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Overview

This chapter summarizes the new features available in SAS/ETS® 12.1 software.

If you have used SAS/ETS procedures in the past, you can review this chapter to learn about the new features
that have been added. When you see a new feature that might be useful for your work, turn to the appropriate
chapter to read about the feature in detail.

In previous years, SAS/ETS® software was updated only with new releases of Base SAS® software, but this
is no longer the case. This means that SAS/ETS software can be released to customers when enhancements
are ready, and the goal is to update SAS/ETS every 12 to 18 months. To mark this newfound independence,
the release numbering scheme for SAS/ETS is changing with this release. This new numbering scheme will
be maintained when new versions of Base SAS and SAS/ETS ship at the same time. For example, when
Base SAS 9.4 is released, SAS/ETS 13.1 will be released.
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Highlights of Changes and Enhancements

The following procedure and interface engine have been added to SAS/ETS software:

* TIMEDATA procedure

* SASEXFSD interface engine
New features have been added to the following SAS/ETS components:

* AUTOREG procedure

* COUNTREG procedure

* MODEL procedure

* PANEL procedure

* QLIM procedure

* SASECRSP interface engine
* SASEXCCM interface engine
* SEVERITY procedure

* SSM procedure

* TCOUNTREG procedure

* X12 procedure

Highlights of Enhancements in SAS/ETS 9.3

Users who are updating directly to SAS/ETS 12.1 from a release prior can find information about the
SAS/ETS 9.3 changes and enhancements in the chapter “What’s New in SAS/ETS” in the SAS/ETS 9.3
User’s Guide (see support.sas.com/whatsnewets93).

AUTOREG Procedure

The following features have been added to the AUTOREG procedure:


http://support.sas.com/whatsnewets93
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* The heteroscedasticity- and autocorrelation-consistent (HAC) covariance matrix estimator is sup-
ported, which consistently estimate the covariance matrix even when the heteroscedasticity and au-
tocorrelation structure might be unknown or misspecified. Five types of kernel functions—Bartlett,
Parzen, quadratic spectral, truncated, and Tukey-Hanning kernels—are supported. The bandwidth
parameter can be estimated using the Andrews (1991) method, the Newey and West (1994) method,
or a flexible equation based on sample size. The prewhitening feature and adjustment of degrees of
freedom are supported. The well-known Newey-West estimator is also supported.

* Multiple structural change tests proposed by Bai and Perron (1998) are supported. Specifically, these
are the test of no break versus a fixed number of breaks (supF test); the equal and unequal weighted
versions of double maximum tests of no break versus an unknown number of breaks given some
upper bound (UDmax F test and WDmaxF test); and the test of [ versus [ + 1 breaks (supFjiq;
test). The tests can be applied to both pure and partial structural change models. The p-value of each
test, based on the simulation of the limiting distribution, and the confidence intervals of parameter
estimators, including the break dates, are also provided. The constraints on the distribution of the
errors and regressors across segments can be imposed. For estimating the covariance matrix the HAC
estimator is supported.

* The Shin cointegration tests with p-values are supported.

* The p-values for the ERS optimal point unit root test, ERS DF-GLS unit root test, and KPSS unit root
test are provided.

* The status of ERS and Ng-Perron unit root tests changed from experimental to production.

COUNTREG Procedure

The following new features have been added to the COUNTREG procedure:

* A new variable selection method is provided. The greedy search method can be used with either
forward selection or backward elimination. In each step, the AIC or BIC criterion is evaluated, and
the selection continues until the selection criterion is met.

* Multiple MODEL statements are supported. This enables multiple count models to be fitted under
one PROC COUNTREG call.

MODEL Procedure

The following features have been added to the MODEL procedure:

* The OPTIMIZE option has been added to the SOLVE statement to permit the simulation of models
that include constraints on the solve variables in the model program’s system of equations. Upper
and lower bounds on the solve variables can be imposed by using the BOUNDS statement, and linear
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or nonlinear constraints on functions of the solve variables can be imposed by using the RESTRICT
statement. The OPTIMIZE option limits the solution space for simulations to the feasible region de-
fined by constraints. When no feasible solution exists for a problem, information about how the con-
straints were violated are included in the OUT= data set if the OUTOBJVALS or OUTVIOLATIONS
option is specified. The OPTIMIZE solution method computes constrained solutions by casting the
simulation problem into a nonlinear optimization problem then solving the optimization problem.

* Diagnostic reports that summarize the occurrence of missing values in both estimation(FIT) and sim-
ulation(SOLVE) steps have been added to the MODEL procedure. The new REPORTMISSINGS op-
tion generates tables that describe which variables in the model and which observations in the DATA=
data set contribute missing values within FIT, or SOLVE calculations. The REPORTMISSINGS op-
tion produces output that is easier to interpret when debugging model and data specification problems
than the ObsUsed table, which often lacks sufficient detail, or the PUT statement, which can produce
too much output. The amount of diagnostic information that the REPORTMISSINGS tables include
can be limited by using the MAXERRORS= option. The tables that the REPORTMISSINGS option
produces can also attribute missing quantities in the model program to missing values of independent
variables in the DATA= data set.

* The ANALYZEDEP= option has been added to the MODEL procedure to provide more information
on the nature of misspecification errors in simulations. When the system of equations specified in a
SOLVE step does not consistently determine the solve variables, the system is partitioned into those
equations that overdetermine, underdetermine, and consistently determine the solve variables. The
partitioning of equations and solve variables is performed by using a Dulmage-Mendelsohn (Dulmage
and Mendelsohn 1958) decomposition of the system, which is invariant to the order in which equations
and variables are specified. You can display the partitioning of the system graphically by using the
BLOCK plot option in the ANALYZEDEP= option.

* The BLOCK and DETAILS options for visualizing the dependency structure among equations and
variables within a model program have been improved. General form equations can now be analyzed
and incorporated in the dependency analysis. Also, you can produce a graphical representation of the
dependence of equations on solve variables by using the DETAILS option in the ANALYZEDEP=
option. The new dependency plot can display the relationship among many more equations and
variables than was previously possible by using the DepStructure table. You can also customize the
dependency plot to depict a subset of the equations and variables in the model by using the new
EQGROUP and VARGROUP statements.

* Three new copula options have been added to the MODEL procedure. Monte Carlo simulations can
now use the CLAYTON, GUMBEL, and FRANK Archimedean copulas to specify the correlation
structure among model equations in multivariate simulations.

PANEL Procedure

The following features have been added to the PANEL procedure:

* The panel unit root tests have been added to test the hypothesis of a unit root. Several different spec-
ifications including six groups of deterministic variables, lag specifications, and kernel and bandwith
specifications can be calculated for each test. The tests include the following:
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Breitung’s unbiased tests

Hadri’s stationarity test

Harris and Tzavalis test

Im, Pesaran, and Shin test
Levin, Lin, and Chu test

Maddala and Wu and Choi combination tests

* Poolability tests for panel data models including F test and LR tests

* The heteroscedasticity- and autocorrelation-consistent (HAC) covariance matrix estimator is sup-
ported, which consistently estimates the covariance matrix even when the heteroscedasticity and au-
tocorrelation structure might be unknown or misspecified. Five types of kernel functions—Bartlett,
Parzen, quadratic spectral, truncated, and Tukey-Hanning kernels—are supported. The bandwidth
parameter can be estimated with the Andrews method, Newey-West method, and sample size based
method, or a fixed value for the bandwidth can be provided. The prewhitening feature is also available
with the HAC option. The well-known Newey-West estimator is also supported.

QLIM Procedure

The following features have been added to the QLIM procedure:

* Bayesian Estimation Features. Most of the univariate models available in the QLIM procedure can be
estimated in a Bayesian framework with the BAYES statement. The main features are as follows:

possibility of choosing the prior distributions through the PRIOR statement

several tools to control and optimize the initialization and the tuning phase

multithreaded Metropolis sampling

convergence diagnostic tools: Raftery-Lewis, Heidelberger-Welch, Geweke, effective sample
size

— prior and posterior predictive analysis

* Heckman Selection Model — Two-Step Estimator. The QLIM procedure now supports Heckman’s
two-step estimation method, as an alternative to maximum likelihood estimation of selection mod-
els. The standard errors of the second-step OLS estimates are corrected for consistency by default.
However, if the uncorrected ones are requested for testing purposes, they are available with the UN-
CORRECTED option.

* A new variable selection method. The greedy search method can be used with either forward selec-
tion or backward elimination. In each step, the AIC or BIC criterion is evaluated, and the selection
continues until the selection criterion is met.

* ODS Graphics plots for Bayesian and frequentist estimation methods. For the frequentist framework,
the QLIM procedure can produce a graphical representation of the output that is produced with the
OUTPUT statement. For the Bayesian approach, the QLIM procedure can produce the plots of the
prior and the posterior predictive analysis.
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SASECRSP Interface Engine

The SASECRSP interface engine for SAS/ETS 12.1 now supports Linux X86(32-bit), Linux X64 (64-bit),
Solaris Sun Ultra Sparc, Solaris on Intel x86, and both 32-bit and 64-bit Windows.

SASEXFSD Interface Engine

The new SASEXFSD interface engine enables SAS users to access FactSet data that are provided by the
FactSet FASTFetch Web service. This service provides access to a number of data libraries from economic
and financial data sources such as Aspect Huntley Fundamentals, Compustat, Dun and Bradstreet Cor-
poration, FactSet, Ford Equity Research, Reuters, SEDAR, Toyo Keizai, Value Line, Worldscope, CEIC,
EuroStat, Global Insight, IMF International Financial Statistics, INDB Main Economic Indicators, Markit
Economics, OECD, ONS (UK Office for National Statistics), U.S. Consumer Confidence Survey, Thomson
Analytics Insider Trading, Trucost Environmental, SIC, and WM/Reuters.

SASEXCCM Interface Engine

The SASEXCCM interface engine is now production status for CCM, STK, and IND access. The TRS
access is not supported for this release. The SASEXCCM interface engine supports Linux X86 (LNX),
Linux X64 (LAX), Solaris X64 (SAX), Solaris SPARC (S64), and both 32-bit Windows (W32) and 64-bit
Windows (WX6).

SEVERITY Procedure

The following features and updates have been added to the SEVERITY procedure:

* Estimation algorithms have been modified to use multiple threads of execution in parallel, which
enables PROC SEVERITY to fully utilize all the CPU cores of the machine where it is being run to
complete the estimation tasks significantly faster.

* A new plot, the Q-Q plot, has been added. You can request this plot by specifying the
PLOTS=QQPLOT or PLOTS=ALL option in the PROC SEVERITY statement. For a distribution
named dist, the quantile for a given value of the cumulative distribution function (CDF) is computed
either by evaluating the dist_QUANTILE function, if it is defined for the distribution, or by inverting
the dist_CDF function of the distribution.

» Standard errors and confidence intervals are now available for the empirical distribution func-
tion (EDF) estimates. They are written to the OUTCDF= data set. If you specify the
PLOTS=CDFPERDIST option, then the lower and upper confidence limits of EDF estimates are
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plotted in the CDFDistPlot plots. You can specify the confidence level for the confidence interval by
specifying the new EDFALPHA= option in the PROC SEVERITY statement.

For standard EDF estimators (no censoring or truncation), the standard errors are computed using the
normal approximation. For Kaplan-Meier and modified Kaplan-Meier estimators (truncation with one
type of censoring), Greenwood’s formula is used. For Turnbull’s estimator (both types of censoring
with or without truncation), standard errors are computed from the estimate of the covariance matrix
that is computed by inverting the Hessian matrix of Turnbull’s nonparametric log-likelihood. If the
Hessian matrix is singular or results in missing values for the standard errors of any of the intervals,
then the normal approximation method is used.

If you specify the SCALEMODEL statement, then the scale of the distribution depends on the values
of regressors. For a given distribution family, each observation implies a different scaled version of the
distribution. PROC SEVERITY needs to construct a single representative distribution from all such
distributions in order to compute estimates of CDF and the probability density function (PDF) that are
comparable across different distribution families. Prior to this release, the representative distribution
was constructed as the weighted mixture of distributions implied by all observations. For that method,
estimation of CDF or PDF for one observation requires O(N) computations, where N denotes the
total number of observations. So estimation of CDF or PDF for all N observations requires O (N ?)
computations, which can dominate the runtime of PROC SEVERITY even for moderately large values
of N.

Starting with this release, you can specify the new DFMIXTURE= option in the SCALEMODEL
statement to choose one of four methods to construct the representative mixture distribution. The
prior method is used when you specify DFMIXTURE=FULL option. The default method is DFMIX-
TURE=MEAN, which uses a distribution with scale equal to the mean of N scale values. It is signif-
icantly faster than the FULL method. The other two methods construct a mixture of K distributions
each with one of K scale values, which are either the (K + 1)-quantiles from the sample of N scale
values (DFMIXTURE=QUANTILE) or the scale values implied by K randomly chosen observations
(DFMIXTURE=RANDOM). For K << N, the QUANTILE and RANDOM methods can be signifi-
cantly faster than the FULL method.

The DIST statement now supports two more keywords in addition to the _PREDEFINED_ keyword.
If you specify the _USER_ keyword, then PROC SEVERITY includes all the custom distributions
that you have defined in the libraries specified in the CMPLIB= system option. The _ALL_ keyword
includes all the predefined distributions and your custom distributions. It also includes the Tweedie
and scaled-Tweedie distributions that are not included by the _PREDEFINED _ keyword.

The DIST statement also has two new options, LISTONLY and VALIDATEONLY. The LISTONLY
option lists the names of the distributions that you have specified in the DIST statement and the dis-
tributions implied by any keywords that you specify. This option is especially useful in conjunction
with the keywords. The VALIDATEONLY option validates all the specified distributions and writes
the distribution’s information to the OUTMODELIFO= data set and a new ODS table, Distribution-
Info. This option is especially useful in conjunction with your custom distributions, because it enables
you to check whether the definitions of the functions and subroutines that make up your distribution
satisfy PROC SEVERITY s requirements.
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SSM Procedure (Experimental)

The following features have been added to the SSM procedure:
* A trend component that satisfies a two-factor (nonseasonal and seasonal) ARIMA(p,d,q)(P,D,Q)s
model can be specified.

* A state subsection that satisfies a first-order, vector ARMA model—VARMA(p,q) with 0 < p <1
and 0 < g < 1—can be specified.

* Diagnostic plots are available for residual analysis and structural break analysis.

» New printing options enable printing of series and component forecasts and smoothed estimates. In
addition, you can print estimated system matrices.

* A table that identifies extreme additive outliers is printed. Additionally, structural breaks that are
associated with state shocks can also be printed.

* A new option, MATCHPARM, in the TREND statement simplifies parameter specification when the
CROSS= option is specified.

* New options enable finer control over the nonlinear optimization of the likelihood in the parameter
estimation phase.

TCOUNTREG Procedure (Experimental)

The experimental TCOUNTREG procedure is a transitional version of the COUNTREG procedure. The
following features have been added to the TCOUNTREG procedure:

* ODS Graphics plots are provided. The TCOUNTREG procedure can produce plots of various impor-
tant predictive functions as well as model diagnostics.

* A new variable selection method is provided. The greedy search method can be used with either
forward selection or backward elimination. In each step, the AIC or BIC criterion is evaluated, and
the selection continues until the selection criterion is met.

TIMEDATA Procedure (Experimental)

The new TIMEDATA procedure can process large amounts of time-stamped data, can form time series from
time-stamped data, and provides a programming facility for time series data.
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X12 Procedure

The following features have been added to the X12 procedure:

* The PICKMDL statement. The PICKMDL statement causes the X12 procedure to automatically
select a regARIMA model from a list of candidate models defined by the user in the MDLINFOIN=
data set. The METHOD= option in the PICKMDL statement controls how the model selection is
performed. The selected regARIMA model then extends the time series prior to performing the X-
12-ARIMA seasonal adjustment. The PICKMDL statement is experimental for this release.

* The SEATSDECOMP statement. The SEATSDECOMP statement first computes the B1 series by
using the X-12-ARIMA method and then performs a seasonal adjustment of the B1 series by using
the SEATS decomposition method. SEATS is a polynomial-based seasonal decomposition method
developed by Gémez and Maravall (1997a, b). You can write the resulting components to a data set
by specifying the OUT= option in the SEATSDECOMP statement. The SEATSDECOMP statement
is experimental in this release.

* The NOAPPLY option has been added as a general option to the REGRESSION statement. The
NOAPPLY option specifies whether specific regression effects are to be included in the B1 series that
is seasonally adjusted.

* The AICTEST option has been added as a general option to the REGRESSION statement. The
AICTEST option enables you to specify a regression effect, but the effect is not included in the
regARIMA model unless the results of an AIC test determine that the effect should be included in the
model. Thus, the AICTEST option can be used to automatically select regressors for the regARIMA
model.

References
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Overview of SAS/ETS Software

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

* econometric analysis

* time series analysis

* time series forecasting

* systems modeling and simulation

* discrete choice analysis

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

* financial analysis and reporting

* access to economic and financial databases

* time series data management

In addition to SAS procedures, SAS/ETS software also includes seamless access to economic and financial
databases and interactive environments for time series forecasting and investment analysis.
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Uses of SAS/ETS Software

SAS/ETS software provides tools for a wide variety of applications in business, government, and academia.
Major uses of SAS/ETS procedures are economic analysis, forecasting, economic and financial modeling,
time series analysis, financial reporting, 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, finance 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 pharma-
cokinetic 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).

» forecasting college enrollment (Calise and Earley 1997)

* fitting a pharmacokinetic model (Morelock et al. 1995)

* testing interaction effect in reducing sudden infant death syndrome (Fleming, Gibson, and Fleming
1996)

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

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

* estimating parameters for the constant-elasticity-of-substitution translog model (Hisnanick 1993)
* applying econometric analysis for mass appraisal of real property (Amal and Weselowski 1993)
* forecasting telephone usage data (Fishetti, Heathcote, and Perry 1993)

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

* using conditional demand estimation to determine electricity demand (Keshani and Taylor 1992)
* estimating tree biomass for measurement of forestry yields (Parresol and Thomas 1991)

* evaluating the theory of input separability in the production function of U.S. manufacturing (Hisnan-
ick 1991)

* forecasting dairy milk yields and composition (Benseman 1990)
* predicting the gloss of coated aluminum products subject to weathering (Khan 1990)
* learning curve analysis for predicting manufacturing costs of aircraft (Le Bouton 1989)

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

COMPUTAB
COUNTREG
COPULA
DATASOURCE
ENTROPY
ESM
EXPAND
FORECAST
LOAN

MDC
MODEL

PANEL
PDLREG
QLIM
SEVERITY
SIMILARITY
SIMLIN
SPECTRA
SSM
STATESPACE
SYSLIN
TIMEID
TIMESERIES
TSCSREG

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

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

spreadsheet calculations and financial report generation

regression modeling for dependent variables that represent counts

fitting and simulating multivariate distributions using copula methods

access to financial and economic databases

maximum entropy-based regression

forecasting by using exponential smoothing models with optimized smoothing weights
time series interpolation, frequency conversion, and transformation of time series
automatic forecasting

loan analysis and comparison

multinomial discrete choice analysis

nonlinear simultaneous equations regression and nonlinear systems modeling and simu-
lation

panel data models

polynomial distributed lag regression

qualitative and limited dependent variable analysis

modeling the statistical distribution of the severity of losses and other events
similarity analysis of time series data for time series data mining

linear systems simulation

spectral and cross-spectral analysis

state space modeling of time series

state space modeling and automated forecasting of multivariate time series
linear simultaneous equations models

identifying the time frequency for data sets containing time series data
analysis of time-stamped transactional data

time series cross-sectional regression analysis
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UCM unobserved components analysis of time series
VARMAX vector autoregressive and moving-average modeling and forecasting
X11 seasonal adjustment (Census X-11 and X-11 ARIMA)
X12 seasonal adjustment (Census X-12 ARIMA)
Macros

SAS/ETS software includes the following SAS 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 determine whether a log transformation is appropriate for modeling and forecast-
ing a time series

G9oMA generates statements to define moving-average error models for the MODEL procedure

%PDL generates statements to define polynomial distributed lag models for the MODEL proce-
dure

These macros are part of the SAS AUTOCALL facility and are automatically available for use in your SAS
program. Refer to SAS Macro Language: Reference for information about the SAS macro facility.

Access Interfaces to Economic and Financial Databases

In addition to PROC DATASOURCE, these SAS/ETS access interfaces provide seamless access to financial
and economic databases:

SASECRSP LIBNAME engine for accessing time series and event data residing in CRSPAccess
database.

SASEFAME LIBNAME engine for accessing time or case series data residing in a FAME database.

SASEHAVR LIBNAME engine for accessing time series residing in a HAVER ANALYTICS Data
Link Express (DLX) database.

SASEXCCM LIBNAME engine (experiemental) for accessing data items residing in the CRSP US
Stock (STK) Database, the CRSP US Stock and Indices (IND) Database, the CRSP US
Treasury (TRS) Database, or the CRSP/Compustat Merged (CCM) Database, which is
created from data delivered via Standard and Poor’s Compustat Xpressfeed product.

The Time Series Forecasting System

SAS/ETS software includes an interactive forecasting system, described in Part IV. This graphical user in-
terface to SAS/ETS forecasting features was developed with SAS/AF software and uses PROC ARIMA and
other internal routines to perform time series forecasting. The Time Series Forecasting System makes it easy
to forecast time series and provides many features for graphical data exploration and graphical comparisons
of forecasting models and forecasts. (You must have SAS/GRAPH® installed to use the graphical features
of the system.)



18 4 Chapter 2: Introduction

The Investment Analysis System

The Investment Analysis System, described in Part V, is an interactive environment for analyzing the time-
value of money in 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 break-
even analysis.

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 books SAS Language Reference:
Dictionary and Base SAS Procedures Guide available 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 3, “Working with Time Series Data,” in this book summarizes the aspects of Base SAS
software that are most relevant to the use of SAS/ETS software.

Chapter Organization

Following a brief What’s New, this book is divided into five major parts. Part I contains general information
to aid you in working with SAS/ETS Software. Part Il explains the SAS procedures of SAS/ETS software.
Part I describes the available data access interfaces for economic and financial databases. Part IV is the
reference for the Time Series Forecasting System, an interactive forecasting menu system that uses PROC
ARIMA and other routines to perform time series forecasting. Finally, Part V is the reference for the
Investment Analysis System.

The new features added to SAS/ETS software since the publication of SAS/ETS Software: Changes and
Enhancements for Release 8.2 are summarized in Chapter 1, “What’s New in SAS/ETS 12.1.” If you have
used SAS/ETS software in the past, you may want to skim this chapter to see what’s new.

