0049 0.0010 0.0014 0.0014 0.0039
0.0202 0.0009 0.0016 <.0001 0.0126

SCAN Chi-Square[1] Probability Values
MA 0 MA 1 MA 2 MA 3

<.0001 <.0001 <.0001 0.0007 0.0037
0.0003 0.6649 0.5194 0.9235 0.3993
0.2754 0.5106 0.5860 0.7346 0.6782
0.2349 0.9812 0.7667 0.7861 0.6810
0.3297 0.7154 0.7113 0.6995 0.5807
0.0477 0.7254 0.6652 0.9576 0.2660

MA 4

0.1417
0.0002
0.0079
0.0021
0.0145
0.0001

MA 4

0.0024
0.8528
0.2766
0.6546
0.2205
0.9168

MA 5

MA 5

In Output 11.5.1 there is one (maximal) rectangular region in which all the ele-
ments are insignificant with 95% confidence. This region has a vertex at (1,1).
Output 11.5.2gives recommendations based on the significance level specified by

the ALPHA=sigleveloption.
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Output 11.5.2. Example of SCAN Option Tentative Order Selection

The ARIMA Procedure

ARMA(p+d,q)
Tentative
Order
Selection
Tests

----SCAN---
p+d q

1 1

(5% Significance Level)

Another order identification diagnostic is the extended sample autocorrelation func-
tion or ESACF method. Seéd@he ESACF Methodfor details of the ESACF method.

The following statements generadeitput 11.5.3andOutput 11.5.4

proc arima data=SeriesA;
identify var=x esacf;
run;

Output 11.5.3. Example of ESACF Tables

The ARIMA Procedure
Extended Sample Autocorrelation Function
Lags MA 0 MA 1 MA 2 MA 3 MA 4 MA 5

0 0.5702 0.4951 0.3980 0.3557 0.3269 0.3498

1 -0.3907 0.0425  -0.0605 -0.0083 -0.0651  -0.0127

2 -0.2859 -0.2699  -0.0449 0.0089  -0.0509  -0.0140
AR 3  -0.5030 -0.0106 0.0946  -0.0137 -0.0148  -0.0302

4  -0.4785 -0.0176 0.0827  -0.0244  -0.0149 -0.0421

5 -0.3878 -0.4101 -0.1651 0.0103  -0.1741  -0.0231

ESACF Probability Values

Lags MA 0 MA 1 MA 2 MA 3 MA 4 MA 5
AR O <.0001 <.0001 0.0001 0.0014 0.0053 0.0041
AR 1 <.0001 0.5974 0.4622 0.9198 0.4292 0.8768
AR 2 <.0001 0.0002 0.6106 0.9182 0.5683 0.8592
AR 3 <.0001 0.9022 0.2400 0.8713 0.8930 0.7372
AR 4 <.0001 0.8380 0.3180 0.7737 0.8913 0.6213
AR 5 <.0001 <.0001 0.0765 0.9142 0.1038 0.8103

In Output 11.5.3there are three right-triangular regions in which all elements are in-
significant at the 5% level. The triangles have vertices (1,1), (3,1), and (4,1). Since the
triangle at (1,1) covers more insignificant terms, it is recommended first. Similarly,
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the remaining recommendations are ordered by the number of insignificant terms
contained in the triangleDutput 11.5.4gives recommendations based on the signifi-
cance level specified by the ALPHA#gleveloption.

Output 11.5.4. Example of ESACF Option Tentative Order Selection

The ARIMA Procedure
ARMA(p+d,q)
Tentative

Order
Selection
Tests
---ESACF---
p+d q
1 1
3 1
4 1
(5% Significance Level)

If you also specify the SCAN option in the same IDENTIFY statement, the two rec-
ommendations are printed side by side.

proc arima data=SeriesA;
identify var=x scan esacf;
run;

Output 11.5.5. Example of SCAN and ESACF Option Combined

The ARIMA Procedure

ARMA(p+d,q) Tentative
Order Selection Tests

~-SCAN--  --ESACF--
p+d q pd q
1 1 1 1

3 1

4 1

(5% Significance Level)

From above, the autoregressive and moving average orders are tentatively identified
by both SCAN and ESACF tables to be € d, ¢)=(1,1). Because both the SCAN

and ESACF indicate a + d term of 1, a unit root test should be used to determine
whether this autoregressive term is a unit root. Since a moving average term appears
to be present, a large autoregressive term is appropriate for the Augmented Dickey-
Fuller test for a unit root.
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Submitting the following code generat@sitput 11.5.6

proc arima data=SeriesA;
identify var=x stationarity=(adf=(5,6,7,8));
run;

Output 11.5.6. Example of STATIONARITY Option Output

The ARIMA Procedure
Augmented Dickey-Fuller Unit Root Tests
Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F
Zero Mean 5 0.0403 0.6913 0.42 0.8024
6 0.0479 0.6931 0.63 0.8508
7 0.0376 0.6907 0.49 0.8200
8 0.0354 0.6901 0.48 0.8175
Single Mean 5 -18.4550 0.0150 -2.67 0.0821 3.67 0.1367
6  -10.8939 0.1043 -2.02 0.2767 227 0.4931
7  -10.9224 0.1035 -1.93 0.3172 2.00 0.5605
8  -10.2992 0.1208 -1.83 0.3650 181 0.6108
Trend 5  -18.4360 0.0871 -2.66 0.2561 3,54 0.4703
6  -10.8436 0.3710 -2.01 0.5939 2.04 0.7694
7 -10.7427 0.3773 -1.90 0.6519 191 0.7956
8  -10.0370 0.4236 -1.79 0.7081 1.74 0.8293

The preceding test results show that a unit root is very likely and that the series should
be differenced. Based on this test and the previous results, an ARIMA(0,1,1) would
be a good choice for a tentative model for Series A.

Using the recommendation that the series be differenced, the following statements
generatutput 11.5.7

proc arima data=SeriesA;
identify var=x(1) minic;
run;

Output 11.5.7. Example of MINIC Table

The ARIMA Procedure

Minimum Information Criterion

Lags MA 0 MA 1 MA 2 MA 3 MA 4 MA 5
AR 0 -2.05761 -2.3497 -2.32358 -2.31298 -2.30967 -2.28528
AR 1 -2.23291 -2.32345 -2.29665 -2.28644 -2.28356 -2.26011
AR 2 -2.23947 -2.30313 -2.28084 -2.26065 -2.25685 -2.23458
AR 3 -2.25092 -2.28088 -2.25567 -2.23455 -2.22997 -2.20769
AR 4 -225934  -2.2778 -2.25363 -2.22983 -2.20312 -2.19531
AR 5 -2.2751 -2.26805 -2.24249 -2.21789 -2.19667 -2.17426
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The error series is estimated using an AR(7) model, and the minimum of this MINIC
table isBIC(0,1). This diagnostic confirms the previous result indicating that an
ARIMA(0,1,1) is a tentative model for Series A.

If you also specify the SCAN or MINIC option in the same IDENTIFY statement, the
BIC associated with the SCAN table and ESACF table recommendations are listed.

proc arima data=SeriesA;
identify var=x(1) minic scan esacf;
run;

Output 11.5.8. Example of SCAN, ESACF, MINIC Options Combined

The ARIMA Procedure

ARMA(p+d,q) Tentative Order Selection Tests

SCAN ESACF
p+d q BIC  p+d q BIC
0 1 -2.3497 0 1 -2.3497
1 1 -2.32345

(5% Significance Level)

Example 11.6. Detection of Level Changes in the Nile River
Data

This example is discussed in de Jong and Penzer (1998). The data consist of readings
of the annual flow volume of the Nile River at Aswan from 1871 to 1970. These data
have also been studied by Cobb (1978). These studies indicate that levels in the years
1877 and 1913 are strong candidates for additive outliers, and that there was a shift
in the flow levels starting from the year 1899. This shift in 1899 is attributed partly

to the weather changes and partly to the start of construction work for a new dam at
Aswan.