Part I contains the following chapters.

Chapter 2, the current chapter, provides an overview of SAS/ETS software and summarizes related SAS
publications, products, and services.

Chapter 3, “Working with Time Series Data,” discusses the use of SAS data management and programming
features for time series data.

Chapter 4, “Date Intervals, Formats, and Functions,” summarizes the time intervals, date and datetime
informats, date and datetime formats, and date and datetime functions available in the SAS System.

Chapter 5, “SAS Macros and Functions,” documents SAS macros and DATA step financial functions pro-
vided with SAS/ETS software. The macros use SAS/ETS procedures to perform Dickey-Fuller tests, test
for the need for log transformations, or select optimal Box-Cox transformation parameters for time series
data.

Chapter 6, “Nonlinear Optimization Methods,” documents the NonLinear Optimization subsystem used by
some ETS procedures to perform nonlinear optimization tasks.
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Fart Il contains chapters that explain the SAS procedures that make up SAS/ETS software. These chapters
appear in alphabetical order by procedure name.

Part III contains chapters that document the ETS access interfaces to economic and financial databases.

Each of the chapters that document the SAS/ETS procedures (Part II) and the SAS/ETS access interfaces
(Part III) is organized as follows:

1. The “Overview” section gives a brief description of the procedure.

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 IV contains the chapters that document the features of the Time Series Forecasting System.

Part V contains chapters that document the features of the Investment Analysis System.

Typographical Conventions

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

roman is the standard type style used for most text.

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

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

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

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 commands.

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

bold monospace is used for example code. In most cases, this book uses lowercase type for SAS

statements.
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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, includ-
ing the examples used in this documentation. To access these sample programs, select Help from the menu
and then select SAS Help and Documentation. From the Contents list, select the section Sample SAS
Programs under Learning to Use SAS.

Online Help System

You can access online help information about SAS/ETS software in two ways, depending 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 issue the command help ARIMA (or another procedure
name) to display the help for that particular procedure.

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

* SAS Help and Documentation
* Learning to Use SAS in the Contents list
* SAS Products

* SAS/ETS

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

SAS Short Courses

The SAS Education Division offers a number of training courses that might be of interest to SAS/ETS users.
Please check the SAS web site for the current list of available training courses.

SAS Technical Support Services

As with all SAS products, the SAS Technical Support staff is available to respond to problems and answer
technical questions regarding the use of SAS/ETS software.
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Major Features of SAS/ETS Software

The following sections briefly summarize major features of SAS/ETS software. See the chapters on indi-
vidual 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 following models and features:

* conditional logit

* nested logit

* heteroscedastic extreme value

* multinomial probit

* mixed logit

* pseudo-random or quasi-random numbers for simulated maximum likelihood estimation
* bounds imposed on the parameter estimates

* linear restrictions imposed on the parameter estimates

¢ SAS data set containing predicted probabilities and linear predictor (x’8) values

* decision tree and nested logit

* model fit and 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 or Bayesian Information Criterion (BIC)
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The QLIM procedure analyzes univariate and multivariate limited dependent variable models where depen-
dent 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:

* 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

* sample selection models

* multivariate limited dependent models
The COUNTREG procedure provides regression models in which the dependent variable takes nonnegative
integer count values. The COUNTREG procedure supports the following models:

* Poisson regression

* negative binomial regression with quadratic and linear variance functions

« zero inflated Poisson (ZIP) model

* zero inflated negative binomial (ZINB) model

* fixed and random effect Poisson panel data models

* fixed and random effect NB (negative binomial) panel data models

The PANEL procedure deals with panel data sets that consist of time series observations on each of several
cross-sectional units.

The models and methods the PANEL procedure uses to analyze are as follows:

* one-way and two-way models
* fixed and random effects
* autoregressive models

— the Parks method
— dynamic panel estimator

— the Da Silva method for moving-average disturbances
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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 includes the following features:
* estimation and prediction of linear regression models with autoregressive errors
* any order autoregressive or subset autoregressive process
* optional stepwise selection of autoregressive parameters
* choice of the following estimation methods:

exact maximum likelihood

exact nonlinear least squares
Yule-Walker
iterated Yule-Walker

* tests for any linear hypothesis that involves the structural coefficients
* restrictions for any linear combination of the structural coefficients
» forecasts with confidence limits

* estimation and forecasting of ARCH (autoregressive conditional heteroscedasticity), GARCH (gen-
eralized autoregressive conditional heteroscedasticity), -GARCH (integrated GARCH), E-GARCH
(exponential GARCH), and GARCH-M (GARCH in mean) models

* combination of ARCH and GARCH models with autoregressive models, with or without regressors
* estimation and testing of general heteroscedasticity models
* variety of model diagnostic information including the following:

— autocorrelation plots

— partial autocorrelation plots

— Durbin-Watson test statistic and generalized Durbin-Watson tests to any order
— Durbin 4 and Durbin 7 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

* exact significance levels (p-values) for the Durbin-Watson statistic

* embedded missing values



24 4 Chapter 2: Introduction

Simultaneous Systems Linear Regression

The SYSLIN and ENTROPY procedures provide regression analysis of a simultaneous system of linear
equations.

The SYSLIN procedure includes the following features:

* estimation of parameters in simultaneous systems of linear equations
* full range of estimation methods including the following:

— ordinary least squares (OLS)

— two-stage least squares (2SLS)

— three-stage least squares (3SLS)

— iterated 3SLS (IT3SLS)

— seemingly unrelated regression (SUR)

— iterated SUR (ITSUR)

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

— minimum expected loss (MELO)

— general K-class estimators
* weighted regression

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

* tests for any linear hypothesis, for the parameters of a single model or across equations
» wide range of model diagnostics and statistics including the following:

— usual ANOVA tables and R-square statistics

— Durbin-Watson statistics

— standardized coefficients

— test for overidentifying restrictions

— residual plots

— standard errors and ¢ tests

— covariance and correlation matrices of parameter estimates and equation errors

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

* other features of the SYSLIN procedure that enable you to do the following:

— impose linear restrictions on the parameter estimates

— test linear hypotheses about the parameters
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write predicted and residual values to an output SAS data set

write parameter estimates to an output SAS data set

write the crossproducts matrix (SSCP) to an output SAS data set

use raw data, correlations, covariances, or cross products as input

The ENTROPY procedure supports the following models and features:

* generalized maximum entropy (GME) estimation

* generalized cross entropy (GCE) estimation

* normed moment generalized maximum entropy

* maximum entropy-based seemingly unrelated regression (MESUR) estimation
* pure inverse estimation

* estimation of parameters in simultaneous systems of linear equations

* Markov models

* unordered multinomial choice problems

* weighted regression

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

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

Linear Systems Simulation
The SIMLIN procedure performs simulation and multiplier analysis for simultaneous systems of linear
regression models. The SIMLIN procedure includes the following features:
* reduced form coefficients
* interim multipliers
* total multipliers
* dynamic multipliers
» multipliers for higher order lags
* dynamic forecasts and simulations
* goodness-of-fit statistics

* acceptance of the equation system coefficients estimated by the SYSLIN procedure as input
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Polynomial Distributed Lag Regression

The PDLREG procedure provides regression analysis for linear models with polynomial distributed (Al-
mon) lags. The PDLREG procedure includes the following features:

* entry of any number of regressors as a polynomial lag distribution and the use of any number of
covariates

* use of any order lag length and degree polynomial for lag distribution

* optional upper and lower endpoint restrictions

* specification of any number of linear restrictions on covariates

* option to repeat analysis over a range of degrees for the lag distribution polynomials

* support for autoregressive errors to any lag

e 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 includes the following features:

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

* full range of parameter estimation methods including the following:

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)

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

* uses the full power of the SAS programming language for model definition, including left-hand-side
expressions
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* hypothesis tests of nonlinear functions of the parameter estimates

* linear and nonlinear restrictions of the parameter estimates

* bounds imposed on the parameter estimates

* computation of estimates and standard errors of nonlinear functions of the parameter estimates
* estimation and simulation of ordinary differential equations (ODE’s)

* vector autoregressive error processes and polynomial lag distributions easily specified for the nonlin-
ear equations

* variance modeling (ARCH, GARCH, and others)

» computation of goal-seeking solutions of nonlinear systems to find input values needed to produce
target outputs

* dynamic, static, or n-period-ahead-forecast simulation modes
* simultaneous solution or single equation solution modes

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

* avariety of diagnostic statistics including the following

— model R-square statistics

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

— first-stage R-square 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

— Hausman specification test

— Chow tests

* block structure and dependency structure analysis for the nonlinear system

* listing and cross-reference of fitted model

* automatic calculation of needed derivatives by using exact analytic formula

» efficient sparse matrix methods used for model solution; choice of other solution methods

Model definition, parameter estimation, simulation, and forecasting can be performed interactively in a
single SAS session or models can also be stored in files and reused and combined in later runs.
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ARIMA (Box-Jenkins) and ARIMAX (Box-Tiao) Modeling and Forecasting

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

* complete ARIMA (Box-Jenkins) modeling with no limits on the order of autoregressive or moving-
average processes
* model identification diagnostics including the following:

— autocorrelation function

— partial autocorrelation function

— inverse autocorrelation function

— cross-correlation function

— extended sample autocorrelation function

— minimum information criterion for model identification

— squared canonical correlations
* stationarity tests
* outlier detection
* intervention analysis
* regression with ARMA errors
* transfer function modeling with fully general rational transfer functions
* seasonal ARIMA models
* ARIMA model-based interpolation of missing values
* several parameter estimation methods including the following:

— exact maximum likelihood
— conditional least squares

— exact nonlinear unconditional least squares (ELS or ULS)
 prewhitening transformations
« forecasts and confidence limits for all models

» 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 mod-
els estimated by conditional least squares

* diagnostic statistics to help judge the adequacy of the model including the following:

— Akaike’s information criterion (AIC)
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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 the dynamic relationship both between the dependent vari-
ables and between the dependent and independent variables. The VARMAX procedure includes the follow-
ing features:

* several modeling features:

vector autoregressive model

— vector autoregressive model with exogenous variables
— 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

* 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)

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

— Johansen cointegration test for nonstationary vector processes of integrated 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

F test for 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

* dead-start model that does not have present values of the exogenous variables
* Granger-causal relationships between two distinct groups of variables

* infinite order AR representation

* impulse response function (or infinite order MA representation)

* decomposition of the predicted error covariances

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

* contemporaneous relationships among the components of the vector time series
» forecasts

¢ conditional covariances for GARCH models

State Space Modeling and Forecasting

The STATESPACE procedure provides automatic model selection, parameter estimation, and forecasting
of state space models. (State space models encompass an alternative general formulation of multivariate
ARIMA models.) The STATESPACE procedure includes the following features:

* multivariate ARIMA modeling by using the general state space representation of the stochastic pro-
cess
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* automatic model selection using Akaike’s information criterion (AIC)
* user-specified state space models including restrictions
* transfer function models with random inputs

* any combination of simple and seasonal differencing; input series can be differenced to any order for
any lag lengths

» forecasts with confidence limits
* ability to save selected and fitted model in a data set and reuse for forecasting

» wide range of output options including the ability to print any statistics concerning the data and their
covariance structure, the model selection process, and the final model fit

Spectral Analysis

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

* efficient calculation of periodogram and smoothed periodogram using fast finite Fourier transform
and Chirp-Z algorithms

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

* choice of kernel for smoothing
* output of the following spectral estimates to a SAS data set:

— Fourier sine and cosine coefficients
— periodogram

— smoothed periodogram

— cospectrum

— quadrature spectrum

— amplitude

— phase spectrum

— squared coherency

* Fisher’s Kappa and Bartlett’s Kolmogorov-Smirnov test statistic for testing a null hypothesis of white
noise
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Seasonal Adjustment

The X11 procedure provides seasonal adjustment of time series by 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:

* decomposition of monthly or quarterly series into seasonal, trend, trading day, and irregular compo-
nents

* both multiplicative and additive form of the decomposition

* all the features of the Census Bureau program

¢ support of the X-11 ARIMA method

* support of sliding spans analysis

* processing of any number of variables at once with no maximum length for a series

* computation of tests for stable, moving, and combined seasonality

* optional printing or storing in SAS data sets of the individual X11 tables that show the various com-
ponents at different stages of the computation; full control over what is printed or output

* ability to project seasonal component one year ahead, which enables reintroduction of seasonal 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). It 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:

* decomposition of monthly or quarterly series into seasonal, trend, trading day, and irregular compo-
nents

 support of multiplicative, additive, pseudo-additive, and log additive forms of decomposition

* support of the X-12 ARIMA method

* support of regARIMA modeling

* automatic identification of outliers

* support of TRAMO-based automatic model selection

* use of regressors to process missing values within the span of the series

* processing of any number of variables at once with no maximum length for a series

* computation of tests for stable, moving, and combined seasonality
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* spectral analysis of original, seasonally adjusted, and irregular series

* optional printing or storing in a SAS data set of the individual X11 tables that show the various
components at different stages of the decomposition; full control over what is printed or output

* optional projection of seasonal component one year ahead, which enables reintroduction of seasonal
factors for an extrapolated series

Structural Time Series Modeling and Forecasting

The UCM procedure provides a flexible environment for analyzing time series data using structural time se-
ries models, also called unobserved components models (UCM). These models represent the observed series
as a sum of suitably chosen components such as trend, seasonal, cyclical, and regression effects. You can use
the UCM procedure to formulate 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:

* general unobserved components modeling where the models can include trend, multiple seasons and
cycles, and regression effects
* maximum-likelihood estimation of the model parameters

* model diagnostics that include a variety of goodness-of-fit statistics, and extensive graphical diagnosis
of the model residuals

» forecasts and confidence limits for the series and all the model components
* Model-based seasonal decomposition
* extensive plotting capability that includes the following:

— forecast and confidence interval plots for the series and model components such as trend, cycles,
and seasons

— diagnostic plots such as residual plot, residual autocorrelation plots, and so on

— seasonal decomposition plots such as trend, trend plus cycles, trend plus cycles plus seasons,
and so on

* model-based interpolation of series missing values

* full sample (also called smoothed) estimates of the model components
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Time Series Cross-Sectional Regression Analysis

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

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

— Fuller and Battese method (variance component model)

Wansbeek-Kapteyn method

Parks method (autoregressive model)

Da Silva method (mixed variance component moving-average model)

one-way fixed effects

two-way fixed effects

one-way random effects

two-way random effects
* any number of model specifications
* unbalanced panel data for the fixed or random-effects models

* variety of estimates and statistics including the following:

underlying error components estimates

regression parameter estimates

— standard errors of estimates

— t-tests

— R-square 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 ESM procedure provides a quick way to generate forecasts for many time series or transactional data
in one step by using exponential smoothing methods. All parameters associated with the forecasting model
are optimized based on the data.

You can use the following smoothing models:



Automatic Time Series Forecasting 4 35

* simple

* double

* linear

* damped trend
* seasonal

* Winters method (additive and multiplicative)

Additionally, PROC ESM can transform the data before applying the smoothing methods using any of these
transformations:

* log
* square root
* logistic

¢ Box-Cox

In addition to forecasting, the ESM procedure can also produce graphic output.

The ESM procedure can forecast both time series data, whose observations are equally spaced at a specific
time interval (for example, monthly, weekly), or transactional data, whose observations are not spaced with
respect to any particular time interval. (Internet, inventory, sales, and similar data are typical examples of
transactional data. For transactional data, the data are accumulated based on a specified time interval to
form a time series.)

The ESM procedure is a replacement for the older FORECAST procedure. ESM is often more convenient
to use than PROC FORECAST but it supports only exponential smoothing models.

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

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

The FORECAST procedure includes the following features:

* choice of the following forecasting methods:
— EXPO method—exponential smoothing: single, double, triple, or Holt two-parameter smooth-
ing
— exponential smoothing as an ARIMA Model

— WINTERS method—using updating equations similar to exponential smoothing to fit model
parameters
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ADDWINTERS method—Ilike the WINTERS method except that the seasonal parameters are
added to the trend instead of multiplied with the trend

STEPAR method—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

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

* ability to forecast any number of variables at once

¢ forecast confidence limits for all methods

Time Series Interpolation and Frequency Conversion

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

* conversion of time series frequency; for example, constructing quarterly estimates from annual series
or aggregating quarterly values to annual values

* conversion of irregular observations to periodic observations

* interpolation of missing values in time series

* conversion of observation types; for example, estimate stocks from flows and vice versa. All possible
conversions are supported between any of the following:

— beginning of period
— end of period
— period midpoint
— period total
— period average
* conversion of time series phase shift; for example, conversion between fiscal years and calendar years

* identifying observations including the following:

— identification of the time interval of the input values
— validation of the input data set observations

— computation of the ID values for the observations in the output data set
* choice of four interpolation methods:

— cubic splines
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— linear splines
— step functions
— simple aggregation

* ability to perform extrapolation by a linear projection of the trend of the cubic spline curve fit to the
input data

* ability to transform series before and after interpolation (or without interpolation) by using any of the
following:
— constant shift or scale
— sign change or absolute value
— 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 range
— centered moving, cumulative, or backward moving geometric mean
— centered moving, cumulative, or backward moving maximum
— centered moving, cumulative, or backward moving median
— centered moving, cumulative, or backward moving minimum
— centered moving, cumulative, or backward moving product
— centered moving, cumulative, or backward moving corrected sum of squares
— centered moving, cumulative, or backward moving uncorrected sum of squares
— centered moving, cumulative, or backward moving rank
— centered moving, cumulative, or backward moving standard deviation
— centered moving, cumulative, or backward moving sum
— centered moving, cumulative, or backward moving median
— centered moving, cumulative, or backward moving #-value

— centered moving, cumulative, or backward moving variance
* support for a wide range of time series frequencies:

- YEAR

- SEMIYEAR
— QUARTER

- MONTH
SEMIMONTH
TENDAY

- WEEK
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WEEKDAY
- DAY
HOUR
MINUTE
SECOND

* support for repeating of shifting the basic interval types to define a great variety of different frequen-
cies, such as fiscal years, biennial periods, work shifts, and so forth

Refer to Chapter 3, “Working with Time Series Data,” and Chapter 4, “Date Intervals, Formats, and Func-
tions,” for more information about time series data transformations.

Trend and Seasonal Analysis on Transaction Databases

The TIMESERIES procedure can accumulate transactional data to time series and perform trend and sea-
sonal analysis on the accumulated time series.

Time series analyses performed by the TIMESERIES procedure include the follows:

* descriptive statistics relevant for time series data
* seasonal decomposition and seasonal adjustment analysis
* correlation analysis

* cross-correlation analysis
The TIMESERIES procedure includes the following features:

* ability to process large amounts of time-stamped transactional data
* statistical methods useful for large-scale time series analysis or (temporal) data mining

* output data sets stored in either a time series format (default) or a coordinate format (transposed)

The TIMESERIES procedure is normally used to prepare data for subsequent analysis that uses other
SAS/ETS procedures or other parts of the SAS system. The time series format is most useful when the
data are to be analyzed with SAS/ETS procedures. The coordinate format is most useful when the data
are to be analyzed with SAS/STAT® procedures or SAS Enterprise Miner ™. (For example, clustering
time-stamped transactional data can be achieved by using the results of TIMESERIES procedu

re with the clustering procedures of SAS/STAT and the nodes of SAS Enterprise Miner.)
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Access to Financial and Economic Databases

The DATASOURCE procedure and the SAS/ETS data access interface LIBNAME Engines (SASECRSP,
SASEFAME, SASEHAVR and SASEXCCM) provide seamless, efficient access to time series data from
data files supplied by a variety of commercial and governmental data vendors.

The DATASOURCE procedure includes the following features:

* 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
— U.S. Bureau of Economic Analysis

— Organization for Economic Cooperation and Development (OECD)
* ability to select the series, frequency, time range, and cross sections of extracted data

* ability to create an output data set containing descriptive information on the series available in the
data file

¢ ability to read EBCDIC data on ASCII systems and vice versa

The SASECRSP interface LIBNAME engine includes the following features:

* enables random access to time series data residing in CRSPAccess databases
 provides a seamless interface between CRSP and SAS data processing

* uses the LIBNAME statement to enable you to specify which time series you would like to read from
the CRSPAccess database, and how you would like to perform selection

* enables you access to CRSP Stock, CRSP/COMPUSTAT Merged (CCM) or CRSP Indices Data.

 provides convenient formats, informats, and functions for CRSP and SAS datetime conversions

The SASEFAME interface LIBNAME engine includes the following features:

» provides SAS and FAME users flexibility in accessing and processing time series data, case series,
and formulas that reside in either a FAME database or a SAS data set

* provides a seamless interface between FAME and SAS data processing
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* uses the LIBNAME statement to enable you to specify which time series you would like to read from
the FAME database

* enables you to convert the selected time series to the same time scale

* works with the SAS DATA step to perform further subsetting and to store the resulting time series
into a SAS data set

 performs more analysis if desired either in the same SAS session or in another session at a later time

* supports the FAME CROSSLIST function for subsetting via BYGROUPS using the CROSSLIST=
option

— you can use a FAME namelist that contains your BY variables for selection in the CROSSLIST

— you can use a SAS input dataset, INSET, that contains the BY selection variables along with the
WHERE= option in your SASEFAME libref

* supports the use of FAME in a client/server environment that uses the FAME CHLI capability on your
FAME server

* enables access to your FAME remote data when you specify the port number of the TCP/IP service
that is defined for your FAME server and the node name of your FAME master server in your SASE-
FAME libref’s physical path

The SASEHAVR interface LIBNAME engine includes the following features:

* enables Windows users random access to economic and financial data residing in a HAVER ANA-
LYTICS Data Link Express (DLX) database
* the following types of HAVER data sets are available:

United States Economic Indicators

Specialized Databases

Financial Indicators

Industry

Industrial Countries

Emerging Markets

International Organizations

Forecasts and As Reported Data

United States Regional
* enables you to limit the range of data that is read from the time series

* enables you to 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.

* enables you to use the WHERE, KEEP, or DROP statements in your DATA step to further subset your
data
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* supports use of the SQL procedure to create a view of your resulting SAS data set

The SASEXCCM interface LIBNAME engine includes the following experimental features:

* enables random access to time series data residing in CRSPAccess databases
* provides a seamless interface between CRSP, Compustat XpressFeed and SAS data processing

* uses the LIBNAME statement to enable you to specify which data items, data groups and time series
you would like to read from the CRSPAccess database, and how you would like to perform selection

* supports data-item-handling access methods to CRSP Stock (STK), CRSP/COMPUSTAT Merged
(CCM), CRSP Indices (IND) or CRSP Treasury (TRS) Data.