data nile;

input level @@;

year = intnx( 'year, 'ljan1871'd, _n_-1 );

format year year4.;

datalines;
1120 1160 963 1210 1160 1160 813 1230 1370 1140
995 935 1110 994 1020 960 1180 799 958 1140
1100 1210 1150 1250 1260 1220 1030 1100 774 840
874 694 940 833 701 916 692 1020 1050 969
831 726 456 824 702 1120 1100 832 764 821
768 845 864 862 698 845 744 796 1040 759
781 865 845 944 984 897 822 1010 771 676
649 846 812 742 801 1040 860 874 848 890
744 749 838 1050 918 986 797 923 975 815
1020 906 901 1170 0912 746 919 718 714 740

1

run;
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You can start the modeling process with the ARIMA(O, 1, 1) model, an ARIMA
model close to the Structural model suggested in de Jong and Penzer (1998), and
examine the parameter estimates, the residual autocorrelations, and the outliers.

proc arima data=nile;
identify var= level(1) noprint;
estimate q = 1 noint method= ml plot;
outlier maxnum= 5 id=year,

run;

A portion of the estimation and the outlier detection output is showirnput
11.6.1

Output 11.6.1.  ARIMA(O, 1, 1) Model

The ARIMA Procedure

Outlier Detection Summary

[&)]

Maximum number searched
Number found 5
Significance used 0.05

Outlier Details

Approx
Chi- Prob>
Obs Time ID Type Estimate Square ChiSq
29 1899 Shift -315.75346 13.13 0.0003
43 1913 Additive -403.97105 11.83 0.0006
7 1877 Additive -335.49351 7.69 0.0055
94 1964 Additive 305.03568 6.16 0.0131
18 1888 Additive -287.81484 6.00 0.0143

Note that the first three outliers detected are indeed the ones discussed earlier. You
can include the shock signatures corresponding to these three outliers in the Nile data
set.

data nile;
set nile;
if year = '1jan1877'd then AO1877 = 1.0;
else AO1877 = 0.0;
if year = '1jan1913'd then AO1913 = 1.0;

else AO1913 = 0.0;
if year >= ’'1jan1899'd then LS1899 = 1.0;
else LS1899 = 0.0;

run;

Now you can refine the earlier model by including these outliers. After examining
the parameter estimates and residuals (not shown) of the ARIMA(O, 1, 1) model with
these regressors, the following stationary MA1 model (with regressors) appears to fit
the data well.
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proc arima data=nile;

identify var= level crosscorr= ( AO1877 A01913 LS1899 ) noprint;
estimate q = 1

input= (AO1877 AO01913 LS1899) method= ml plot;

outlier maxnum= 5 alpha= 0.01 id=year;
run;

The relevant outlier detection process output is show@uiput 11.6.2 No outliers,
at significance level 0.01, were detected.

Output 11.6.2. MAL Model with Outliers

The ARIMA Procedure
Outlier Detection Summary
Maximum number searched

Number found
Significance used 0.01

o u

Example 11.7. Iterative Outlier Detection

This example illustrates the iterative nature of the outlier detection process. This
is done using a simple test example where an additive outlier at observation num-
ber 50 and a level shift at observation number 100 are artificially introduced in the
International Airline Passenger data used in an earlier exampleE&esple 11.2

The following Data step shows the modifications introduced in the data set.

data airline;
set sashelp.air;
logair = log(air);
if _n_ = 50 then logair = logair - 0.25;
if _n_ >= 100 then logair = logair + 0.5;
run;

In Example 11.2he Airline model, ARIMA0, 1,1) x (0, 1,1)12, was seen to be a
good fit to the unmodified log-transformed airline passenger series. The preliminary

identification steps (not shown) again suggest the Airline model as a suitable initial
model for the modified data.

proc arima data=airline;
identify var=logair( 1, 12 ) noprint;
estimate q = (1)(12) noint method= ml;
outlier maxnum= 3 alpha= 0.01;

run;

A portion of the estimation and outlier detection output is show@urtput 11.7.1
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Output 11.7.1.  Initial Model