* provides selection based on keys such as GVKEY, PERMNO, INDNO, TREASNO, and TCUSIP for
efficient access to data items.

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 spread-
sheet 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:

* report generation facility for creating tabular reports such as income statements, balance sheets, and
other row and column reports for analyzing business or time series data
* ability to tailor report format to almost any desired specification

* use of the SAS programming language to provide complete control of the calculation and format of
each item of the report

* ability to report definition in terms of a data table on which programming statements operate
* ability for a single reference to a row or column to bring the entire row or column into a calculation

* ability to create new rows and columns (such as totals, subtotals, and ratios) with a single program-
ming statement

¢ access to individual table values when needed

* built-in features to provide consolidation reports over summarization variables
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Loan Analysis, Comparison, and Amortization

The LOAN procedure provides analysis and comparison of mortgages and other installment loans; it in-
cludes the following features:

* ability to specify contract terms for any number of different loans and ability to analyze and compare
various financing alternatives
* analysis of four different types of loan contracts including the following:

— fixed rate
— adjustable rate
— buy-down rate

— balloon payment

* full control over adjustment terms for adjustable rate loans: life caps, adjustment frequency, and
maximum and minimum rates

* support for a wide variety of payment and compounding intervals

* ability to incorporate initialization costs, discount points, down payments, and prepayments (uniform
or lump-sum) in loan calculations

* analysis of different rate adjustment scenarios for variable rate loans including the following:

WOrst case

best case

fixed rate case

estimated case
* ability to make loan comparisons at different points in time

* ability to 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

* ability to base loan comparisons on either after-tax or before-tax analysis
* report of the best alternative when loans of equal amount are compared

* amortization schedules for each loan contract

* output that shows payment dates, rather than just payment sequence numbers, when starting date is
specified
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* optional printing or output of the amortization schedules, loan summaries, and loan comparison in-
formation to SAS data sets

* ability to specify rounding of payments to any number of decimal places

Time Series Forecasting System

SAS/ETS software includes the Time Series Forecasting System, a point-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 interactively 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.

The system can be invoked by selecting Analysis»Solutions, by the FORECAST command, and by click-
ing 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 system. With the system
you can:

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

* use predictor variables in forecasting models. Forecasting models can include time trend curves,
regressors, intervention effects (dummy variables), adjustments 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



44 4 Chapter 2: Introduction

* print an audit trail of the forecasting process

* save and print system output including spreadsheets and graphs

Investment Analysis System

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

* loans

* savings

* depreciations
* bonds

* generic cash flows

Various tools are provided to help analyze the value of investment alternatives: time value, periodic equiva-
lent, internal rate of return, benefit-cost ratio, and breakeven analysis.

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

* Which option is more profitable or less costly?
* Is it better to buy or rent?

* Are the extra fees for refinancing at a lower interest rate justified?

What is the balance of this account after saving this amount periodically for so many years?
* How much is legally tax-deductible?

* Is this a reasonable price?
Investment Analysis can be beneficial to users in many industries for a variety of decisions:

* manufacturing: cost justification of automation or any capital investment, replacement analysis of
major equipment, or economic comparison of alternative designs

* government: setting funds for services

* finance: investment analysis and portfolio management for fixed-income securities
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ODS Graphics

Many SAS/ETS procedures produce graphical output using the SAS Output Delivery System (ODS). The
ODS Graphics system provides several advantages:

* Plots and graphs are output objects in the Output Delivery System (ODS) and can be manipulated
with ODS commands.

* There is no need to write SAS/GRAPH statements or use special plotting macros.

* There are multiple formats to choose from: html, gif, and rtf.

» Templates control the appearance of plots.

* Styles control the color scheme.

* You can edit or create templates and styles for all graphs.
To enable graphical output from SAS/ETS procedures, you must use the following statement in your SAS
program.

ods graphics on;

The graphical output produced by many SAS/ETS procedures can be controlled using the PLOTS= option
on the PROC statement.

For more information about the features of the ODS Graphics system, including the many ways that you
can control or customize the plots produced by SAS procedures, refer to Chapter 21, “Statistical Graphics
Using ODS” (SAS/STAT User’s Guide). For more information about the SAS Output Delivery system, refer
to the SAS Output Delivery System: User’s Guide.

Related SAS Software

Many features not found in SAS/ETS software are available in other parts of the SAS System, such as Base
SAS®, SAS® Forecast Server, SAS/STAT® software, SAS/OR® software, SAS/QC® software, SAS® Stat
Studio, and SAS/IML® software.

If you do not find something you need in SAS/ETS software, you might be able to find it in SAS/STAT
software and in Base SAS software. If you still do not find it, look in other SAS software products or
contact SAS Technical Support staff.

The following subsections summarize the features of other SAS products that might be of interest to users
of SAS/ETS software.
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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 need are part of Base SAS software. Refer to SAS
Language Reference: Dictionary and Base SAS Procedures Guide for documentation of Base SAS software.
In particular, refer to Base SAS Procedures Guide: Statistical Procedures for information about statistical
analysis features included with Base SAS.

The following sections summarize Base SAS software features of interest to users of SAS/ETS software.
See Chapter 3, “Working with Time Series Data,” for 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 in SAS Language Reference: Dictionary.

Base SAS Procedures

Base SAS software includes many useful SAS procedures, which are documented in Base SAS Procedures
Guide and Base SAS Procedures Guide: Statistical Procedures. The following is a list of Base SAS proce-
dures you might find useful:

CATALOG
CHART
COMPARE
CONTENTS
COPY
CORR
CPORT
DATASETS
FCMP

FREQ
MEANS

PLOT
PRINT

for managing SAS catalogs

for printing charts and histograms

for comparing SAS data sets

for displaying the contents of SAS data sets

for copying SAS data sets

for computing correlations

for moving SAS data libraries between computer systems
for deleting or renaming SAS data sets

for compiling functions for use in SAS programs. The SAS Function Compiler Proce-
dure (FCMP) enables you to create, test, and store SAS functions and subroutines before
you use them in other SAS procedures. PROC FCMP accepts slight variations of DATA
step statements, and most features of the SAS programm

ing language can be used in functions and subroutines that are processed by PROC
FCMP.

for computing frequency crosstabulations

for computing descriptive statistics and summarizing or collapsing data over cross sec-
tions

for printing scatter plots

for printing SAS data sets
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RANK
SORT

SQL
STANDARD
TABULATE
TIMEPLOT
TRANSPOSE
UNIVARIATE
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for accessing external functions from the SAS system. The PROTO procedure enables
you to register external functions that are written in the C or C++ programming lan-
guages. You can use these functions in SAS as well as in C-language structures and
types. After the C-language functions are registered in PROC

PROTO, they can be called from any SAS function or subroutine that is declared in the
FCMP procedure, as well as from any SAS function, subroutine, or method block that is
declared in the COMPILE procedure.

for computing rankings or order statistics

for sorting SAS data sets

for processing SAS data sets with Structured Query Language
for standardizing variables to a fixed mean and variance

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 remain in effect until changed.
Global statements are documented in SAS Language Reference: Dictionary. You may find the following
SAS global statements useful:

FILENAME
FOOTNOTE
%INCLUDE
LIBNAME
OPTIONS
QUIT

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 ending an interactive procedure step

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 affect only the SAS procedure they are used with. These statements are
documented in SAS Language Reference: Dictionary.

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

BY
FORMAT
LABEL
WHERE

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 observa-
tions from the analysis
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SAS Functions

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

character functions for manipulating character strings
date and time functions for performing date and calendar calculations

financial functions for performing financial calculations such as depreciation, net present value, peri-
odic savings, and internal rate of return

lagging and differencing functions for computing lags and differences
mathematical functions for computing data transformations and other mathematical calculations

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

random number functions for simulation experiments

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

SAS functions are documented in SAS Language Reference: Dictionary. Chapter 3, “Working with Time
Series Data,” discusses the use of date, time, lagging, and differencing functions. Chapter 4, “Date Intervals,
Formats, and Functions,” contains a reference list of date and time functions.

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 4, “Date Intervals, Formats, and
Functions,” for more information.

SAS Forecast Studio

SAS Forecast Studio is part of the SAS Forecast Server product. It provides an interactive environment for
modeling and forecasting very large collections of hierarchically organized time series, such as SKUs in
product lines and sales regions of a retail business. Forecast Studio greatly extends the capabilities provided
by the Time Series Forecasting System included with SAS/ETS and described in Part IV.

Forecast Studio is documented in SAS Forecast Studio User’s Guide.

SAS High-Performance Forecasting

SAS High-Performance Forecasting (HPF) software provides a system of SAS procedures for large-scale
automatic forecasting in business, government, and academic applications. Major uses of High-Performance
Forecasting procedures include: forecasting, forecast scoring, market response modeling, and time series
data mining.

The software includes the following automatic forecasting process:
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* accumulates the time-stamped data to form a fixed-interval time series
* diagnoses the time series using time series analysis techniques

* creates a list of candidate model specifications based on the diagnostics
* fits each candidate model specification to the time series

» generates forecasts for each candidate fitted model

* selects the most appropriate model specification based on either in-sample or holdout-sample evalua-
tion using a model selection criterion

* refits the selected model specification to the entire range of the time series
* creates a forecast score from the selected fitted model

 generate forecasts from the forecast score

* evaluates the forecast using in-sample analysis

* provides for out-of-sample forecast performance analysis

* performs top-down, middle-out, or bottom-up reconciliations of forecasts in the hierarchy

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.

With the addition of ODS Graphics features to SAS/ETS procedures, there is now less need for the use of
SAS/GRAPH procedures with SAS/ETS. However, SAS/GRAPH procedures allow you to create additional
graphical displays of your results.

SAS/GRAPH software can produce the following types of output:

* charts
* plots

* maps
* text

* three-dimensional graphs

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

SAS/STAT software is of interest to users of SAS/ETS software because many econometric and other sta-
tistical 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 the follow-
ing:

* logistic regression

* censored regression

* principal component analysis

* structural equation models using covariance structure analysis

* factor analysis

* survival analysis

* discriminant analysis

* cluster analysis

* categorical data analysis; log-linear and conditional logistic models

 general linear models

* mixed linear and nonlinear models

* generalized linear models

* response surface analysis

* kernel density estimation

* LOESS regression

* spline regression

* two-dimensional kriging

* multiple imputation for missing values

* survey data analysis
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SAS/IML Software

SAS/IML software gives you access to a powerful and flexible programming language (Interactive Matrix
Language) in a dynamic, interactive environment. The fundamental object of the language is a data matrix.
You can use SAS/IML software 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 because 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.

Kalman Filtering and Time Series Analysis in SAS/IML

SAS/IML software includes CALL routines and functions for Kalman filtering and time series analysis,
which perform the following:

* generate univariate, multivariate, and fractional time series

* compute likelihood function of ARMA, VARMA, and ARFIMA models

* compute an autocovariance function of ARMA, VARMA, and ARFIMA models

* check the stationarity of ARMA and VARMA models

* filter and smooth time series models using Kalman method

* fit AR, periodic AR, time-varying coefficient AR, VAR, and ARFIMA models

* handle Bayesian seasonal adjustment models

SAS/IML Stat Studio

SAS/IML Studio is a highly interactive tool for data exploration and analysis. SAS/IML Studio runs on a
PC in the Microsoft Windows operating environment. You can use SAS/IML Studio to do the following:

* explore data through graphs linked across multiple windows

¢ transform data
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* subset data

* analyze univariate distributions

* discover structure and features in multivariate data

* fit and evaluate explanatory models

* create your own customized statistical graphics

* add legends, curves, maps, or other custom features to statistical graphics
* develop interactive programs that use dialog boxes

 extend the built-in analyses by calling SAS procedures

* create custom analyses

* repeat an analysis on different data

* extend the results of SAS procedures by using IML

* share analyses with colleagues who also use SAS/IML Studio

e call functions from libraries written in R, C/C++, FORTRAN, or Java

See SAS/IML Studio User’s Guide for more information.

SAS/OR Software
SAS/OR software provides SAS procedures for operations research and project planning and includes a
menu driven system for project management. SAS/OR software has features for the following:
* 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 might be of interest to users of SAS/ETS software for its mathematical programming
features. In particular, the NLP and OPTMODEL procedures in SAS/OR software solve nonlinear program-

ming problems and can be used for constrained and unconstrained maximization of user-defined likelihood
functions.

See SAS/OR User’s Guide: Mathematical Programming for more information.
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SAS/QC Software
SAS/QC software provides a variety of procedures for statistical quality control and quality improvement.
SAS/QC software includes procedures for the following:
» Shewhart control charts
* cumulative sum control charts
* moving average control charts
* 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 several 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, PROC OPT-
MODEL 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 and OPTMODEL procedures in SAS/OR software are general nonlinear programming procedures
that can maximize a general function subject to linear equality or inequality constraints. You can use PROC
NLP or OPTMODEL to maximize a user-defined nonlinear likelihood function.

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

JMP® Software

JMP software uses a flexible graphical interface to display and analyze data. JMP dynamically links statistics
and graphics so you can easily explore data, make discoveries, and gain the knowledge you need to make
better decisions. JMP provides a comprehe

nsive set of statistical tools as well as design of experiments (DOE) and advanced quality control (QC
and SPC) tools for Six Sigma in a single package. JMP is software for interactive statistical graphics and
includes:
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* a data table window for editing, entering, and manipulating data

* a broad range of graphical and statistical methods for data analysis

* afacility for grouping data and computing summary statistics

* JMP scripting language (JSL)—a scripting language for saving and creating frequently used routines
* JMP automation

* Formula Editor—a formula editor for each table column to compute values as needed

* linear models, correlations, and multivariate

* design of experiments module

* options to highlight and display subsets of data

* statistical quality control and variability charts—special plots, charts, and communication capability
for quality-improvement techniques

* survival analysis
* time series analysis, which includes the following:

— Box-Jenkins ARIMA forecasting
— seasonal ARIMA forecasting
— transfer function modeling

— smoothing models: Winters method, single, double, linear, damped trend linear, and seasonal
exponential smoothing

— diagnostic charts (autocorrelation, partial autocorrelation, and variogram) and statistics of fit
— a model comparison table to compare all forecasts generated

— spectral density plots and white noise tests

* tools for printing and for moving analyses results between applications

SAS Enterprise Guide®

SAS Enterprise Guide has the following features:

* integration with the SAS9 platform:

— open metadata repository (OMR) integration
— SAS report integration

# create report interface
+* ODS support
* Web report studio integration
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access to information maps

ETL studio impact analysis

ESRI integration within the OLAP analyzer

data mining scoring task
¢ the user interface and workflow

— process flow

ability to create stored processes from process flows

SAS folders window

project parameters

query builder interface
code node
OLAP analyzer

+ BSRI integration

* tree-diagram-based OLAP explorer
* SAS report snapshots
* SAS Web OLAP viewer for .NET ability to create EG projects

workspace maximization

With Enterprise Guide, you can perform time series analysis with the following EG procedures:

* prepare time series data—the Prepare Time Series Data task can be used to make data more suitable
for analysis by other time series tasks.

* create time series data—the Create Time Series Data wizard helps you convert transactional data into
fixed-interval time series. Transactional data are time-stamped data collected over time with irregular
or varied frequency.

* ARIMA Modeling and Forecasting task
* Basic Forecasting task
* Regression Analysis with Autoregressive Errors

* Regression Analysis of Panel Data

SAS® Add-In for Microsoft Office
The main time series tasks in SAS Add-in for Microsoft Office (AMO) are as follows:

* Prepare Time Series Data

* Basic Forecasting
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ARIMA Modeling and Forecasting

* Regression Analysis with Autoregressive Errors
* Regression Analysis of Panel Data

* Create Time Series Data

* Forecast Studio Create Project

* Forecast Studio Open Project

¢ Forecast Studio Submit Overrides

SAS Enterprise Miner'™—Time Series Node

SAS Enterprise Miner ™ is the SAS solution for data mining, streamlining the data mining process to create
highly accurate predictive and descriptive models. Enterprise Miner’s process flow diagram eliminates the
need for manual coding and reduces the model development time for both business analysts and statisti-
cians. The system is customizable and extensible; users can integrate their code and build new nodes for
redistribution.

The Time Series node is a method of investigating time series data. It belongs to the Modify category of the
SAS SEMMA (sample, explore, modify, model, assess) data mining process. The Time Series node enables
you to understand trends and seasonal variation in large amounts of time series and transactional data.

The Time Series node in SAS Enterprise Miner enables you to do the following:

* perform time series analysis
* perform forecasting

e work with transactional data

SAS Risk Products

The SAS Risk products include SAS Risk Dimensions®, SAS Credit Risk Management for Banking, SAS
OpRisk VaR, and SAS OpRisk Monitor.

The analytical methods of SAS Risk Dimensions measure market risk and credit risk. SAS Risk Dimensions
creates an environment where market and position data are staged for analysis using SAS data access and
warehousing methodologies. SAS Risk Dimensions delivers a full range of modern credit, market and
operational risk analysis techniques including:

¢ mark-to-market

* scenario analysis
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* profit/loss curves and surfaces

* sensitivity analysis

* delta normal VaR

* historical simulation VaR

* Monte Carlo VaR

* current exposure

* potential exposure

* credit VaR

* optimization
SAS Credit Risk Management for Banking is a complete end-to-end application for measuring, exploring,
managing, and reporting credit risk. SAS Credit Risk Management for Banking integrates data access, map-

ping, enrichment, and aggregation with advanced analytics and flexible reporting, all in an open, extensible,
client-server framework.

SAS Credit Risk Management for Banking enables you to do the following:

* access and aggregate credit risk data across disparate operating systems and sources
» seamlessly integrate credit scoring/internal rating with credit portfolio risk assessment

* accurately measure, monitor, and report potential credit risk exposures within entities of an organi-
zation and aggregated across the entire organization, both on the counterparty level and the portfolio
level

* evaluate alternative strategies for pricing, hedging, or transferring credit risk

* optimize the allocation of credit risk mitigants or assign the mitigants to lower the regulatory capital
requirement

* optimize the allocation of regulatory capital and economic capital

* facilitate regulatory compliance and risk disclosure requirements for a wide variety of regulations
such as Basel I, Basel II, and the Capital Requirements Directive (CAD III)
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Overview

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

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

* storing time series data in SAS data sets

* specifying time series periodicity and time intervals

* plotting time series
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* using calendar and time interval functions

* computing lags and other functions across time

* transforming time series

* transposing time series data sets

* interpolating time series

* 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 might want to skip this chapter, or you can 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.

The variables in a SAS data set label the columns of the data matrix, and the observations 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 the variables representing fields in the records. (See SAS Language
Reference: Concepts for 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 to as ID variables.

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 might 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 measured is sales of the
product and the unit 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 production and the unit observed is the economy during each quarter. These observations can be
identified by year and quarter.
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For time series data, the observations are identified and related to each other by their position in time. Since
SAS 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 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” on
page 117 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 shown in Figure 3.1.

data uscpi;
input year month cpi;
datalines;
1990 6 129.9
1990 7 130.4
1990 8 131.6

. more lines

proc print data=uscpi;
run;

Figure 3.1 Time Series Data

Obs year
1 1990
2 1990
3 1990
4 1990
5 1990
6 1990
7 1990
8 1991
9 1991

10 1991
11 1991
12 1991
13 1991
14 1991

month
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134.
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When a time series is stored in the manner shown by this example, the terms series and variable can be used
interchangeably. There is one observation per row and one series/variable per column.
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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 uses the ID variables YEAR and MONTH to identify the time periods of the ob-
servations. 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” on page 65, 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” on page 67 discusses how to read in date
and time values from data records and how to control the display of date and datetime values in SAS output.
Later sections 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
in SAS Language Reference: Dictionary. Reference documentation on these features is also provided in
Chapter 4, “Date Intervals, Formats, and Functions.”

SAS Date, Datetime, and Time Values
SAS Date Values

SAS software 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. For example, 3 February 1960 is represented by SAS as
33. The SAS date for 17 October 1991 is 11612.

SAS software correctly represents dates from the year 1582 to the year 20,000.

Dates represented in this way are called SAS date values. Any numeric variable in a SAS data set whose
values represent dates in this way is called a SAS date variable.

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 the section “Formatting Date and Datetime
Values” on page 67.)

Century of Dates Represented with Two-Digit Year Values

SAS software informats, functions, and formats can process dates that are represented with two-digit year
values. The century assumed for a two-digit year value can be controlled with the YEARCUTOFF= option
in the OPTIONS statement. The YEARCUTOFF= system option controls how dates with two-digit year
values are interpreted by specifying the first year of a 100-year span. The default value for the YEARCUT-
OFF= option is 1920. Thus by default the year ‘17’ is interpreted as 2017, while the year ‘25’ is interpreted
as 1925. (See SAS Language Reference: Dictionary for more information about YEARCUTOFF=.)
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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 = 'l70ct1991'd;
put date=;

run;

The year value can be given with two or four digits, so ‘170CT91°D is the same as ‘170CT1991°D.

SAS Datetime Values and Datetime Constants

To represent both the time of day and the date, SAS uses datetime 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 quotes 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 1003329900. Table 3.1 shows some other examples of datetime
constants.

Table 3.1 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 2:00 a.m., 17 October 1991
‘170CT1991:0:0°DT midnight, 17 October 1991

SAS Time Values

The SAS System also supports time 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 example, 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.
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Reading Date and Datetime Values with Informats

SAS provides a selection of informats for 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.

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 example the time periods are coded as a three-letter month abbreviation followed
by the year. The informat MONY'Y. 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;
format date monyy7.;
label cpi = "US Consumer Price Index'";
datalines;
junl990 129.9
jull990 130.4
augl990 131.6

. more lines ...

The SAS System provides informats for most common notations for dates and times. See Chapter 4 for
more information about the date and datetime informats available.

Formatting Date and Datetime Values

SAS provides formats to convert the internal representation of date and datetime values used by SAS to
ordinary notations for dates and times. Several different 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” column in Figure 3.2.)
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 variable), the DATE9. format (for the DATE1 variable), and no format (for the DATEOQ
variable). The PROC PRINT output in Figure 3.2 shows the effect of the different formats on how the date
values are printed.
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data fmttest;
set uscpi;
date0 = date;
datel = date;

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

proc print data=fmttest label;
run;

Figure 3.2 SAS Date Values Printed with Different Formats

us

DATE with Consumer DATE with

MONYY7. Price DATE with DATEY.

Obs format Index 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 133.5 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
11 APR1991 135.2 11413 01APR1991
12 MAY1991 135.6 11443 01MAY1991
13 JUN1991 136.0 11474 01JUN1991
14 JUL1991 136.2 11504 01JUL1991

The appropriate format to use for SAS date or datetime valued ID variables depends on the sampling fre-
quency or periodicity of the time series. Table 3.2 shows 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 3.2 Formats for Different Sampling Frequencies

ID values Periodicity FORMAT Example
SAS date annual YEARA4. 1991
quarterly YYQCe6. 1991:4
monthly MONYY7. OCT1991
weekly WEEKDATX23. Thursday, 17 Oct 1991
daily DATED9. 170CT1991
SAS datetime hourly DATETIME10. 170CT91:14

minutes DATETIME]13. 170CT91:14:45
seconds DATETIMEI16. 170CT91:14:45:32
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See Chapter 4, “Date Intervals, Formats, and Functions,” for more information about the date and datetime
formats available.

The Variables DATE and DATETIME

SAS/ETS procedures enable you to identify time series observations in many different 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 processing 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. It is also a good practice to always give the date or datetime ID variable a format appropriate
for the data periodicity. (For information about creating SAS date and datetime values from multiple ID
variables, see the section “Computing Dates from Calendar Variables” on page 89.)

You can assign a SAS date- or datetime-valued ID variable any name that conforms to SAS variable name
requirements. However, you might 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 names the date- or datetime-values 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 such as YEAR,
MONTH, and DAY used together. Julian dates also sort correctly. (Julian dates are numbers of the form
yyddd, where yy is the year and ddd is the day of the year. For example, 17 October 1991 has the Julian date
value 91290.)

Calendar dates such as numeric values coded as mmddyy or ddmmyy do not sort correctly. Character vari-
ables that contain 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 might need to subset data to do the following:

* 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.

* select cross sections of the data. (See the section “Cross-Sectional Dimensions and BY Groups” on
page 75.) 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.

* select particular kinds of time series from an interleaved-form data set. (See the section “Interleaved
Time Series” on page 77.) 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.

* 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 following form:

proc arima data=full;
where '31ldecl993'd < date < '26marl994'd;
identify wvar=close;

run;

For complete reference documentation on the WHERE statement, see SAS Language Reference: Dictionary.

Subsetting SAS Data Sets

To create a subset data set, specify the name of the subset data set in 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 that contains time series observations for each of several states.
The following DATA step uses a WHERE statement to exclude observations with dates before 1970 and
uses a subsetting IF statement to select observations for the state NC:

data subset;
set full;
where date >= '1janl1970'd;
if state = 'NC';

run;

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

set full;

if date >= '1janl1970'd & state = 'NC';
run;

The WHERE statement acts on the input data sets specified in the SET statement before observations are
processed by the DATA step program, whereas the IF statement is executed as part of the DATA step pro-
gram. 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 refer only 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. See SAS Language Reference: Dictionary for information about 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 >= '1janl970'd & state = 'NC';
keep date x y;

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 that contains 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
statements:

proc autoreg data=full;
where date >= '1janl970'd & state = 'NC’;
additional statements
run;

You can specify any number of conditions in 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
statements:

proc autoreg data=full;
where date >= '1janl970'd & state = 'NC'
& date *= 'lmayl975'd;
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.

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

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

Figure 3.3 Partial Listing of Data Set FULL

Obs date state i X v close
20 210CT1993 NC 20 0.44803 0.35302 0.44803
21 220CT1993 NC 21 0.03186 1.67414 0.03186
22 230CT1993 NC 22 -0.25232 -1.61289 -0.25232
23 240CT1993 NC 23 0.42524 0.73112 0.42524
24 250CT1993 NC 24 0.05494 -0.88664 0.05494
25 260CT1993 NC 25 -0.29096 -1.17275 -0.29096

You can use KEEP= and DROP= data set options to exclude variables from the input data set. See SAS
Language Reference: Dictionary for information about 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 dimensions 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;

junl990 129.9 114.3
jull990 130.4 114.5
augl990 131.6 116.5

. more lines
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proc print data=usprice;
run;

Figure 3.4 Time Series Data Set Containing Two Series

Obs date cpi PPi
1 JUN1990 129.9 114.3
2 JUL1990 130.4 114.5
3 AUG1990 131.6 116.5
4 SEP1990 132.7 118.4
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

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 the standard form of a time series data set. A time series data set in standard form has the following
characteristics:

* The data set contains one variable for each time series.
* The data set contains exactly one observation for each time period.
* The data set contains an ID variable or variables that identify the time period of each observation.

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

* 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. (The EXPAND and
TIMESERIES procedures can be helpful in converting your data to this standard form.) There are more
complex ways to represent time series in SAS data sets.



74 4 Chapter 3: Working with Time Series Data

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” on page 75.

You can interleave time series, with several observations for each time period identified by another ID vari-
able. Interleaved time series data sets are used to store several series in the same SAS variable. Interleaved
time series data sets are often used to store series of actual values, predicted values, and residuals, or series
of forecast values and confidence limits for the forecasts. This is discussed in the section “Interleaved Time
Series” on page 77.

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;

junl990 . 114.3
jull990 . 114.5
augl990 131.6 116.5
sepl990 132.7 118.4
octl1990 133.5 120.8
nov1l990 133.8 120.1
dec1990 133.8 118.7
janl1991 134.6 119.0
feb1991 134.8 117.2
marl991 135.0 116.2
aprl991 135.2 116.0
mayl991 135.6 116.5
junl991 136.0 116.3

2

§ul1991 136.

’

The decimal points with no digits in the data records represent missing data and are read by SAS 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 consid-
ered 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 called embedded 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;

junl990 . 114.3
jull990 . 114.5
augl990 131.6 116.5
sepl990 132.7 118.4
oct1990 133.5 120.8
nov1l990 . .
decl1990 133.8 118.7
janl991 134.6 119.0
feb1991 134.8 117.2
marl991 135.0 .
aprl991 135.2 116.0
mayl991 135.6 116.5
junl991 136.0 116.3

2

jull99l 136.

4

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 example of a missing observation.

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, deleting the data record for November 1990 from the example would cause
an omitted observation in the USPRICE data set. SAS/ETS procedures expect input data sets to contain
observations 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.

If observations are omitted from the data set, the EXPAND procedure can be used to fill in the gaps with
missing values (or to interpolate nonmissing values) for the time series variables and with the appropriate
date or datetime values for the ID variable.

Cross-Sectional Dimensions and BY Groups

Often, time series in a collection 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
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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 as 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;

nov1l989 133.200 126.700 130.000

decl1989 133.300 126.500 130.600

janl990 135.100 128.100 132.100

. more lines

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;
length city $11;
input city $11. date : monyy. cpi;
format date monyy.;

datalines;

New York JAN1990 135.100
New York FEB1990 135.300
New York MAR1990 136.600

. more lines

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

When processing a time series cross sectional form data set with most SAS/ETS procedures, 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.
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It is also possible to analyze time series cross-sectional data jointly. The PANEL procedure (and the older
TSCSREG procedure) expects the input data to be in the time series cross-sectional form described here.
See Chapter 20, “The PANEL Procedure,” for 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” on page 82.)

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.

Thus, the output from PROC FORECAST consists of up to 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 series that is being forecast. The observations for the five resulting series are identified by values
of the variable _'TYPE_. These observations are interleaved in the output data set with observations for the
same date grouped together.

The following statements show how to use PROC FORECAST to forecast the variable CPI in the USCPI
data set. Figure 3.5 shows 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 (obs=6);
run;
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Figure 3.5 Partial Listing of Output Data Set Produced by PROC FORECAST

Obs date _TYPE_ _LEAD__ cpi
1 JUN1990 ACTUAL 0 129.900
2 JUN1990 FORECAST 0 130.817
3 JUN1990 RESIDUAL 0 -0.917
4 JUL1990 ACTUAL 0 130.400
5 JUL1990 FORECAST 0 130.678
6 JUL1990 RESIDUAL 0 -0.278

Observations with _TYPE_=ACTUAL contain the values of CPI read from the input data set. Observations
with _TYPE_=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 with _TYPE_=U95 and _TYPE_=L.95 contain the upper and lower
bounds, respectively, 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 procedures. However, it is
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 an-
other SAS/ETS procedure, include a WHERE _TYPE_="RESIDUAL’ statement. The following statements
perform a spectral 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 that combines a cross-sectional dimension, a time dimension, and
the values of the _TYPE_ variable. For example, consider the PROC FORECAST output data set produced
by the following statements:

title "FORECAST Output Data Set with BY Groups";

proc forecast data=cpicity interval=month
method=expo lead=2
out=foreout outfull outresid;
var cpi;
id date;
by city;
run;
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proc print data=foreout (obs=6);
run;

The output data set FOREOUT contains many different time series in the single variable CPI. (The first few
observations of FOREOUT are shown in Figure 3.6.) BY groups that are 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 of _'TYPE_.

Figure 3.6 Combined Cross Sections and Interleaved Time Series Data

FORECAST Output Data Set with BY Groups
Obs city date _TYPE _LEAD__ cpi
1 Chicago JAN9O ACTUAL 0 128.100
2 Chicago JAN90O FORECAST 0 128.252
3 Chicago JAN90 RESIDUAL 0 -0.152
4 Chicago FEB90 ACTUAL 0 129.200
5 Chicago FEB90 FORECAST 0 128.896
6 Chicago FEB90 RESIDUAL 0 0.304

Output Data Sets of SAS/ETS Procedures

Some SAS/ETS procedures (such as PROC FORECAST) produce interleaved output data sets, and 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).

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 forecasts
only one series at a time.

The following statements show the use of the ARIMA procedure to produce a forecast of the USCPI data
set. Figure 3.7 shows part of the output data set that is produced by the ARIMA procedure’s FORECAST
statement. (The printed output from PROC ARIMA is not shown.) Compare the PROC ARIMA output data
set shown in Figure 3.7 with the PROC FORECAST output data set shown in Figure 3.6.

title "PROC ARIMA Output Data Set";

proc arima data=uscpi;
identify wvar=cpi(1l);
estimate g=1;
forecast id=date interval=month
lead=12 out=arimaout;
run;
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proc print data=arimaout (obs=6);

run;
Figure 3.7 Partial Listing of Output Data Set Produced by PROC ARIMA
PROC ARIMA Output Data Set

Obs date cpi FORECAST STD L95 U9s RESIDUAL
1 JUN1990 129.9 . . . . .
2 JUL1990 130.4 130.368 0.36160 129.660 131.077 0.03168
3 AUG1990 131.6 130.881 0.36160 130.172 131.590 0.71909
4 SEP1990 132.7 132.354 0.36160 131.645 133.063 0.34584
5 0OCT1990 133.5 133.306 0.36160 132.597 134.015 0.19421
6 NOV1990 133.8 134.046 0.36160 133.337 134.754 -0.24552

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 response 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 .95 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 works well only 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 such as FOR1, FOR2, RES],
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 result series in an output data set. These procedures store output time series in standard form (as
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 frequency or 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 SAS, data periodicity is described by specifying periodic time intervals into which the dates of the obser-
vations fall. For example, the SAS time interval MONTH divides time into calendar months.
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Many SAS/ETS procedures enable you to specify the periodicity of the input data set with the INTERVAL=
option. For example, specifying INTERVAL=MONTH indicates 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= options to
control the interpolation of time series from one periodicity to another.

SAS also uses time intervals in several other ways. In addition to indicating 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

Intervals are specified in SAS by using interval names such as YEAR, QTR, MONTH, DAY, and so forth.
Table 3.3 summarizes the basic types of intervals.

Table 3.3 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 specify monthly intervals as
MONTH, MONTHS, MONTHLY, or just MON. SAS accepts all these forms as equivalent.

Interval names can also be qualified with a multiplier to indicate multi-period intervals. For example, bien-
nial intervals are specified as YEAR2.

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

Intervals are classified as either date 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 datetime ID values instead of date ID values.

See Chapter 4, “Date Intervals, Formats, and Functions,” for more information about specifying time inter-
vals and for a detailed reference to the different kinds of intervals available.
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Using Intervals with SAS/ETS Procedures

SAS/ETS procedures use the date or datetime interval 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 that correspond to successive time intervals.

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

* to label forecast observations in the output data set. The values of the ID variable for the forecast ob-
servations after the end of the input data set are extrapolated 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 four quarters in a year. The seasonality is used to analyze
seasonal properties of time series data and to estimate seasonal forecasting methods.

Plotting Time Series

This section discusses SAS procedures that are available for plotting time series data, but it covers only
certain aspects of the use of these procedures with time series data.

The Time Series Viewer displays and analyzes time series plots for time series data sets that do not contain
cross sections. See Chapter 45, “Getting Started with Time Series Forecasting.”

The SGPLOT procedure produces high resolution color graphics plots. See the SAS/GRAPH: Statistical
Graphics Procedures Guide and SAS/GRAPH: Reference for more information.

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

The Time Series Viewer can also be invoked by selecting Solutions» Analyze» Time Series Viewer from
the menu in the SAS Display Manager.

Using PROC SGPLOT

The following statements use the SGPLOT procedure to plot CPI in the USCPI data set against DATE. (The
USCEPI data set was shown in a previous example; the data set plotted in the following example contains
more observations than shown previously.)

title "Plot of USCPI Data";
proc sgplot data=uscpi;

series x=date y=cpi / markers;
run;

The plot is shown in Figure 3.8.

Figure 3.8 Plot of Monthly CPI Over Time
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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
XAXIS statement to tell PROC SGPLOT to mark the axis at the start of each quarter:
proc sgplot data=uscpi;
series x=date y=cpi / markers;
format date yyqc.;
xaxis values=('1ljan90'd to '13jul9l'd by qgtr);
run;

The plot is shown in Figure 3.9.

Figure 3.9 Plot of Monthly CPI Over Time
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Overlay Plots of Different Variables

You can plot two or more series stored in different variables on the same graph by specifying multiple plot
requests in one SGPLOT statement.
For example, the following statements plot the CPI, FORECAST, L95, and U95 variables produced by

PROC ARIMA in a previous example. A reference line is drawn to mark the start of the forecast period.
Quarterly tick marks with YYQC format date values are used.
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title "ARIMA Forecasts of CPI";

proc arima data=uscpi;
identify wvar=cpi(l);
estimate g=1;
forecast id=date interval=month lead=12 out=arimaout;

run;

title "ARIMA forecasts of CPI";

proc sgplot data=arimaout noautolegend;
scatter x=date y=cpi;
scatter x=date y=forecast / markerattrs=(symbol=asterisk);
scatter x=date y=195 / markerattrs=(symbol=asterisk color=green);
scatter x=date y=u95 / markerattrs=(symbol=asterisk color=green);
format date yyqc4.;
xaxis values=('1jan90'd to '13jul92'd by qtr);
refline '15jul9l'd / axis=x;

run;

The plot is shown in Figure 3.10.

Figure 3.10 Plot of ARIMA Forecast
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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 in GROUP= option
to distinguish the different series.

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

The _TYPE_ variable is used in the PLOT statement to identify the different series and to select the SCAT-
TER statements to use for each plot.

title "Plot of Forecasts of USCPI Data'";

proc forecast data=uscpi interval=month lead=12
out=foreout outfull outresid;

var cpi;
id date;
run;

proc sgplot data=foreout;
where _type_ “~= 'RESIDUAL';
scatter x=date y=cpi / group=_type_markerattrs=(symbol=asterisk);
format date yyqc4.;
xaxis values=('1jan90'd to '13jul92'd by qtr);
refline '15jul9l'd / axis=x;
run;

The plot is shown in Figure 3.11.
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Figure 3.11 Plot of Forecast
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Residual Plots

The following example plots the residuals series that was excluded from the plot in the previous example.
The NEEDLE statement specifies a needle plot, so that each residual point is plotted as a vertical line
showing deviation from zero.

title "Plot of Residuals for USCPI Data'";
proc sgplot data=foreout;

where _type_ = 'RESIDUAL';

needle x=date y=cpi / markers;

format date yyqc4.;

xaxis values=('1ljan90'd to '13jul91'd by qgtr);
run;

The plot is shown in Figure 3.12.



88 4 Chapter 3: Working with Time Series Data

Figure 3.12 Plot of Residuals
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Using PROC GPLOT

The GPLOT procedure in SAS/GRAPH software can also be used to plot time series data, although the
newer SGPLOT procedure is easier to use.

The following is an example of how GPLOT can be used to produce a plot similar to the graph produced by
PROC SGPLOT in the preceding section.

title "Plot of USCPI Data";
proc gplot data=uscpi;
symbol i=spline v=circle h=2;
plot cpi * date;
run;

The plot is shown in Figure 3.13.
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Figure 3.13 Plot of Monthly CPI Over Time
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For more information about the GPLOT procedure, see SAS/GRAPH: Reference.

Calendar and Time Functions

Calendar and time functions convert calendar and time variables such as 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. See SAS Lan-
guage Reference: Dictionary for more details about these functions.

Computing Dates from Calendar Variables

The MDY function converts MONTH, DAY, and YEAR values to a SAS date value. For example,
MDY (2010,17,91) returns the SAS date value *170CT2010’D.
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The YYQ function computes the SAS date for the first day of a quarter. For example, YYQ(2010,4) returns
the SAS date value *10CT2010’D.

The DATEJUL function computes the SAS date for a Julian date. For example, DATEJUL(91290) returns
the SAS date *170CT2010’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.

For example, the following statements read quarterly data from records in 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 yyqgc.;
datalines;
1990 1 5375.4
1990 2 5443.3
1990 3 5514.6

. more lines ...

The monthly USCPI data shown in a previous example contained time ID values represented in the MONY'Y
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

. more lines ...

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 that contain date values represented
in the MONYY format, you can find the month and year of each observation from the SAS dates of the
observations by using the following statements.

data uscpi;
input date monyy7. cpi;
format date monyy7.;
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year = year( date );
month month ( date );
datalines;
junl990 129.9
jull990 130.4
augl990 131.6

. more lines ...

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 SEC-
OND time variables.

See the section “SAS Date, Time, and Datetime Functions™ on page 141 for more information about 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

91 10 17 3 53

91 10 17 6 54

. more lines ...

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 functions can be combined to compute calendar
variables from datetime values.
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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;
l60ct91:21:00 61
170ct91:00:00 56
170ct91:03:00 53
170ct91:06:00 54

. more lines

Interval Functions INTNX and INTCK

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

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 that contains a given date or datetime value.

The form of the INTNX function is
INTNX ( interval, from, n< , alignment > ) ;

The arguments to the INTNX function are as follows:

interval
18 a character constant or variable that contains an interval name

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

is the number of intervals to increment from the interval that contains the from value

alignment
controls the alignment of SAS dates, within the interval, used to identify output observations. Allowed
values are BEGINNING, MIDDLE, END, and SAMEDAY.

The number of intervals to increment, 7, can be positive, negative, or zero.
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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 that contains the value of DATE. Thus
INTNXCMONTH’,;210CT2007°D,1) returns the date 1 November 2007.

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

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

The arguments of the INTCK function are as follows:

interval
is a character constant or variable that contains an interval name

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

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

For example, the statement NEWYEARS=INTCK(YEAR’,DATE1,DATE2) assigns 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(CWEEK’,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 example 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:

data uscpi;
input cpi;
date = intnx( 'month', '1junl990'd, _n_ -1 );
format date monyy7.;

datalines;

129.9

130.4

131.6

. more lines ...

The automatic variable _N_ counts the number of times the DATA step program has executed; in this case
_N_ contains the observation number. Thus _N_—1 is the increment needed from the first observation date.
Alternatively, you could increment from the month before the first observation, in which case the INTNX
function in this example would be written INTNX(CMONTH’, 1IMAY 1990’D,_N_).
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Alignment of SAS Dates

Any date within the time interval that corresponds 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 MONY'Y format also ignores the day of the month.

Thus, you could read in the monthly USCPI data with mid-month DATE values by using the following
statements:

data uscpi;
input date : date9. cpi;
format date monyy7.;
datalines;
15junl1990 129.9
15jul1990 130.4
15augl990 131.6

. more lines ...

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 might find working with time series in SAS less confusing if you always use date
ID values normalized to the start of the interval.

For some applications it might be preferable to use end of period dates, such as 31Jan1994, 28Feb1994,
31Mar1994, ..., 31Dec1994. For other applications, such as plotting time series, it might be more conve-
nient to use interval midpoint dates to identify the observations.

(Some SAS/ETS procedures provide an ALIGN= option to control the alignment of dates for output time
series observations. In addition, the INTNX library 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 O 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 normalize the mid-month
DATE values to first-of-month and end-of-month values. For exposition, the first-of-month value is trans-
formed 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' );
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datalines;

15junl1990 129.9
153jull990 130.4
15augl990 131.6

. more lines ...

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 seventh 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;

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 is in days. If the ID values
are SAS datetime values, the width is 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;
15junl1990 129.9
153jull990 130.4
15augl990 131.6
15sepl1990 132.7

. more lines ...

Computing the Ceiling of an Interval

To shift a date to the start of the next interval if it is 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.
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data test;
set uscpi;
newyear = intnx( 'year',K 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.
Following are two examples:

e The function INTCKCMONTH’, 1JAN1991°D,’31JAN1991°’D) returns 0O, since the two dates are
within the same month.

e The function INTCK(CMONTH’31JAN1991’D, 1FEB1991°D) returns 1, since the two dates lie in
different months that are one month apart.

When the first date is later than the second date, INTCK returns a negative count. For example, the function
INTCKCMONTH’, 1FEB1991°’D,’31JAN1991°D) returns —1.

The following example shows how to use the INTCK function with shifted interval specifications 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, dl1 );

nMonday = intck( 'week.2', dO, d1 );
nTuesday = intck( 'week.3', dO, dl1 );
nWedday = intck( 'week.4', dO, d1 );
nThurday = intck( 'week.5', dO, dl );
nFriday = intck( 'week.6', dO, dl );
nSatday = intck( 'week.7', dO, dl1 );
drop d0 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.
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Checking Data Periodicity

Suppose you have a time series data set and you want to verify that the data periodicity 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 previous observation, and the automatic variable _N_
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;

Filling In Omitted Observations in a Time Series Data Set

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 observations with the EXPAND
procedure.

The following statements create a monthly data set, OMITTED, from data lines that contain records for an
intermittent sample of months. (Data values are not shown.) The OMITTED data set is sorted to make sure
it is in time order.

data omitted;
input date : monyy7. x y z;
format date monyy7.;
datalines;
janl1991
marl991
aprl991l
junl991
. ete.

proc sort data=omitted;
by date;
run;

This data set is converted to a standard form time series data set by the following PROC EXPAND step. The
TO= option specifies that monthly data is to be output, while the METHOD=NONE option specifies that no
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interpolation is to be performed, so that the variables X, Y, and Z in the output data set STANDARD will
have missing values for the omitted time periods that are filled in by the EXPAND procedure.

proc expand data=omitted
out=standard
to=month
method=none;
id date;
run;

Using Interval Functions for Calendar Calculations

With a little thought, you can come up with a formula that involves 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', 'loct91l'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 you model a time series, you
might 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 15, “The
EXPAND Procedure,” for more information. See also the section “Transforming Time Series” on page 107.
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The LAG and DIF Functions

The DATA step provides two functions, LAG and DIF, for accessing previous values of a variable or expres-
sion. 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 part in Figure 3.14.