The ARIMA Procedure

Outlier Detection Summary

w

Maximum number searched
Number found 3
Significance used 0.01

Outlier Details

Approx
Chi- Prob>
Obs Type Estimate Square ChiSq
100 Shift 0.49325 199.36 <.0001
50 Additive -0.27508 104.78 <.0001
135 Additive -0.10488 13.08 0.0003

Clearly the level shift at observation number 100 and the additive outlier at observa-
tion number 50 are the dominant outliers. Moreover, the corresponding regression
coefficients seem to correctly estimate the size and sign of the change. You can aug-
ment the airline data with these two regressors.

data airline;
set airline;
if n_ = 50 then AO = 1,
else AO = 0.0;
if n_>= 100 then LS = 1;
else LS = 0.0;

run;

You can now refine the previous model by including these regressors. Note that the
differencing order of the dependent series is matched to the differencing orders of the
outlier regressors to get the correct “effective” outlier signatures.

proc arima data=airline;
identify var= logair(1, 12)
crosscorr= ( AO(1, 12) LS(1, 12) ) noprint;
estimate q = (1)(12) noint
input= (AO LS) method= ml plot;
outlier maxnum= 3 alpha= 0.01,;
run;

The estimation and outlier detection results are showditput 11.7.2

479



Procedure Reference

Output 11.7.2.

+ The ARIMA Procedure

Airline Model with Outliers

The ARIMA Procedure
Outlier Detection Summary
Maximum number searched 3
Number found 3
Significance used 0.01
Outlier Details
Approx
Chi- Prob>
Obs Type Estimate Square ChiSq
135 Additive -0.10310 12.63 0.0004
62 Additive -0.08872 12.33 0.0004
29 Additive 0.08686 11.66 0.0006

The output shows that a few outliers still remain to be accounted for and that the
model could be refined further.

Example 11.8. lllustration of ODS Graphics (Experimental)

This example illustrates the use of experimental ODS graphics. The graphical dis-
plays are requested by specifying the experimental ODS GRAPHICS statement. For
general information about ODS graphics, §deapter 9, “Statistical Graphics Using
ODS.” For specific information about the graphics available in the ARIMA proce-
dure, see theODS Graphics”section on page 443.

The following code shows how you can use the ODS GRAPHICS environment to get
useful plots for the Airline Passenger example discussed previouskeimple 11.2
Recall that when the ODS GRAPHICS environment is in effect, the printing options
in the IDENTIFY, ESTIMATE, and FORECAST statements control the plotting be-
havior. In addition, the PLOT option must be on in the ESTIMATE statement in order
to produce the residual correlation plots.

ods html;
ods graphics on;

proc arima data=seriesg;

identify var=xlog(1 12);

estimate q=(1)(12) noint plot;

forecast printall id=date interval=month;
run;

ods graphics off;
ods html close;

Output 11.8.throughOutput 11.8.4how a selection of the plots created.
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Output 11.8.1.

ACF Plot for xlog(1 12) (Experimental)

Series Autocorrelations

0.5+

-0.5 4

5 10 15 20 25
Lag

O Two Standard Errors

Output 11.8.2.

Residual Autocorrelations for xlog (Experimental)

Autocorrelation Plot of Residuals

0.5+

-0.5 4

5 10 15 20 25
Lag

O Two Standard Errors
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Output 11.8.3.  Residual Partial Autocorrelations for xlog (Experimental)

Partial Autocorrelation Plot of Residuals
1_
0.5
. _;-_I_l_l_._r-_l_'_'_—_._._l_._-—"_._-—L

-0.54

S T T T T T

il 5 10 15 20 25

Lag
O Two Standard Errors

Output 11.8.4.  Forecast Plot (Experimental)

Forecasts for variable xlog

Forecast

T T T T T T T T
Jan1850 Jan1852 Jan1954 Jan18956 Jan18958 Jan1960 Jan1962 Jan1964
date
Predicted 0O 95% Confidence Band — —— Start of multi-step forecasts

o Actual
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