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

proc print data=uscpi;
run;

Figure 3.14 USCPI Data Set with Lagged and Differenced Series

Plot of USCPI Data
Obs date cpi cpilag cpidif

1 JUN1990 129.9 . .
2 JUL1990 130.4 129.9 0.5
3 AUG1990 131.6 130.4 1.2
4 SEP1990 132.7 131.6 1.1
5 OCT1990 133.5 132.7 0.8
6 NOV1990 133.8 133.5 0.3
7 DEC1990 133.8 133.8 0.0
8 JAN1991 134.6 133.8 0.8
9 FEB1991 134.8 134.6 0.2
10 MAR1991 135.0 134.8 0.2
11 APR1991 135.2 135.0 0.2
12 MAY1991 135.6 135.2 0.4
13 JUN1991 136.0 135.6 0.4
14 JUL1991 136.2 136.0 0.2

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 values 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.)
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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.

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 before using the LAG and DIF functions. Beware of missing observations,
which can 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.

Pitfalls 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 >= '1janl991'd;

cpilag = lag( cpi ); /* WRONG PLACEMENT! x*/
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 >= '1janl991'd;
run;

In other cases, the subsetting statement should come before the LAG and DIF functions. For exam-
ple, the following statements subset the FOREOUT data set shown in a previous example to select only
_TYPE_=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 use the EXPAND procedure to compute lags and differences. For example, 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;

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



102 4 Chapter 3: Working with Time Series Data

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.

LAG and DIF Functions in PROC MODEL

The preceding discussion of LAG and DIF functions applies to LAG and DIF functions 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 observation.
See Chapter 19, “The MODEL Procedure,” for more information about 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 LAG?2 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 are missing.)

data uscpi;
set uscpi;
cpilagl2 = lagl2( cpi );
cpidifl2 = difl2( 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 differ-
ence of CPI:

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:
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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 statements compute the month-over-month change in CPI as a percent
change at annual rates:

data uscpi;

set uscpi;

pctchng = ( ( cpi / lag( cpi ) ) **x 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:

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
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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 = difl2( 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 by us-
ing the EXPAND procedure, and then compute the percent change of the annual series. (See
Chapter 15, “The EXPAND Procedure,” for more information about PROC EXPAND.)

For example, the following statements compute percent changes in the annual averages 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 suml2 0O;
drop suml2 avel2 cpilagl2;
set uscpi;

suml2 = suml2 + cpi;
cpilagl2 = lagl2( 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 handling 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 accumulated, and older values must be removed from the moving sum. The
LAG11 of CPI is checked for missing values to determine when at least 12 values have been accumulated;
AVEI12 will be missing when LAG11 of CPI is missing. The DROP statement prevents temporary variables
from being added to the data set.
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Note that the DIF and LAG functions must execute for every observation, or the queues of remembered
values will not operate correctly. The CPILAG12 calculation 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 ID variable, 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 is missing for the last
observation, of course.)

data temp;
set uscpi;
keep date cpi;
rename cpi = cpilead;
date = lag( date );
if date *= .;

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 CPILEAD?2, which contain leads of CPI for 1
and 2 periods, respectively:

data templ (rename=(cpi=cpileadl))
temp2 (rename= (cpi=cpilead2));
set uscpi;
keep date cpi;
date = lag( date );

if date = . then output templ;
date = lag( date );
if date = . then output temp2;

run;
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data uscpi;
merge uscpi templ temp2;
by date;

run;

Summing Series

Simple cumulative sums are easy to compute using SAS sum statements. The following 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 + X;
run;

The SAS sum statement automatically retains the variable XSUM and initializes it to 0, and the sum state-
ment 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;

Xxsum = sum( xXsum, X );
run;

You can also use the EXPAND procedure to compute summations. For example:

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 statement that initializes the summation variable to zero.

For example, the following statements add the variable XSUM?2 to data set A. XSUM2 contains the sum
of every other observation, with even-numbered observations 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 O;
xsum2 = sum( lag( xsum2 ), x );

run;
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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 observations 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 O;

xsum4 = sum( lag3( xsum4 ), x );
run;

To compute higher-order sums, repeat the preceding process and sum the summation variable. For example,
the following statements compute the first and second summations of X:

data a;
set a;
xsum + Xx;
X2sum + xXsum;
run;

The following statements compute the second order four-period sum of X:

data a;
set a;
retain xsum4 x2sumé4 O;
xsum4 = sum( lag3( xsumd4 ), x );
x2sum4 = sum( lag3( x2sum4 ), xsuméd );
run;

You can also use PROC EXPAND to compute cumulative statistics and moving window statistics. See
Chapter 15, “The EXPAND Procedure,” for details.

Transforming Time Series

It is often useful to transform time series for analysis or forecasting. Many time series analysis and forecast-
ing methods are most appropriate for time series with an unrestricted range, a linear trend, and a 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:
* range restrictions. Many time series cannot have negative values or can be limited to a maximum
possible value. You can often create a transformed series with an unbounded range.

* nonlinear trends. Many economic time series grow exponentially. Exponential growth corresponds to
linear growth in the logarithms of the series.
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* series variability that changes over time. Various transformations can be used to stabilize the variance.

* nonstationarity. The %DFTEST macro can be used to test a series for nonstationarity which can then

be removed by differencing.

Log Transformation

The logarithmic transformation is often useful for series that must be greater than zero and that grow expo-
nentially. For example, Figure 3.15 shows a plot of an airline passenger miles series. Notice that the series
has exponential growth and the variability of the series increases over time. Airline passenger miles must

also be zero or greater.

Figure 3.15 Airline Series
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The following statements compute the logarithms of the airline series:

1961
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data lair;
set sashelp.air;
logair = log( air );
run;

Figure 3.16 shows a plot of the log-transformed airline series. Notice that the log series has a linear trend

and constant variance.

Figure 3.16 Log Airline Series
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The %LLOGTEST macro can help you decide if a log transformation is appropriate for a series. See Chap-
ter 5, “SAS Macros and Functions,” for more information about the %LLOGTEST macro.

Other Transformations

The Box-Cox transformation is a general class of transformations that includes the logarithm as a special
case. The %2BOXCOXAR macro can be used to find an optimal Box-Cox transformation for a time series.
See Chapter 5 for more information about the %BOXCOXAR macro.
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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 prob-
abilities. The logistic function transforms values between 0 and 1 to values that can range from -oco to
+00.

For example, the following statements transform the variable SHARE from percent values to an unbounded
range:

data a;

set a;

lshare = log( share / ( 100 - share ) );
run;

Many other data transformation can be used. You can create virtually any desired data transformation using
DATA step statements.

The EXPAND Procedure and Data Transformations

The EXPAND procedure provides a convenient way to transform series. For example, the following state-
ments 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=lshare / transform=( / 100 logit );
run;

See Table 15.2 in Chapter 15, “The EXPAND Procedure,” for 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 might want to separate several time series that are contained in one data set into different
data sets. In other cases, you might 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 that contain 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:
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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 PPI has the range from the beginning 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 >= 'laugl990'd then output uscpi;
if date <= '1ljunl991'd then output usppi;
run;

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 that 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 applications of the TRANSPOSE procedure relevant to time series
data sets. See the Base SAS Procedures Guide for more information about 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; observations with
_TYPE_=FORECAST are stored in the new variable FORECAST; and so forth. Note that the method
used in this example works only for a single variable.

title "Original Data Set";
proc print data=foreout (obs=10);

where date > 'lmayl991'd & date < 'loctl1991'd;
run;
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proc transpose data=foreout out=trans (drop=_name_);
var cpi;
id _type_;
by date;
where date > 'lmayl991'd & date < 'loctl991'd;
run;

title "Transposed Data Set";
proc print data=trans (obs=10);
run;

The TRANSPOSE procedure adds the variables _'NAME_ and _LABEL_ to the output data set. These
variables contain the names and labels of the variables that were transposed. In this example, there is only
one transposed variable, so _NAME_ has the value CPI for all observations. Thus, _NAME_ and _LLABEL_
are of no interest and are dropped from the output data set by 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
DROP=_LABEL_ option produces a warning message. You can ignore this message, or you can prevent
the message by omitting _LABEL_ from the DROP= list.)

The original and transposed data sets are shown in Figure 3.17 and Figure 3.18. (The observation numbers
shown for the original data set reflect the operation of the WHERE statement.)

Figure 3.17 Original Data Sets

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 U95 1 137.990
46 SEP1991 FORECAST 2 137.443
Figure 3.18 Transposed Data Sets
Transposed Data Set
Obs date LABEL_ ACTUAL FORECAST RESIDUAL L95 U9s

JUN1991 US Consumer Price Index 136.0 136.146 -0.14616

JUL1991 US Consumer Price Index 136.2 136.566 -0.36635 .
AUG1991 US Consumer Price Index . 136.856 . 135.723 137.990
SEP1991 US Consumer Price Index . 137.443 . 136.126 138.761
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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 works only for a

single variable.

title "Original Data Set";
proc print data=cpicity;
run;

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

proc transpose data=temp out=citycpi (drop=_name_);

var cpi;

id city;

by date;
run;

title "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 shown in Figure 3.19 and Figure 3.20.

Figure 3.19 Original Data Sets

Obs city

1 Chicago

2 Chicago

3 Chicago

4 Chicago

5 Chicago

6 Chicago

7 Chicago

8 Los Angeles
9 Los Angeles
10 Los Angeles
11 Los Angeles
12 Los Angeles
13 Los Angeles
14 Los Angeles
15 New York

16 New York

17 New York

18 New York

19 New York
20 New York
21 New York

Original Data Set

date

JAN9O
FEB90
MAR90
APR90
MAY90
JUN90
JUL90
JAN9O
FEB90
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APRI0
MAY90
JUN90
JUL90
JAN9O
FEB90
MAR90
APRI90
MAY90
JUNSO
JUL90

cpi
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129.
129.
130.
130.
131.
132.
132.
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134.
134.
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135.
135.
135.
136.
137.
137.
137.
138.
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Figure 3.20 Transposed Data Sets

Obs

NN o WD R

date

JANS0
FEB90
MAR90
APR90
MAYO90
JUN90
JUL90

Transposed Data Set

Chicago

128.
129.
129.
130.
130.
131.
132.

O d O N PR

Los

Angeles

132.
133.
134.
134.
134.
135.
135.

o OO b oo -

135.
135.
136.
137.
137.
137.
138.

New_York

S RPNDWwWoWwR

The following statements transpose the CITYCPI data set back to the original form of the CPICITY data
set. The variable _NAME_ is added to the data set to tell PROC TRANSPOSE the name of the variable
in which to store the observations in the transposed data set. (If the (DROP=_NAME_ _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 in the original. The retransposed data set is shown in

Figure 3.21.
data temp;
set citycpi;
_name_ = '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;
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Figure 3.21 Data Set Transposed Back to Original Form

Obs
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Retransposed Data Set

date

JAN9O
FEB90
MAR90
APR90
MAY90
JUN9O
JUL90
JAN9O
FEB90
MAR90
APR90
MAY90
JUN90
JUL90
JAN9O
FEB90
MAR90
APRI90
MAY90
JUN90
JUL90

city

Chicago
Chicago
Chicago
Chicago
Chicago
Chicago
Chicago
Los_Angeles
Los_Angeles
Los_Angeles
Los_Angeles
Los_Angeles
Los_Angeles
Los_Angeles
New_York
New_York
New_York
New_York
New_York
New_York
New_York

CPI

128.
129.
129.
130.
130.
131.
132.
132.
133.
134.
134.
134.
135.
135.
135.
135.
136.
137.
137.
137.
138.
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Time Series Interpolation

The EXPAND procedure interpolates time series. This section provides a brief summary 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 15.

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 because 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 that

contain 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 in the PROC EXPAND statement, and specify the time ID variable in an ID statement. For example,
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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 can 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 series, specify the time interval of the input data
set with the FROM= option, and specify the time interval for the desired output frequency with the TO=
option. For example, the following statements compute interpolated weekly values of the monthly CPI 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 variables that represent totals
or averages over an interval. Point-in-time values are often called stocks or levels. Variables that represent
totals or averages over an interval are often called flows or rates.

For example, the annual series Gross National Product represents the final goods production 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 average or total values. To
convert observation characteristics, specify the input and output characteristics with the OBSERVED= op-
tion in the CONVERT statement. For example, the following statements use the monthly average price
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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. See Chapter 12, “The DATASOURCE Procedure,” for more information.

The SASECRSP, SASEFAME, and SASEHAVR interface engines enable SAS users to access and pro-
cess time series data in CRSPAccess data files, FAME databases, and Haver Analytics Data Link Express
(DLX) data bases, respectively. See Chapter 39, “The SASECRSP Interface Engine,” Chapter 41, “The
SASEFAME Interface Engine,” and Chapter 42, “The SASEHAVR Interface Engine,” for 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 generated with programming statements.

For example, the following statements read the USPRICE data set from data records that contain 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 @@;
date = intnx( 'month', '1junl990'd, _n_ -1 );
format date monyy7.;
datalines;
129.9 114.3 130.4 114.5 131.6 116.5
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

4
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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.

data temp;
length _name_ $8 _label_ $40;
keep _name_ _label_ date value;
format date monyy.;
input _name_ month year nval _1label_ §&;
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

pPpPi 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

The following statements sort the data set by date and series name, and the TRANSPOSE procedure is used
to transpose the data into a standard form time series data set.

proc sort data=temp;
by date _name_;
run;

proc transpose data=temp out=usprice (drop=_name_);
by date;
var value;

run;

proc contents data=usprice;
run;

proc print data=usprice;
run;

The final data set is shown in Figure 3.23.
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Figure 3.22 Contents of USPRICE Data Set

[

Retransposed Data Set
The CONTENTS Procedure

Alphabetic List of Variables and Attributes

Variable Type Len Format Label

cpi Num 8 Consumer Price Index
date Num 8 MONYY.

ppi Num 8 Producer Price Index

Figure 3.23 Listing of USPRICE Data Set

Retransposed Data Set
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 APRI1 116.0 135.2
12 MAY91 116.5 135.6
13 JUN91 116.3 136.0
14 JUL91 . 136.2
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Overview

This chapter summarizes the time intervals, date and datetime informats, date and datetime formats, and
date, time, and datetime functions available in SAS software. The use of these features is explained in
Chapter 3, “Working with Time Series Data.” The material in this chapter is also contained in SAS Language
Reference: Concepts and SAS Language Reference: Dictionary. Because these features are useful for work
with time series data, documentation of these features is consolidated and repeated here for easy reference.
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Time Intervals

This section provides a reference for the different kinds of time intervals supported by SAS software, but it
does not cover how they are used. For an introduction to the use of time intervals, see Chapter 3, “Working
with Time Series Data.”

Some interval names are used with SAS date values, while other interval names are used with SAS date-
time values. The interval names used with SAS date values are YEAR, SEMIYEAR, QTR, MONTH,
SEMIMONTH, TENDAY, WEEK, WEEKDAY, DAY, YEARYV, R445YR, R454YR, R544YR, R445QTR,
R454QTR, R544QTR, R445MON, R454MON, R544MON, and WEEKYV. 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” on page 125.

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, DT-
SEMIMONTH, DTTENDAY, DTWEEK, DTWEEKDAY, DTDAY, DTYEARYV, DTR445YR, DTR454YR,
DTR544YR, DTR445QTR, DTR454QTR, DTR544QTR, DTR445MON, DTR454MON, DTR544MON,
and DTWEEKY are used with SAS datetime 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:

NAMEn.s

The three parts of the interval name are shown below:

NAME the name of the basic interval type. For example, YEAR specifies yearly intervals.

n an optional multiplier that specifies that the interval is a multiple of the period of the
basic interval type. For example, the interval YEAR?2 consists of two-year (biennial)
periods.

s an optional starting subperiod index that specifies that the intervals 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 multiplier n and the shift index s are optional and default to 1. For example, YEAR, YEARI,
YEAR.1, and YEARI.1 are all equivalent ways of specifying ordinary calendar years.
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To test for a valid interval specification, use the INTTEST function:

interval = 'MONTH3.2';
valid = INTTEST( interval );
valid = INTTEST( 'YEAR4');

INTTEST returns a value of O if the argument is not a valid interval specification and 1 if the argument is
a valid interval specification. The INTTEST function can also be used in a DATA step to test an interval
before calling an interval function:

valid = INTTEST( interval );

if ( valid = 1 ) then do;
end _date = INTNX( interval, date, 0, 'E' );
Status = 'Success';

end;

if ( valid = 0 ) then Status = 'Failure';

For more information about the INTTEST function, see the SAS Language Reference: Dictionary.

Shifted Intervals

Different kinds of intervals are shifted by different subperiods:

* YEAR, SEMIYEAR, QTR, and MONTH intervals are shifted by calendar months.
* WEEK and DAY intervals are shifted by days.

 SEMIMONTH intervals are shifted by semimonthly periods.

* TENDAY intervals are shifted by 10-day periods.

* YEARV intervals are shifted by WEEKYV intervals.

* R445YR, R445QTR, and R445MON intervals are shifted by R445MON intervals.
* R454YR, R454QTR, and R454MON intervals are shifted by R454MON intervals.
* R544YR, R544QTR, and R544MON intervals are shifted by R544MON intervals.
* WEEKY intervals are shifted by days.

« WEEKDAY intervals are shifted by weekdays.

* HOUR intervals are shifted by hours.

* MINUTE intervals are shifted by minutes.

* SECOND intervals are shifted by seconds.
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The INTSHIFT function returns the shift interval:

interval = 'MONTH3.2';
shift_ interval = INTSHIFT( interval );

In this example, the value of shift_interval is ‘MONTH’. For more information about the INTSHIFT func-
tion, see the SAS Language Reference: Dictionary.

If a subperiod is specified, the shift index cannot be greater than the number of subperiods in the whole
interval. For example, you can use YEAR2.24, but YEAR2.25 is an error because there is no 25th 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 because there is only one month in MONTH. However, bimonthly intervals can be
shifted because there are two MONTH intervals in each MONTH?2 interval. The interval name MONTH2.2
specifies bimonthly periods that start on the first day of even-numbered months.

Beginning Dates and Datetimes of Intervals

Intervals that represent divisions of a year begin with the start of the year (1 January). YEARYV, R445YR,
R454YR, and R544YR intervals begin with the first week of the International Organization for Standard-
ization (ISO) year, the Monday on or immediately preceding January 4th. R445QTR, R454QTR, and
R544QTR intervals begin with the 1st, 14th, 27th, and 40th weeks of the ISO year. MONTH2 periods
begin with odd-numbered months (January, March, May, and so on).

Likewise, intervals that represent divisions of a day begin with the start of the day (midnight). Thus,
HOURS.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 begin 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, MONTH]13 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, the WEEK?2 interval begins relative to the Sunday of the week of January 1, 1960. The interval
specification WEEKG6.13 defines six-week periods that start on second Fridays, and the convention of count-
ing relative to the period that contains January 1, 1960, indicates the starting date or datetime of the interval
closest to January 1, 1960, that corresponds to the second Fridays of six-week intervals.

Intervals always begin on the date or datetime defined by the base interval name, the multiplier, and the shift
value. The end of the interval immediately precedes the beginning of the next interval. However, an interval
can be identified by any date or datetime value between its starting and ending values, inclusive. See the
section “Alignment of SAS Dates” on page 140 for more information about generating identifying dates for
intervals.
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Summary of Interval Types

The interval types are summarized as follows:

YEAR
specifies yearly intervals. Abbreviations are YEAR, YEARS, YEARLY, YR, ANNUAL, ANNU-
ALLY, and ANNUALS. The starting subperiod s is in months (MONTH).

YEARV
specifies ISO 8601 yearly intervals. The ISO 8601 year starts on the Monday on or immediately
preceding January 4th. Note that it is possible for the ISO 8601 year to start in December of the
preceding year. Also, some ISO 8601 years contain a leap week. For further discussion of ISO
weeks, see Technical Committee ISO/TC 154, Documents in Commerce, and Administration (2004).
The starting subperiod s is in ISO 8601 weeks (WEEKV).

R445YR
is the same as YEARYV except that the starting subperiod s is in retail 4-4-5 months (R445MON).

R454YR
is the same as YEARYV except that the starting subperiod s is in retail 4-5-4 months (R454MON). For
a discussion of the retail 4-5-4 calendar, see National Retail Federation (2007).

R544YR
is the same as YEARYV except that the starting subperiod s is in retail 5-4-4 months (R544MON).

SEMIYEAR
specifies semiannual intervals (every six months). Abbreviations are SEMIYEAR, SEMIYEARS,
SEMIYEARLY, SEMIYR, SEMIANNUAL, and SEMIANN.

The starting subperiod s is in months (MONTH). 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, and QTRS. The starting subperiod s is in months (MONTH).

R445QTR
specifies retail 4-4-5 quarterly intervals (every 13 ISO 8601 weeks). Some fourth quarters contain a
leap week. The starting subperiod s is in retail 4-4-5 months (R445MON).

R454QTR
specifies retail 4-5-4 quarterly intervals (every 13 ISO 8601 weeks). Some fourth quarters contain a
leap week. For a discussion of the retail 4-5-4 calendar, see National Retail Federation (2007). The
starting subperiod s is in retail 4-5-4 months (R454MON).

R544QTR
specifies retail 5-4-4 quarterly intervals (every 13 ISO 8601 weeks). Some fourth quarters contain a
leap week. The starting subperiod s is in retail 5-4-4 months (R544MON).
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MONTH
specifies monthly intervals. Abbreviations are MONTH, MONTHS, MONTHLY, and MON. The
starting subperiod s is in months (MONTH). For example, MONTH?2.2 intervals are February—March,
April-May, June—July, August—September, October—November, and December—January of the fol-
lowing year.

R445MON
specifies retail 4-4-5 monthly intervals. The 3rd, 6th, 9th, and 12th months are five ISO 8601 weeks
long with the exception that some 12th months contain leap weeks. All other months are four ISO
8601 weeks long. R445MON intervals begin with the 1st, 5th, 9th, 14th, 18th, 22nd, 27th, 31st,
35th, 40th, 44th, and 48th weeks of the ISO year. The starting subperiod s is in retail 4-4-5 months
(R445MON).

R454MON
specifies retail 4-5-4 monthly intervals. The 2nd, 5th, 8th, and 11th months are five ISO 8601 weeks
long. All other months are four ISO 8601 weeks long with the exception that some 12th months
contain leap weeks. R454MON intervals begin with the 1st, 5th, 10th, 14th, 18th, 23rd, 27th, 31st,
36th, 40th, 44th, and 49th weeks of the ISO year. For a discussion of the retail 4-5-4 calendar, see
National Retail Federation (2007). The starting subperiod s is in retail 4-5-4 months (R454MON).

R544MON
specifies retail 5-4-4 monthly intervals. The 1st, 4th, 7th, and 10th months are five ISO 8601 weeks
long. All other months are four ISO 8601 weeks long with the exception that some 12th months
contain leap weeks. R544MON intervals begin with the 1st, 6th, 10th, 14th, 19th, 23rd, 27th, 32nd,
36th, 40th, 45th, and 49th weeks of the ISO year. The starting subperiod s is in retail 5-4-4 months
(R544MON).

SEMIMONTH
specifies semimonthly intervals. SEMIMONTH breaks each month into two periods, starting on
the 1st and 16th days. Abbreviations are SEMIMONTH, SEMIMONTHS, SEMIMONTHLY, and
SEMIMON. The starting subperiod s is in SEMIMONTH periods. For example, SEMIMONTH?2.2
specifies intervals from the 16th of one month through the 15th of the next month.

TENDAY
specifies 10-day intervals. TENDAY breaks the month into three periods, the 1st through the 10th day
of the month, the 11th through the 20th day of the month, and the remainder of the month. (TENDAY
is a special interval typically used for reporting automobile sales data.) The starting subperiod s
is in TENDAY periods. For example, TENDAY4.2 defines 40-day periods that start at the second
TENDAY period.

WEEK
specifies weekly intervals of seven days. Abbreviations are WEEK, WEEKS, and WEEKLY. The
starting subperiod s is in days (DAY), 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.
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WEEKV
specifies ISO 8601 weekly intervals of seven days. Each week starts on Monday. The starting subpe-
riod s is in days (DAY). Note that WEEKYV differs from WEEK in that WEEKV.1 starts on Monday,
WEEKYV.2 starts on Tuesday, and so forth.

WEEKDAY
WEEKDAYdW
WEEKDAY ddW

WEEKDAY dddW
specifies daily intervals with weekend days included in the preceding weekday. Note that for a five-
day work week that starts on Monday, the appropriate interval is WEEKDAYS5.2. Abbreviations are
WEEKDAY and WEEKDAYS. The starting subperiod s is in weekdays (WEEKDAY).

The WEEKDAY interval is the same as DAY except that weekend days are absorbed into the pre-
ceding 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 example, WEEKDAY67W specifies a Friday-Saturday weekend.
WEEKDAY 1W specifies a six-day work week with a Sunday weekend. WEEKDAY 17W is the same

as WEEKDAY.

DAY
specifies daily intervals. Abbreviations are DAY, DAYS, and DAILY. The starting subperiod s is in
days (DAY).

HOUR
specifies hourly intervals. Aliases are HOUR, DTHOUR, HOURS, DTHOURS, HOURLY,
DTHOURLY, HR, and DTHR. The starting subperiod s is in hours (HOUR).

MINUTE
specifies minute intervals. Aliases are MINUTE, DTMINUTE, MINUTES, DTMINUTES, MIN, and
DTMIN. The starting subperiod s is in minutes (MINUTE).

SECOND

specifies second intervals. Aliases are SECOND, DTSECOND, SECONDS, DTSECONDS, SEC and
DTSEC. The starting subperiod s is in seconds (SECOND).
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Examples of Interval Specifications

Table 4.1 shows examples of different kinds of interval specifications.

Table 4.1 Examples of Intervals

Name Description of Interval

YEAR Years that start in January

YEAR.10 Years that start in October

YEAR2.7 Biennial intervals that start in July of even years

YEAR2.19 Biennial intervals that start in July of odd years

YEAR4.11 Four-year intervals that start in November of leap years (frequency
of U.S. presidential elections)

YEARA4.35 Four-year intervals that start in November of even years between
leap years (frequency of U.S. midterm elections)

YEARV Years that start on the Monday on or immediately preceding
January 4th

YEARV.2 Years that start on the Monday immediately following January 4th

R445MON Months that start on the 1st, 5th, 9th, 14th, 18th, 22nd, 27th, 31st,
35th, 40th, 44th, and 48th Monday of the year. The 1st Monday is
the Monday on or immediately preceding January 4th

R445MON3 Three-month intervals that start on the 1st, 14th, 27th, and 40th
Monday of the year. This is equivalent to R445QTR

R445MON3.2 Three-month intervals that start on the 5th, 18th, 31th, and 44th
Monday of the year. This is equivalent to R445QTR.2

WEEK Weekly intervals that start on Sundays

WEEK?2 Biweekly intervals that start on first Sundays

WEEKI1.1 Same as WEEK

WEEK.2 Weekly intervals that start on Mondays

WEEK®6.3 Six-week intervals that start on first Tuesdays

WEEKG6.11 Six-week intervals that start on second Wednesdays

WEEKDAY Daily with Friday-Saturday-Sunday counted as the same day (five-
day work week with a Saturday-Sunday weekend)

WEEKDAY17W Same as WEEKDAY

WEEKDAYS5.2  Five weekdays that start on Monday. If WEEKDAY data are accu-
mulated into weekly data, the interval of the accumulated data is
WEEKDAYS.2

WEEKDAY67W Daily with Thursday-Friday-Saturday counted as the same day
(five-day work week with a Friday-Saturday weekend)

WEEKDAY1W  Daily with Saturday-Sunday counted as the same day (six-day
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 aligned to
Monday, January 4, 1960

HOURS.7 Eight-hour intervals that start at 6 a.m., 2 p.m., and 10 p.m. (might

be used for work shifts)
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Custom Time Intervals

The standard time intervals described in the previous sections do not always fit the data. For example, you
might want to use fiscal months that begin on the 10th of each month, but the MONTH interval begins on
the 1st of each month. Or you might collect data hourly for a business that is closed at night, but using the
DTHOUR interval results in gaps in the data that can cause problems in standard time series analysis. In
another case, you might wish to calculate the number of business days between dates, excluding holidays
and weekends, but holidays are counted when you use the INTCK function with the WEEKDAY interval.
For more information about the INTCK function, see “Interval Functions INTNX and INTCK” on page 92.

Time series can be analyzed using observation numbers as the identifying reference. However, it is often
desirable to maintain the time stamp for other types of modeling such as regression variables based on time
or reconciliation.

To address these issues, you can define custom intervals within a given SAS program. The use of custom
intervals requires the following two steps for each interval:

1 Associate a data set name with a custom interval name by using the INTERVALDS= system option. For
more information about the INTERVALDS= option, see the SAS Language Reference: Dictionary. The
following example associates the data set StoreHoursDS with the custom interval StoreHours.

options intervalds=(StoreHours=StoreHoursDS) ;

2 Create a data set that describes the custom interval. The data set must contain a BEGIN variable. It can
also contain an END and a SEASON variable. It should contain a FORMAT statement for the BEGIN
variable that specifies a SAS date, SAS datetime, or numeric format that matches the BEGIN variable
data. If the END variable is present, it should also be included in the FORMAT statement. A numeric
format that is not a SAS date or SAS datetime format indicates that the values are observation numbers.
If the END variable is not present, then the implied value of END at each observation is one less than the
value of BEGIN at the next observation.

The span of the custom interval data set should include any dates or times that are necessary for perform-
ing calculations on the time series, including backcasting, forecasting, and other operations that might
extend beyond the series (such as filters).

After the two preceding steps have been completed, the custom interval can be specified in SAS procedures
and functions where a standard time interval can be specified.
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The following DATA step creates the StoreHoursDS data set, which is appropriate for a business that is
open 9AM to 6PM Monday through Friday and Saturday 9AM to 1PM:

options intervalds=(StoreHours=StoreHoursDS);
data StoreHoursDS (keep=BEGIN END) ;
start = '01JAN2009'D;
stop = '31DEC2009'D;
do date = start to stop;
dow = WEEKDAY (date);
datetime=dhms (date, 0,0, 0);
if dow not in (1,7) then
do hour = 9 to 17;
begin=intnx('hour', datetime, hour, 'b');
end=intnx ('hour',6datetime, hour, 'e');
output;
end;
else if dow = 7 then
do hour = 9 to 12;
begin=intnx('hour', datetime, hour, 'b');
end=intnx ('hour',6datetime, hour, 'e');

output;
end;
end;
format BEGIN END DATETIME.;
run;

title 'Store Hours Custom Interval';
proc print data=StoreHoursDS (obs=18);
run;

The first 18 observations of the custom interval data set are shown in Figure 4.1.

Figure 4.1 Store Hours Custom Interval

Store Hours Custom Interval

Obs begin end
1 01JAN09:09:00:00 01JAN09:09:59:59
2 01JAN09:10:00:00 01JAN09:10:59:59
3 01JAN09:11:00:00 01JAN09:11:59:59
4 01JAN09:12:00:00 01JAN09:12:59:59
5 01JAN09:13:00:00 01JAN09:13:59:59
6 01JAN09:14:00:00 01JAN09:14:59:59
7 01JAN09:15:00:00 01JAN09:15:59:59
8 01JAN09:16:00:00 01JAN09:16:59:59
9 01JAN09:17:00:00 01JAN09:17:59:59
10 02JAN09:09:00:00 02JAN09:09:59:59
11 02JAN09:10:00:00 02JAN09:10:59:59
12 02JAN09:11:00:00 02JAN09:11:59:59
13 02JAN09:12:00:00 02JAN09:12:59:59
14 02JAN09:13:00:00 02JAN09:13:59:59
15 02JAN09:14:00:00 02JAN09:14:59:59
16 02JAN09:15:00:00 02JAN09:15:59:59
17 02JAN09:16:00:00 02JAN09:16:59:59

[y
o]

02JAN09:17:00:00 02JAN09:17:59:59
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The following DATA step creates the FMDS data set to define a custom interval FiscalMonth, which is
appropriate for a business that uses fiscal months that start on the 10th of each month. The SAME alignment
option of the INTNX function specifies that the dates generated by the INTNX function are the same day
of the month as the date in the start variable. For more information about the INTNX function, see “SAS
Date, Time, and Datetime Functions” on page 141. The MONTH function assigns the month of the BEGIN
variable to the SEASON variable. This specifies monthly seasonality.

options intervalds=(FiscalMonth=FMDS) ;
data FMDS (keep=BEGIN SEASON) ;
start = '10JAN1999'D;
stop = '10JAN2001'D;
nmonths = INTCK('MONTH', start, stop);
do i=0 to nmonths;
BEGIN = INTNX('MONTH',6 start,i,'S');
SEASON = MONTH (BEGIN) ;
output;
end;
format BEGIN DATE.;
run;

The difference between the custom FiscalMonth interval and a standard interval can be seen in the following
example. The output shown in Figure 4.2 compares how the data are accumulated. For the FiscalMonth in-
terval, values in the first nine days of the month are accumulated with the interval that begins in the previous
month. For the standard MONTH interval, values in the first nine days of the month are accumulated with
the calendar month.

data sales (keep=DATE sales);
do date = '01JAN2000'D to '31DEC2000'D;
month = MONTH (date) ;
dayofmonth = DAY (date);
sales = 0;
if ( dayofmonth 1t 10 ) then sales = month/9;
output;
end;
format date monyy.;
run;

proc timeseries data=sales out=dataInFiscalMonths;
id DATE interval=FiscalMonth accumulate=total;
var sales;

run;

proc timeseries data=sales out=dataInStdMonths;
id DATE interval=Month accumulate=total;
var sales;

run;

data compare;
merge dataInFiscalMonths (rename=(sales=FM_sales))
dataInStdMonths (rename=(sales=SM_sales));
by DATE;
run;
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title

'Standard Monthly Data vs. Fiscal Month Data'’;

proc print data=compare;

run;

Figure 4.2 Fiscal Months Custom Interval

Standard Monthly Data vs. Fiscal Month Data

Obs date FM_sales SM_sales
1 10-DEC-1999 1 .
2 01-JAN-2000 . 1
3 10-JAN-2000 2 .
4 01-FEB-2000 . 2
5 10-FEB-2000 3 .
6 01-MAR-2000 . 3
7 10-MAR-2000 4 .
8 01-APR-2000 . 4
9 10-APR-2000 5 .

10 01-MAY-2000 . 5
11 10-MAY-2000 6 .
12 01-JUN-2000 . 6
13 10-JUN-2000 7 .
14 01-JUL-2000 . 7
15 10-JUL-2000 8 .
16 01-AUG-2000 . 8
17 10-AUG-2000 9 .
18 01-SEP-2000 . 9
19 10-SEP-2000 10 .
20 01-0CT-2000 . 10
21 10-0CT-2000 11 .
22 01-NOV-2000 . 11
23 10-NOV-2000 12 .
24 01-DEC-2000 . 12

N
(6}

10-DEC-2000 0
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The next example uses custom intervals in the time function INTCK to omit holidays when counting busi-

ness days. The result is shown in Figure 4.3.

options intervalds=(BankingDays=BankDayDS) ;
data BankDayDS (keep=BEGIN) ;
start = '15DEC1998'D;
stop = '15JAN2002'D;
nwkdays = INTCK('WEEKDAY', start, stop);
do i = 0 to nwkdays;
BEGIN = INTNX ('WEEKDAY', start,i);
year = YEAR (BEGIN) ;
if BEGIN ne HOLIDAY ("NEWYEAR", year) and
BEGIN ne HOLIDAY ("MLK",year) and
BEGIN ne HOLIDAY ("USPRESIDENTS",year) and
BEGIN ne HOLIDAY ("MEMORIAL",year) and

BEGIN ne HOLIDAY ("USINDEPENDENCE", year) and

BEGIN ne HOLIDAY ("LABOR",year) and
BEGIN ne HOLIDAY ("COLUMBUS",year) and
BEGIN ne HOLIDAY ("VETERANS",year) and
BEGIN ne HOLIDAY ("THANKSGIVING", year) and
BEGIN ne HOLIDAY ("CHRISTMAS",year) then
output;
end;
format BEGIN DATE.;
run;

data CountDays;
start = '01JAN1999'D;
stop = '31DEC2001'D;
ActualDays = INTCK('DAYS',6 start, stop);

Weekdays = INTCK ('WEEKDAYS', start, stop);
BankDays = INTCK('BankingDays', start, stop);
format start stop DATE.;

run;

title 'Methods of Counting Days';
proc print data=CountDays;
run;

Figure 4.3 Bank Days Custom Interval

Methods of Counting Days

Actual

1 01JAN99 31DECO1 1095

Obs start stop Days Weekdays

Bank
Days

757
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Date and Datetime Informats

Table 4.2 lists some of the SAS date and datetime informats available to read date, time, and datetime values.
See Chapter 3, “Working with Time Series Data,” for a discussion of the use of date and datetime informats.
See SAS Language Reference: Concepts for a complete description of these informats.

For each informat, Table 4.2 shows an example of a date or datetime value written in the style that the
informat is designed to read. You can specify the width of each informat by adding w. For informats that
include second values, you can specify the number of decimal digits for seconds by adding d. Table 4.2
shows the width range allowed by the informat and the default width. The date 17 October 1991 and the
time 2:25:32 p.m. are used for the example in all cases.

Table 4.2 Frequently Used SAS Date and Datetime Informats

Informat and Width  Default
Example Description Range  Width
ANYDTDTEw. Reads and extracts the date value from any 5-32 9

of the following: DATE, DATETIME, DDM-

MYY,

JULIAN, MDYAMPM, MMDDYY, MMxYY*,
MONYY, TIME, YMDDTTM, YYMMDD,
YYQ, YYxXMM*, month-day-year

ANYDTDTMw. Reads and extracts the datetime value from any 1-32 19
of the following: DATE, DATETIME, DDM-
MYY,
JULIAN, MMDDYY, MMxYY*, MONYY,
TIME, YYMMDD, YYQ, YYXMM*,
month-day-year

ANYDTTMEw. Reads and extracts the time value from any 1-32 8
of the following: DATE, DATETIME, DDM-
MYY,

JULIAN, MMDDYY, MONYY, TIME,
YYMMDD, YYQ, month-day-year

DATEw. Day, month abbreviation, and year: 7-32 7
170ct91 ddmonyy
DATETIMEw.d Date and time: ddmonyy:hh:mm:ss 13-40 18

170ct91:14:45:32

DDMMY Yw. Day, month, year: ddmmyy, dd/mmlyy, 6-32 6
17/10/91 dd-mm-yy, or dd mm yy
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Table 4.2 continued

Informat and Width  Default
Example Description Range  Width
JULIANw. Year and day of year (Julian dates): yyddd 5-32 5
91290

MMDDY Yw. Month, day, year: mmddyy, mm/ddlyy, 6-32 6
10/17/91 mm-dd-yy, or mm dd yy

MONYYw. Month abbreviation and year: monyy 5-32 5
Oct91

NENGOw. Japanese Nengo notation 7-32 10
H.03/10/17

TIMEw.d Hours, minutes, seconds: hh:mm:ss 5-32 8
14:45:32 or hours, minutes: hh:mm

WEEKVw. ISO 8601 year, week, day of week: yyyy-Www-dd  3-200 11
1991-W42-04

YYMMDDw. Year, month, day: yymmdd, yy/mm/dd, 6-32 6
91/10/17 yy-mm-dd, or yy mm dd

YYQw. Year and quarter of year: yyQgq 4-32 4
910Q4

Date, Time, and Datetime Formats

Some of the commonly used SAS date and datetime formats are listed in Table 4.3 and Table 4.4. You can
specify the width value for each format by adding w. 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 MMD-
DYY6. writes this date as 101791. In particular, formats that display the year show two-digit or four-digit
year values depending on the width option. The examples shown in the tables use the default width.

The interval function INTFMT returns a recommended format for time ID values based on the interval that
describes the frequency of the values. The following example uses INTFMT to select a format to display the
quarterly time ID variable gtrDate. In this example, INTFMT returns the format YYQCS6., which displays
the year in four digits and the quarter in a single digit. This selected format is stored in a macro variable
that is created by the CALL SYMPUT statement. The second argument to INTFMT controls the width of
the year for date formats; it can take the value ‘long’ or ‘I’ to indicate 4 for the year width or the value
‘short’ or ‘s’ to indicate 2 for the year width. For more information about the INTFMT function, see the
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SAS Language Reference: Dictionary. For more information about the CALL SYMPUT statement, see the
SAS Language Reference: Dictionary.

The macro variable &FMT is then used in the FORMAT statement in the PROC PRINT step as follows:

data b (keep=qgtrDate);
interval = 'QTR';
form = INTFMT( interval, 'long' );
call symput ('fmt', form);
do i=1 to 4;
gtrDate = INTNX( interval, '0l1jan00'd, i-1 );
output;
end;
run;

proc print;
format gtrDate &fmt;
run;

See SAS Language Reference: Concepts for a complete description of these formats, including the variations
of the formats produced by different width options. See Chapter 3, “Working with Time Series Data,” for a
discussion of the use of date and datetime formats.

Date Formats

Table 4.3 lists some of the available SAS date formats. 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 4.3 Frequently Used SAS Date Formats

Format and Width  Default
Example Description Range  Width
DATEw. Day, month abbreviation, year: 5-9 7
170CT91 ddmonyy

DAYw. Day of month 2-32 2

17

DDMMY Yw. Day, month, year: dd/mm/yy 2-8 8
17/10/91

DOWNAMEWw. Name of day of the week 1-32 9
Thursday

JULDAYw. Day of year 3-32 3

290




Table 4.3 continued

Date Formats 4 137

Format and Width  Default
Example Description Range  Width
JULIANw. Year and day of year: yyddd 5-7 5
91290

MMDDY Yw. Month, day, year: mm/dd/yy 2-8 8
10/17/91

MMYYw. Month and year: mmMyyyy 5-32 7
10M1991

MMYYCw. Month and year: mm:yyyy 5-32 7
10:1991

MMY YDw. Month and year: mm-yyyy 5-32 7
10-1991

MMY YPw. Month and year: mm.yyyy 5-32 7
10.1991

MMYYSw. Month and year: mm/yyyy 5-32 7
10/1991

MMY YNw. Month and year: mmyyyy 5-32 6
101991

MONNAMEw. Name of month 1-32 9
October

MONTHw. Month of year 1-32 2
10

MONYYw. 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
v

NENGOw. Japanese Nengo notation 2-10 10
H.03/10/17

WEEKDATEwW. day-of-week, month-name dd, yyyy 3-37 29

Thursday, October 17, 1991
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Table 4.3 continued

Format and Width  Default
Example Description Range  Width
WEEKDATXw. day-of-week, dd month-name yyyy 3-37 29

Thursday, 17 October 1991

WEEKDAYw. Day of week 1-32 1
5

WEEKVw. ISO 8601 year, week, day of week: 3-200 11
1991-W42-04 yyyy-Www-dd

WORDDATEw. month-name dd, yyyy 3-32 18

October 17, 1991

WORDDATXw. dd month-name yyyy 3-32 18
17 October 1991

YEARw. Year: yyyy 2-32 4
1991

YYMMw. Year and month: yyyyMmim 5-32 7
1991M10

YYMMCw. Year and month: yyyy:mm 5-32 7
1991:10

YYMMDw. Year and month: yyyy-mm 5-32 7
1991-10

YYMMPw. Year and month: yyyy.mm 5-32 7
1991.10

YYMMSw. Year and month: yyyy/mm 5-32 7
1991/10

YYMMNw. Year and month: yyyymm 5-32 7
199110

YYMONwW. Year and month abbreviation: 5-32 7
19910CT YYYymon

YYMMDDw. Year, month, day: yy/mm/dd 2-8 8
91/10/17

YYQw. Year and quarter: yyyyQgq 4-6 6

1991Q4
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Table 4.3 continued

Format and Width  Default
Example Description Range  Width
YYQCw. Year and quarter: yyyy:q 4-32 6
1991:4

YYQDw. Year and quarter: yyyy-q 4-32 6
1991-4

YYQPw. Year and quarter: yyyy.q 4-32 6
1991.4

YYQSw. Year and quarter: yyyy/q 4-32 6
1991/4

YYQNw. Year and quarter: yyyyq 3-32 5
19914

YYQRw. Year and quarter in roman 6-32 8
1991QIV numerals: yyyyQrr

YYQRCw. Year and quarter in roman 6-32 8
1991:1V numerals: yyyy:rr

YYQRDw. Year and quarter in roman 6-32 8
1991-1V numerals: yyyy-rr

YYQRPw. Year and quarter in roman 6-32 8
1991.1V numerals: yyyy.rr

YYQRSw. Year and quarter in roman 6-32 8
1991/1V numerals: yyyy/rr

YYQRNw. Year and quarter in roman 6-32 8
19911V numerals: yyyyrr

Datetime and Time Formats

Table 4.4 lists some of the available SAS datetime and time formats. For each format, the example shows
the formatted value. The value of the variable dt is ‘170CT91:14:25:32’DT. You can specify the width of
each format by adding w. For formats that allow a decimal value, you can specify the number of decimal
digits by adding d.
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Table 4.4 Frequently Used SAS Datetime and Time Formats

Format Value and Width Default
Example Description Range Width
DATETIMEw.d dt ddmonyy:hh:mm:ss.ss 7-40 16

170CT91:14:25:32

DTWKDATXw. dt day-of-week, dd month yyyy 3-37 29
Thursday, 17 October 1991

HHMMw.d TIMEPART (dt) Hour and minute: 2-20 5
14:26 hh:mm.mm

HOURw.d TIMEPART (dt) Hour: hh.hh 2-20 2
14

MMSSw.d HMS(0,MINUTE(dt),SECOND(dt)) Minutes and seconds: 2-20 5
25:32 Mm:ss.ss

TIMEw.d TIMEPART (dt) Time of day: hh:mm:ss.ss 2-20 8
14:25:32

TODw.d dt Time of day: hh:mm:ss.ss 2-20 8
14:25:32

Alignment of SAS Dates

SAS date values that are used to identify time series observations produced by SAS/ETS and SAS High-
Performance Forecasting procedures are normally aligned with the beginning of the time intervals that
correspond to the observations. For example, for monthly data for 1994, the date values that identify the
observations are 1Jan94, 1Feb94, 1Mar9%4, ..., 1Dec9%4.

However, for some applications it might be preferable to use end-of-period dates, such as 31Jan94, 28Feb94,
31Mar%4, ..., 31Dec94. For other applications, such as plotting time series, it might be more convenient to
use interval midpoint dates to identify the observations.

Many SAS/ETS and SAS High-Performance Forecasting procedures provide an ALIGN= option to con-
trol the alignment of dates for outputting time series observations. SAS/ETS procedures that support
the ALIGN= option are ARIMA, DATASOURCE, ESM, EXPAND, FORECAST, SIMILARITY, TIME-
SERIES, UCM, and VARMAX. SAS High-Performance Forecasting procedures that support the ALIGN=
option are HPFRECONCILE, HPF, HPFDIAGNOSE, HPFENGINE, and HPFEVENTS.
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ALIGN=
The ALIGN= option can have the following values:

BEGINNING specifies that dates be aligned to the start of the interval. This is the default. BEGIN-
NING can be abbreviated as BEGIN, BEG, or B.

MIDDLE specifies that dates be aligned to the interval midpoint, the average of the beginning and
ending values. MIDDLE can be abbreviated as MID or M.

ENDING specifies that dates be aligned to the end of the interval. ENDING can be abbreviated as
END or E.

For information about the calculation of the beginning and ending values of intervals, see the section “Be-
ginning Dates and Datetimes of Intervals” on page 124.

SAS Date, Time, and Datetime Functions

SAS date, time, and datetime functions are used to perform the following tasks:

* compute date, time, and datetime values from calendar and time-of-day values

* compute calendar and time-of-day values from date and datetime values

e convert between date, time, and datetime values

* perform calculations that involve time intervals

* provide information about time intervals

* provide information about seasonality
For all interval functions, you can supply the intervals and other character arguments either directly as a
quoted string or as a SAS character variable. When you use a character variable, you should set the length

of the character variable to at least the length of the longest string for that variable that is used in the DATA
step.

Also, to ensure correct results when using interval functions, use date intervals with date values and datetime
intervals with datetime values.

See SAS Language Reference: Dictionary for a complete description of these functions.
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The following list shows SAS date, time, and datetime functions in alphabetical order.

DATE()
returns today’s date as a SAS date value.

DATEJUL( yyddd )
returns the SAS date value when given the Julian date in yyddd or yyyyddd format. For exam-
ple, DATE = DATEJUL(99001); assigns the SAS date value ‘O1JAN99’D to DATE, and DATE =
DATEJUL (1999365) ; assigns the SAS date value ‘31DEC1999°D to DATE.

DATEPART( datetime )
returns the date part of a SAS datetime value as a date value.

DATETIME()
returns the current date and time of day as a SAS datetime value.

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.

HOLIDAY( ‘holiday’, year )
returns a SAS date value for the holiday and year specified. Valid values for holi-
day are ‘BOXING’, ‘CANADA’, ‘CANADAOBSERVED’, ‘CHRISTMAS’, ‘COLUMBUS’,
‘EASTER’, ‘FATHERS’, ‘HALLOWEEN’, ‘LABOR’, ‘MLK’, ‘MEMORIAL’, ‘MOTHERS’,
‘NEWYEAR’,"THANKSGIVING’, ‘THANKSGIVINGCANADA’, ‘USINDEPENDENCE’, ‘US-
PRESIDENTS’, ‘VALENTINES’, ‘VETERANS’, ‘VETERANSUSG’, ‘VETERANSUSPS’, and
‘VICTORIA’. For example: EASTER2000 = HOLIDAY ('EASTER’, 2000);

HOUR( datetime)
returns the hour from a SAS datetime or time value.

INTCINDEX( ‘date-interval’, date)

INTCINDEX( ‘datetime-interval’, datetime)
returns the index of the seasonal cycle when given an interval and an appropriate SAS date,
datetime, or time value. For example, the seasonal cycle for INTERVAL=‘DAY’ is “WEEK’, so
INTCINDEX ('DAY’,’ 01SEP78’D); returns 35 because September 1, 1978, is the sixth day of the
35th week of the year. For correct results, date intervals should be used with date values, and date-
time intervals should be used with datetime values.

INTCK( ‘date-interval’, date1, date2 <, ‘method’> )

INTCK( ‘datetime-interval’, datetime1, datetime2 <, ‘method’> )
returns the number of boundaries of intervals of the given kind that lie between the two date or
datetime values. The optional method argument specifies that the intervals are counted using either
a discrete or a continuous method. The default DISCRETE (or DISC or D) method uses discrete
time intervals. For the DISCRETE method, the distance in MONTHS between January 31, 2000, and
February 1, 2000, is one month. The CONTINUOUS (or CONT or C) method uses continuous time
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intervals. For the CONTINUOUS method, the distance in MONTHS between January 15, 2000, and
February 14, 2000, is zero, but the distance in MONTHS between January 15, 2000, and February
15, 2000, is one month.

INTCYCLE( ‘interval’ <, seasonality > )
returns the interval of the seasonal cycle, given a date, time, or datetime interval. For example,
INTCYCLE(*‘MONTH’) returns ‘YEAR’ because the months January, February, ..., December con-
stitute a yearly cycle. INTCYCLE(‘DAY’) returns ‘WEEK’ because Sunday, Monday, ..., Saturday
constitute a weekly cycle.

You can specify the optional seasonality argument to construct a cycle other than the default seasonal
cycle. For example, INTCYCLE(‘MONTH’, 3) returns ‘QTR’. The optional second argument is the
seasonal frequency.

INTFIT( datet, date2, ‘D’ )
INTFIT( datetime1, datetime2, ‘DT’ )

INTFIT( obs1, obs2, ‘OBS’)
returns an interval that fits exactly between two SAS date, datetime, or observation values. That is,
if the interval result of the INTFIT function is used with datel, 1, and SAMEDAY alignment in the
INTNX function, then the result is date2. This concept is illustrated in the following example, where
result1 is the same as date1 and result2 is the same as date?2.

FitInterval = INTFIT( datel, date2, 'D' );
resultl = INTNX( FitInterval, datel, 0, 'SAMEDAY');
result2 = INTNX( FitInterval, datel, 1, 'SAMEDAY');

More than one interval can fit the preceding definition. For example, two SAS date values that are
seven days apart could be fit with either ‘DAY7’ or “‘WEEK’. The INTFIT function chooses the more
common interval, so “‘WEEK’ is the result when the dates are seven days apart. The INTFIT function
can be used to detect the possible frequency of the time series or to analyze frequencies of other events
in a time series, such as outliers or missing values.

INTFMT(‘interval’ ,*size’)
returns a recommended format when given a date, time, or datetime interval for displaying the time ID
values associated with a time series of the given interval. The second argument to INTFMT controls
the width of the year for date formats; it can take the value ‘long’ or ‘I’ to specify that the returned
format display a four-digit year or the value ‘short’ or ‘s’ to specify that the returned format display a
two-digit year.

INTGET( date1, date2, date3)

INTGET( datetime1, datetime2, datetime3)
returns an interval that fits three consecutive SAS date or datetime values. The INTGET function
examines two intervals: the first interval between datel and date2, and the second interval between
date2 and date3. In order for an interval to be detected, either the two intervals must be the same
or one interval must be an integer multiple of the other interval. That is, INTGET assumes that at
least two of the dates are consecutive points in the time series, and that the other two dates are also
consecutive or represent the points before and after missing observations. The INTGET function
assumes that large values are SAS datetime values, which are measured in seconds, and that smaller
values are SAS date values, which are measured in days. The INTGET function can be used to detect
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the possible frequency of the time series or to analyze frequencies of other events in a time series,
such as outliers or missing values.

INTINDEX( ‘date-interval’, date <, seasonality >)

INTINDEX( ‘datetime-interval’, datetime <, seasonality > ')

returns the seasonal index for the specified date or datetime interval and an appropriate
date or datetime value. The seasonal index is a number that represents the position of
the date or datetime value in the seasonal cycle of the specified interval. For example,
INTINDEX ('MONTH’ ,’ 01DEC2000’'D); returns 12 because monthly data is yearly periodic and
DECEMBER is the 12th month of the year. However, INTINDEX (' DAY’ ,’ 01DEC2000'D); re-
turns 6 because daily data is weekly periodic and December 01, 2000, is a Friday, the sixth day
of the week. To correctly identify the seasonal index, the interval specification should agree
with the date or datetime value. For example, INTINDEX (' DTMONTH’,’01DEC2000’'D); and
INTINDEX (' MONTH’ ,’ 01DEC2000:00:00:00’'DT); do not return the expected value of 12. How-
ever, both INTINDEX (' MONTH’ ,  01DEC2000’ D) ; and INTINDEX (' DTMONTH’ , ' 01DEC2000:00:00:00'DT) ;
return the expected value of 12.

You can specify the optional seasonality argument to use a seasonal cycle other than the de-
fault seasonal cycle. For example, INTINDEX (' MONTH’ ,’ 01APR2000’D) ; returns the value 4, to
indicate the fourth month of the year. However, INTINDEX (' MONTH’ ,’ 01APR2000'D, 3); and
INTINDEX (' MONTH’ , ' 01APR2000'D, ' QTR’ ) ; return the value 1 to indicate the first month of the
quarter. Specifying either 3 or ‘QTR’ for the third argument uses a quarterly seasonal cycle instead
of the default yearly seasonal cycle.

INTNX( ‘date-interval’, date, n <, ‘alignment’>)

INTNX( ‘datetime-interval’, datetime, n <, ‘alignment’> )

returns the date or datetime value of the beginning of the interval that is n intervals from the interval
that contains the given date or datetime value. The optional alignment argument specifies that the
returned date is aligned to the beginning, middle, or end of the interval. Beginning is the default. In
addition, you can specify SAME (S) alignment. The SAME alignment bases the alignment of the
calculated date or datetime value on the alignment of the input date or datetime value. As illustrated
in the following example, the SAME alignment can be used to calculate the meaning of “same day
next year” or “same day two weeks from now.”

nextYear
TwoWeeks

INTNX( 'YEAR', '15Apr2007'D, 1, 'S' );
INTNX( 'WEEK', '15Apr2007'D, 2, 'S' );

The preceding example returns ‘15Apr2008°D for nextYear and ‘29Apr2007°D for TwoWeeks.

For all values of alignment, the number of discrete intervals n between the input date and the resulting
date agrees with the input value. In the following example, the result is always that n2 = n1:

date2 = INTNX( interval, datel, nl, align );
n2 = INTCK( interval, datel, date2 );
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The preceding example uses the DISCRETE method of the INTCK function by default. The result n2
=n1 does not always apply when the CONTINUOUS method of the INTCK function is specified.

INTSEAS( ‘interval’ <, seasonality > )

returns the length of the seasonal cycle for the specified date or datetime interval. The length of a
seasonal cycle is the number of intervals in a seasonal cycle. For example, when the interval for a
time series is described as monthly, many procedures use the option INTERVAL=MONTH to indicate
that each observation in the data corresponds to a particular month. Monthly data are considered to
be periodic for a one-year seasonal cycle. There are 12 months in one year, so the number of intervals
(months) in a seasonal cycle (year) is 12. For quarterly data, there are 4 quarters in one year, so the
number of intervals in a seasonal cycle is 4. The periodicity is not always one year. For example,
INTERVAL=DAY is considered to have a seasonal cycle of one week, and because there are 7 days
in a week, the number of intervals in a seasonal cycle is 7.

You can specify the optional seasonality argument to use a seasonal cycle other than the default sea-
sonal cycle. For example, INTSEAS(‘MONTH’, 3) and INTSEAS(‘MONTH’, ‘QTR’) both specify
a quarterly seasonal cycle and return the value 3. If the optional seasonality argument is numeric, it
is the seasonal frequency. If the optional seasonality argument is character, it is the seasonal cycle.

INTSHIFT( “interval’)
returns the shift interval that applies to the shift index if a subperiod is specified. For example, YEAR
intervals are shifted by MONTH, so INTSHIFT(‘YEAR’) returns ‘MONTH’.

INTTEST( ‘interval’ )
returns 1 if the interval name is valid, O otherwise. For example, VALID = INTTEST (' MONTH') ;
should set VALID to 1, while VALID = INTTEST (' NOTANINTERVAL'); should set VALID to 0. The
INTTEST function can be useful in verifying which values of multiplier n» and the shift index s are
valid in constructing an interval name.

JULDATE( date)
returns the Julian date from a SAS date value. The format of the Julian date is either yyddd or yyyyddd
depending on the value of the system option YEARCUTOFF=. For example, using the default system
option values, JULDATE ( ' 31DEC1999’'D ); returns 99365, while JULDATE ( ' 31DEC1899'D );
returns 1899365.

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 numerical value for the month of the year from a SAS date value. For example,
MONTH=MONTH (' 01JAN2000’D) ; returns 1, the numerical value for January.
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NWKDOM( n, weekday, month, year)

returns a SAS date value for the nth weekday of the month and year specified. For example,
Thanksgiving is always the fourth (n=4) Thursday (weekday=5) in November (month=11). Thus
THANKS2000 = NWKDOM( 4, 5, 11, 2000); returns the SAS date value for Thanksgiving in the
year 2000. The last weekday of a month can be specified by using n=5. Memorial Day in the United
States is the last (n=5) Monday (weekday=2) in May (month=5), and so MEMORIAL2002 = NWKDOM (
5, 2, 5, 2002); returns the SAS date value for Memorial Day in 2002. Because n = 5 always
specifies the last occurrence of the month and most months have only 4 instances of each day, the
result for n = 5 is often the same as the result for n = 4. NWKDOM is useful for calculating the
SAS date values of holidays that are defined in this manner.

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.)

WEEK( date <, ‘descriptor’>)
returns the week of year from a SAS date value. The algorithm used to calculate the week depends
on the descriptor, which can take the value ‘U’, “V’, or ‘W’.

If the descriptor is ‘U, weeks start on Sunday and the range is 0 to 53. If weeks 0 and 53 exist, they
are only partial weeks. Week 52 can be a partial week.

If the descriptor is “V’, the result is equivalent to the ISO 8601 week of year definition. The range is
1 to 53. Week 53 is a leap week. The first week of the year, Week 1, and the last week of the year,
Week 52 or 53, can include days in another Gregorian calendar year.

If the descriptor is “W’, weeks start on Monday and the range is 0 to 53. If weeks 0 and 53 exist, they
are only partial weeks. Week 52 can be a partial week.

WEEKDAY( date)
returns the day of the week from a SAS date value. For example WEEKDAY=WEEKDAY (’ 170CT1991'D) ;
returns 5, the numerical value for Thursday.

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:

%0 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.

9%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 proce-
dure.

These macros are part of the SAS AUTOCALL facility and are automatically available for use in your SAS
program. See SAS Macro Language: Reference for 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 in Chapter 19, “The MODEL
Procedure,” for more information about these macros. The %2BOXCOXAR, %DFPVALUE, %DFTEST,
and %LOGTEST macros are described in the following sections.
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BOXCOXAR Macro

The %BOXCOXAR macro finds the optimal Box-Cox transformation for a time series.

Transformations of the dependent variable are a useful way of dealing with nonlinear relationships or het-
eroscedasticity. 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.

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 transformation is

(X:+o)r—1
Yt _ IT fOI’A‘ # 0
In(X; +¢) forA =0

The parameter A controls the shape of the transformation. For example, A=0 produces a log transformation,
while A=0.5 results in a square root transformation. When A=1, the transformed series differs from the
original series by ¢ — 1.

The constant c is optional. It can be used when some X; values are negative or 0. You choose ¢ so that the
series X; is always greater than —c.

The %BOXCOXAR macro tries a range of A values and reports which of the values tried produces the
optimal Box-Cox transformation. To evaluate different A values, the %BOXCOXAR macro transforms
the series with each A value and fits an autoregressive 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 the
A value that produces 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 of the A values tried, the
corresponding log-likelihood value, and related statistics for the autoregressive model.

You can control the range and number of A values 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.

Note that the Box-Cox transformation might be appropriate when the data have a common distribution (apart
from heteroscedasticity) but not when groups of observations for the variable are quite different. Thus the
%BOXCOXAR macro is more often appropriate for time series data than for cross-sectional data.

Syntax
The form of the %BOXCOXAR macro is
%BOXCOXAR ( SAS-data-set, variable < , options > ) ;

The first argument, SAS-data-set, specifies the name of the SAS data set that contains the time series to be
analyzed. The second argument, variable, specifies the time series variable name to be analyzed. The first
two arguments are required.

The following options can be used with the %2BOXCOXAR macro. Options must follow the required
arguments and are separated by commas.
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AR=n
specifies the order of the autoregressive model fit to the 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 default is CONST=0.

DIF=( differencing-list )
specifies the degrees of differencing to apply to the transformed series before the autoregressive model
is fit. The differencing-list is a list of positive integers separated by commas and enclosed in paren-
theses. 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 the section “IDENTIFY Statement” on page 224 in Chapter 7,
“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 problems with floating point arithmetic.

NLAMBDA=value
specifies the number of lambda values considered, including the LAMBDALO= and LAMBDAHI=
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), residual mean squared er-
ror (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 output contains the
lambda values, log likelihoods, residual mean square errors, Akaike Information Criterion (AIC), and
Schwarz’s Bayesian Criterion (SBC).

Results

The value of A that produces the maximum log likelihood is returned in the macro variable &BOXCOXAR.
The value of the variable &BOXCOXAR is “ERROR” if the %2BOXCOXAR macro is unable to compute
the best transformation due to errors. This might be the result of large lambda values. The Box-Cox
transformation parameter involves exponentiation of the data, so that large lambda values can 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.
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Details

Assume that the transformed series Y; is a stationary pth order autoregressive process generated by inde-
pendent normally distributed innovations.

(1-0B)(Y:—n) = ¢
€ ~iidN(0,0?)

Given these assumptions, the log-likelihood function of the transformed data Y; is

ly()= — %ln(2n)—%ln(|2|)—%ln(02)

1 _
- E(Y —1p)'s 1(Y — 1)

In this equation, n is the number of observations, u is the mean of Y;, 1 is the n-dimensional column vector
of 1s, 02 is the innovation variance, Y = (Y1,---,Yy), and X is the covariance matrix of Y.

The log-likelihood function of the original data X1, ---, X}, is

Ix()=lr(O)+ A -1 ) In(X; +c)

t=1
where c is the value of the CONST= option.

For each value of A, 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 each A value. The residual mean squared error based on the maxi-
mum likelihood estimator is also produced. To compute the mean squared error, the predicted values from
the model are transformed again to the original scale (Pankratz 1983, pp. 256258, 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 might be appropriate.

DFPVALUE Macro

The %DFPVALUE macro computes the significance of the Dickey-Fuller test. The %DFPVALUE macro
evaluates the p-value for the Dickey-Fuller test statistic T for the test of Hg: “The time series has a unit root”
versus H,: “The time series is stationary” using tables published by Dickey (1976) and Dickey, Hasza, and
Fuller (1984).

The %DFPVALUE macro can compute p-values 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.

Note that the %9DFPVALUE macro has been superseded by the PROBDF function described later in this
chapter. It remains for compatibility with past releases of SAS/ETS.
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Syntax
The %DFPVALUE macro has the following form:
%DFPVALUE ( tau, nobs < , options > ) ;
The first argument, fau, specifies the value of the Dickey-Fuller test statistic.
The second argument, nobs, 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 one-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 computed p-value is returned in the macro variable &DFPVALUE. If the p-value is less than 0.01 or
larger than 0.99, the macro variable &DFPVALUE is set to 0.01 or 0.99, respectively.

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= Minimum Observations

1 9
2 6
4 4
12 12

DFTEST Macro

The %DFTEST macro performs the Dickey-Fuller unit root test. You can use the %DFTEST macro to
decide whether 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 stationary. However, many
economic time series are nonstationary processes. The usual approach to this problem is to difference
the series. A time series that can be made stationary by differencing is said to have a unit root. For more
information, see the discussion of this issue in the section “Getting Started: ARIMA Procedure” on page 189
of Chapter 7, “The ARIMA Procedure.”
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The Dickey-Fuller test is a method for testing whether a time series has a unit root. The %DFTEST macro
tests the hypothesis Hg: “The time series has a unit root” versus 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 stationarity tests. See Chapter 7,
“The ARIMA Procedure,” for details.

Syntax
The %DFTEST macro has the following form:
%DFTEST ( SAS-data-set, variable < , options > ) ;

The first argument, SAS-data-set, specifies the name of the SAS data set that contains the time series variable
to be analyzed.

The second argument, variable, specifies the time series variable name to be analyzed.

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 the section “IDENTIFY
Statement” on page 224 in Chapter 7, “The ARIMA Procedure.”

If the option DIF=(d 1, ---, d 1 ) is specified, the series analyzed is (1 — BAa1)...(1 — B%)Y,, where
Y; is the variable specified, and B is the backshift operator defined by BY; = Y;_;.

DLAG=1|2|4|12
specifies the lag to be tested for a unit root. The default is DLAG=1.

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 de-
terministic 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.
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Results

The computed p-value is returned in the macro variable &DFTEST. If the p-value 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.

Minimum Observations

The minimum number of observations required by the %DFTEST macro depends on the value of the
DLAG= option. Let s be the sum of the differencing orders specified by the DIF= option, let  be the value
of the TREND= option, and let p be the value of the AR= option. The minimum number of observations
required is as follows:

DLAG= Minimum Observations
1 I+ p+s+max(9,p+1t+2)
2 24+ p+s+max(6,p+1t+2)
4 44 p+s+max(4,p+1t+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 fore-
casting 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 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 argument, SAS-data-set, specifies the name of the SAS data set that contains the time series variable
to be analyzed. The second argument, variable, 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.
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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 series before fitting
the autoregressive model. The differencing-list is 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 the section “IDENTIFY Statement” on page 224
in Chapter 7, “The ARIMA Procedure.”

OUT=SAS-data-set
writes the results to an output data set. The output data set includes a variable TRANS that identifies
the transformation (LOG or NONE), the log-likelihood value (LOGLIK), residual mean squared 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 default is PRINT=NO. The printed output shows the
log-likelihood value, residual mean squared error, Akaike Information 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 variable &LOGTEST 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 series X is a stationary pth order autoregressive process with normally distributed white
noise innovations. That is,

(1-0O(B)) (Xt — ux) = €&
where [ty is the mean of X;.

The log likelihood function of X; is

() =— %ln(Zn) — %1n(|2xx|) — %m(ag)
|

= 2 KX 1) B (X = 1pry)
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where n is the number of observations, 1 is the n-dimensional column vector of 1s, (782 is the variance of the
white noise, X = (X1,---, X5)/, and Zy is the covariance matrix of X.

On the other hand, if the log-transformed time series Y; = In(X; + ¢) is a stationary pth order autoregres-
sive process, the log-likelihood function of X; is

Io() == 2@ — SIn(|Zyl) ~ ine?)

1 ~ n
_ E(Y — 1py) S5 (Y = 1pay) = > In(X; + ¢)
t=1
where py is the mean of Y;, Y = (¥1,---,Y,)’, and Xy is the covariance matrix of Y.

The %LOGTEST macro compares the maximum values of /1 (-) and /o (-) and determines which is larger.

The %LOGTEST macro also computes the Akaike Information Criterion (AIC), Schwarz’s Bayesian Cri-
terion (SBC), and residual mean squared error based on the maximum likelihood estimator for the autore-

gressive model. For the mean squared 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 might want 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 might be appropriate.

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 can be used, including DATA
step programs, SCL programs, and PROC MODEL programs.

Syntax
PROBDF(x,n< ,d< , type > >)

X is the test statistic.

n is the sample size. The minimum value of n allowed depends on the value specified for the
third argument d. For d in the set (1,2,4,6,12), n must be an integer greater than or equal to
max(2d, 5); for other values of d the minimum value of n is 24.

d is an optional integer giving the degree of the unit root tested for. Specify d = 1 for tests
of a simple unit root (1 — B). Specify d equal to the seasonal cycle length for tests for a
seasonal unit root (1 — B4 ). The default value of d is 1; that is, a test for a simple unit root
(1 — B) is assumed if d is not specified. The maximum value of d allowed is 12.
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type is an optional character argument that specifies the type of test statistic used. The values of
type are the following:

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 when d = 1. The default value of type is 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. We will mainly
introduce the nonseasonal tests in the following and list references for the nonseasonal tests.

Consider the Dickey-Fuller regression first. The null hypothesis is that there is an autoregressive unit root
Hy : o = 1, and the alternative is H, : |a| < 1, where « is the autoregressive coefficient of the time series

Ve = ayr—1 + €

This is referred to as the zero mean (ZM) model. The standard Dickey-Fuller (DF) test assumes that errors
€; are white noise. There are two other types of regression models that include a constant or a time trend as
follows:

Ve =+ ayr—1 + €&
Ve=pu+ Bt +ay—1+ €

These two models are referred to as the constant mean model (SM) and the trend model (TR), respectively.
The constant mean model includes a constant mean y of the time series. However, the interpretation of u
depends on the stationarity in the following sense: the mean in the stationary case when o < 1 is the trend
in the integrated case when o = 1. Therefore, the null hypothesis should be the joint hypothesis that @ = 1
and © = 0. However for the unit root tests, the test statistics are concerned with the null hypothesis of
o« = 1. The joint null hypothesis is not commonly used. This issue is address in Bhargava, A. (1986) with a
different nesting model.

Under the null of I(1) of the Dickey-Fuller test, the differenced process is not serially correlated. There is a
great need for the generalization of this specification. The augmented Dickey-Fuller (ADF) test, originally
proposed in Dickey and Fuller (1979), adjusts for the serial correlation in the time series by adding lagged
first differences to the autoregressive model as follows. Consider the (p +1)th order autoregressive time
series

Ve =01yr—1 t+2yr—2 + -+ 0pr1Yi—p—1 T €
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and its characteristic equation

mPtl —aym? —aom?P™ ! —.o. —@p 1 =0

If all the characteristic roots are less than 1 in absolute value, y; is stationary. y; is nonstationary if there is
a unit root. If there is a unit root, the sum of the autoregressive parameters is 1, and hence you can test for a
unit root by testing whether the sum of the autoregressive parameters is 1 or not. The no-intercept model is
parameterized as

Vyi =81 +0Vyr1 +--+0,Vyp+ e
where Vy; = y; — y;—1 and

S=o1+-Fapp1—1

O = —Og41— " —0p+1

The estimators are obtained by regressing Vy; on y;—1,Vy;—1,---, Vy;—p. The ¢ statistic of the ordinary
least squares estimator of § is the test statistic for the unit root test.

If the rype argument value specifies a test for a nonzero mean (intercept case), the autoregressive model
includes a mean term «g. If the fype argument value specifies a test for a time trend, the model also includes
a time trend term and the model is as follows:

Vyi=oag+yt +6yi1+0Vyr1+-+0,Vyep+e

For testing for a seasonal unit root, consider the multiplicative model

(1—agBYY(1—01B —-— 0,BP)y, = ¢
Let V4 Yi=Y: — Y¢+—a- The test statistic is calculated in the following steps:

1. Regress V¥y; on V¥y, _1...V4y,_ p to obtain the initial estimators 6; and compute residuals é;.
Under the null hypothesis that oy = 1, 6; are consistent estimators of 6;.

2. Regress é; on (1 — 0B —--— épo)y,_d, Veyi 1, de,_p to obtain estimates of § = ay — 1
and 0; — éi.

The ¢ ratio for the estimate of § produced by the second step is used as a test statistic for testing for a seasonal
unit root. The estimates of 6; are obtained by adding the estimates of 6; — 6; from the second step to 6;
from the first step.

The series (1 — BY) y; is assumed to be stationary, where d is the value of the third argument to the PROBDF
function.

If the series is an ARMA process, a large value of p might be desirable in order to obtain a reliable test
statistic. To determine an appropriate value for p, see 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 lag d unit root against
the alternative of stationarity. The PROBDF function computes the probability of observing a test statistic
more extreme than x under the assumption that the null hypothesis is true. You should reject the unit root
hypothesis when PROBDF returns a small (significant) probability value.

Consider the Dickey-Fuller regression first. There are several different versions of the Dickey-Fuller test.
The PROBDF function supports six versions, as selected by the type argument. Specify the type value that
corresponds to the way that you calculated the test statistic x.

The last two characters of the type value specify the kind of regression model used to compute the Dickey-
Fuller test statistic. The meaning of the last two characters of the rype value are as follows:

ZM zero mean or no-intercept case. The test statistic x is assumed to be computed from the regression
model

Ve =ayr—1 t e

SM single mean or intercept case. The test statistic x is assumed to be computed from the regression
model

Ve =+ oy + e

TR intercept and deterministic time trend case. The test statistic x is assumed to be computed from the
regression model

Ye=pF+yt+oayi—1+e

The first character of the zype value specifies whether the regression test statistic or the studentized test
statistic is used. Let & be the estimated regression coefficient for the lag of the series, and let seg be the
standard error of &. The meaning of the first character of the rype value is as follows:

R the regression-coefficient-based test statistic. The test statistic is
p=n(@-—1)
S the studentized test statistic. The test statistic is
DF, — (@—1)
seg

The first one is also called p-test and the second is called t-test. For the zero mean model, the asymptotic
distributions of the Dickey-Fuller test statistics are

n@—1) = ( / 1 W(r)dW(r)) ( / 1 W(r)zdr)
0 0

DF, = (/1 W(r)dW(r)) (/1 W(r)zdr)
0 0

-1

—1/2
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For the constant mean model, the asymptotic distributions are

o\ —1
n@-1)= ([W(1)2 —1]/2-w(Q1) /1 W(r)dr) (/1 W(r)2dr — (/1 W(r)dr) )
0 0 0
1 1 1 2\ ~1/2
DF, = ([W(1)2 —1]/2— W(l)/ W(r)dr) (f W(r)?dr — (/ W(r)dr) )
0 0 0

For the trend model, the asymptotic distributions are
n@-1 = [W(r)dW +12 (/01 rW(r)dr — % /01 W(r)dr) (/01 W(r)dr — %W(l))
1
—W(1)/0 W(r)dr] D!
DF, = |:W(r)dW +12 (/01 rW(r)dr — % /01 W(r)dr) (/01 W(r)dr — %W(l))

—W(l)/o1 W(r)dr] D'/?

where

2
D = /01 W(r)2dr — 12 (/Olr(W(r)dr) + 12/01 W(r)dr /01 rW(r)dr—4(/01 W(r)dr)

See Dickey and Fuller (1979), Dickey, Hasza, and Fuller (1984), and Hamilton (1994) 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 the augmented Dickey-Fuller test, in which the error term e; is
modeled as an autoregressive process; however, the test statistic is computed somewhat differently for the
augmented Dickey-Fuller test. For the nonseasonal augmented Dickey-Fuller test, the test statistics can take
one of the two forms similar to Dickey-Fuller test. One is the OLS ¢ value

2

a—1
sd(@)
and the other is given by
n@—1)
l—ay—...—ap

The asymptotic distributions of the test statistics are the same as those of the standard Dickey-Fuller test
statistics. See 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 that are pro-
duced by a Monte Carlo simulation that employs 102 replications for each simulation. Separate simulations
were performed for selected values of n and for d = 1,2,4,6, 12 (where n and d are the second and third
arguments to the PROBDF function).

The maximum error of the PROBDF function is approximately +1073 for d in the set (1,2,4,6,12) and
can be slightly larger for other d values. (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 sub-
stantially more accurate than the critical values reported in those papers.)
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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;
x =100 » (y4 - 1);
p = probdf( x, 100, 4, "RSM" );
put p= pvalue5.3;
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 illustrate how to perform the single-mean augmented Dickey-Fuller
studentized test for a simple unit root using PROC REG and PROBDF:

data testl;
set test;
yl = lag(y);
yd = dif(y);
ydl = lagl(yd); yd2
yd3 = lag3(yd); yd4
run;

lag2 (yd);
lag4 (yd);

proc reg data=testl outest=alpha covout;
model yd = yl ydl-yd4 / noprint;
run;

data _null_;

set alpha;

retain a;

if _type_ 'PARMS' then a

if _type._ = 'COV' & _NAME
x = a / sqrt(yl);
p = probdf( x, 99, 1, "SSM" );
put p= pvalue5.3;
end;

vyl ;
'Y1l' then do;

run;
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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;
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Nonlinear Optimization Methods
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Overview

Several SAS/ETS procedures (COUNTREG, ENTROPY, MDC, QLIM, UCM, and 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 about which options are available.

Options

The following table summarizes the options available in the NLO system.

Table 6.1 NLO options

Option

Description

Optimization Specifications

TECHNIQUE=
UPDATE=
LINESEARCH=
LSPRECISION=
HESCAL=
INHESSIAN=
RESTART=

minimization technique

update technique

line-search method

line-search precision

type of Hessian scaling

start for approximated Hessian
iteration number for update restart
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Table 6.1 continued

Option

Description

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
GCONV= relative gradient convergence criterion
XCONV= relative parameter convergence criterion
FSIZE= used in FCONV, GCONYV criterion

XSIZE= used in XCONYV criterion

Step Length Options

DAMPSTEP= damped steps in line search

MAXSTEP= maximum trust region radius

INSTEP= initial trust region radius

Printed Output Options

PALL display (almost) all printed optimization-related output
PHISTORY display optimization history

PHISTPARMS display parameter estimates in each iteration
PSHORT reduce some default optimization-related output
PSUMMARY reduce most default optimization-related output
NOPRINT suppress all printed optimization-related 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 requires
£(0%)) < r. The default value of r 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:

|fOF D) — 0P <
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The same formula is used for the NMSIMP technique, but 6) 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 is r = 0. The optional integer value n specifies the number of successive iterations for
which the criterion must be satisfied before the process can be terminated.

ABSGCONV=r(n]
ABSGTOL=r(n]
specifies an absolute gradient convergence criterion. Termination requires the maximum absolute
gradient element to be small:
max g, (0®)] < r
J

This criterion is not used by the NMSIMP technique. The default value is r = 1E — 5. The optional
integer value n specifies the number of successive iterations for which the criterion must be satisfied
before the process can be terminated.

ABSXCONV=r[n]

ABSXTOL=r[n]
specifies an absolute parameter convergence criterion. For all techniques except NMSIMP, termina-
tion requires a small Euclidean distance between successive parameter vectors,

1 6% — &= |, < p

For the NMSIMP technique, termination requires either a small length o) of the vertices of a restart
simplex,
a® <y

or a small simplex size,
§® <

where the simplex size 8% is defined as the L1 distance from the simplex vertex & (k) with the smallest
function value to the other n simplex points Gl(k) £ £,

k
80 =3 160 5@,
Or#y

The default is r = 1E — 8 for the NMSIMP technique and r = 0 otherwise. The optional integer
value n specifies the number of successive iterations for which the criterion must be satisfied before
the process can terminate.

DAMPSTEP/=r]

specifies that the initial step length value a© 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 r is not specified, the default is r = 2. The
DAMPSTEP=r 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=r
option can save time-costly function calls during the line searches of objective functions that result in
very small steps.
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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 successive iterations,

fO©) = fO D _
max(| f(0*—D)|,FSIZE) ~

where FSIZE is defined by the FSIZE= option. The same formula is used for the NMSIMP technique,
but #%) is defined as the vertex with the lowest function value, and 8%~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(k) s f(@(k)) _ f(Q(k) + s(k))
of the objective function. The predicted reduction
df(k) — _g(k)Ts(k) _ 1S(k)TH(k)S(k)
2

1
_ L wr,w

A
< r

is computed by approximating the objective function f by the first two terms of the Taylor series and

substituting the Newton step
sk — _[H(k)]—lg(k)

For the NMSIMP technique, termination requires a small standard deviation of the function val-

_ 2
ues of the n 4+ 1 simplex vertices QI(k), [ =0,...,n, ﬁ > [f(@l(k)) — f(e(k))] < r where

f(%) = ﬁ i f (Ql(k)). If there are nge; boundary constraints active at 6), the mean and
standard deviation are computed only for the n + 1 — n4; unconstrained vertices.

The default value is r = 1E — 6 for the NMSIMP technique and r = 0 otherwise. The optional
integer value n specifies 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 termination criteria. The
default value is r = 0. For more details, see the FCONV=and GCONV= options.



Options 4 169

GCONV=r[n]

GTOL=r [n]
specifies a relative gradient convergence criterion. For all techniques except CONGRA and NMSIMP,
termination requires that the normalized predicted function reduction is small,

fracg@NTIH®g(0®)max(| £(0%)|, FSIZE) < r

where FSIZE is defined by the FSIZE= option. For the CONGRA technique (where a reliable Hessian
estimate H is not available), the following criterion is used:

I g@®) 15 15669 |12 <,
I g(0®) — g(@*=D) ||z max(| f(6*))|, FSIZE) ~

This criterion is not used by the NMSIMP technique. The default value is r = 1 E — 8. The optional
integer value n 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|2|3
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 matrix
DO = diag(d?):

dl.(o) = maX(|Hi((-))|, €)

i

where H l-(?) are the diagonal elements of the Hessian. In every other iteration, the diagonal scaling

matrix D@ = diag(di(o)) is updated depending on the HS option:

HS=0 specifies that no scaling is done.
HS=1 specifies the Moré (1978) scaling update:
d* Y = max [d}"’, Vmax(|HS), e)]
HS=2 specifies the Dennis, Gay, & Welsch (1981) scaling update:
d¥ Y = max [0.6 «d®, \Jmax(|HY|, e)}
HS=3 specifies that d; is reset in each iteration:

di(k+1) — max(lHj(,];)L €)

In each scaling update, € is the relative machine precision. The default value is HS=0. Scaling of the
Hessian can be time consuming in the case where general linear constraints are active.
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INHESSIAN[= 7 ]
INHESS[= r ]

specifies how the initial estimate of the approximate Hessian is defined for the quasi-Newton tech-
niques QUANEW and DBLDOG. There are two alternatives:

* If you do not use the r specification, the initial estimate of the approximate Hessian is set to the
Hessian at §(),

* If you do use the r specification, the initial estimate of the approximate Hessian is set to the
multiple of the identity matrix r/.

By default, if you do not specify the option INHESSIAN=r, the initial estimate of the approximate
Hessian is set to the multiple of the identity matrix r/, where 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 initial 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 occurs, you should specify decreasing values of 0 < r < 1 such as INSTEP=1E—1,
INSTEP=1E — 2, INSTEP=1E — 4, and so on, until the iteration starts successfully.

* For trust-region algorithms (TRUREG, DBLDOG), the INSTEP= option specifies a factor r > 0
for the initial radius A of the trust region. The default initial trust-region radius is the length
of the scaled gradient. This step corresponds to the default radius factor of r = 1.

* 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 r = 1.

* For the Nelder-Mead simplex algorithm, using TECH=NMSIMP, the INSTEP=r option defines
the size of the start simplex.

LINESEARCH=i

LIS=i

specifies the line-search method for the CONGRA, QUANEW, and NEWRAP optimization tech-
niques. Refer to Fletcher (1987) for an introduction to line-search techniques. The value of i can be
1,...,8. For CONGRA, QUANEW and NEWRAP, the default value is i = 2.

LIS=1 specifies a line-search method that needs the same number of function and gradient
calls for cubic interpolation and cubic extrapolation; this method is similar to one
used by the Harwell subroutine library.

LIS=2 specifies a line-search method that needs more function than gradient calls for
quadratic and cubic interpolation and cubic extrapolation; this method is imple-
mented as shown in Fletcher (1987) and can be modified to an exact line search by
using the LSPRECISION= option.

LIS=3 specifies a line-search method that needs the same number of function and gradient
calls for cubic interpolation and cubic extrapolation; this method is implemented
as shown in Fletcher (1987) and can be modified to an exact line search by using
the LSPRECISION= option.
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LIS=4 specifies a line-search method that needs the same number of function and gradient
calls for stepwise extrapolation and cubic interpolation.

LIS=5 specifies a line-search method that is a modified version of LIS=4.

LIS=6 specifies golden section line search (Polak 1971), which uses only function values

for linear approximation.

LIS=7 specifies bisection line search (Polak 1971), which uses only function values for

linear approximation.

LIS=8 specifies the Armijo line-search technique (Polak 1971), which uses only function
values for linear approximation.

LSPRECISION=r
LSP=r

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.

Table 6.2 Line Search Precision Defaults

TECH= UPDATE= LSP default
QUANEW DBFGS, BFGS r =04
QUANEW DDFP, DFP r =0.06
CONGRA all r=0.1
NEWRAP  no update r=09

For more details, refer to Fletcher (1987).

MAXFUNC={
MAXFU=i

specifies the maximum number i of function calls in the optimization process. The default values are

» TRUREG, NRRIDG, NEWRAP: 125

* QUANEW, DBLDOG: 500
* 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 MAX-

FUNC= option.
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MAXITER={

MAXIT=i
specifies the maximum number i of iterations in the optimization process. The default values are

* TRUREG, NRRIDG, NEWRAP: 50
* QUANEW, DBLDOG: 200

* CONGRA: 400

e NMSIMP: 1000

These default values are also valid when i is specified as a missing value.

MAXSTEP=r[n]
specifies an upper bound for the step length of the line-search algorithms during the first n iterations.
By default, r is the largest double-precision value and # is the largest integer available. Setting this
option can improve the speed of convergence for the CONGRA, QUANEW, and NEWRAP tech-
niques.

MAXTIME=r
specifies an upper limit of r 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=i

MINIT={
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 iterations.

NOPRINT
suppresses the output. (See procedure documentation for availability of this option.)

PALL
displays all optional output for optimization. (See procedure documentation for availability of this
option.)

PHISTORY
displays the optimization history. (See procedure documentation for availability of this option.)

PHISTPARMS
display parameter estimates in each iteration. (See procedure documentation for availability of this
option.)

PINIT
displays the initial values and derivatives (if available). (See procedure documentation for availability
of this option.)
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PSHORT
restricts the amount of default output. (See procedure 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 procedure documentation for availability of this option.)

RESTART=i > 0

REST=i > 0
specifies that the QUANEW or CONGRA algorithm is restarted with a steepest descent/ascent search
direction after, at most, { iterations. Default values are as follows:

* CONGRA

UPDATE=PB: restart is performed automatically, i is not used.
* CONGRA

UPDATE#PB: i = min(10n, 80), where n is the number of parameters.
* QUANEW

i is the largest integer available.

SOCKET=fileref
Specifies the fileref that contains the information needed for remote monitoring. See the section
“Remote Monitoring” on page 180 for more details.

TECHNIQUE=value

TECH=value
specifies the optimization technique. Valid values are as follows:

* CONGRA
performs a conjugate-gradient optimization, which can be more precisely specified 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 precisely 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 as follows:
— 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 that combines a line-search algorithm with ridging.
The line-search algorithm LIS=2 is the default method.

* NRRIDG
performs a Newton-Raphson optimization with ridging.



174 4 Chapter 6: Nonlinear Optimization Methods

* 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.

UPDATE=method

UPD=method
specifies the update method for the QUANEW, DBLDOG, or CONGRA optimization technique. Not
every update method can be used with each optimizer.

Valid methods are as follows:

* BFGS
performs the original Broyden, Fletcher, Goldfarb, and Shanno (BFGS) update of the inverse
Hessian matrix.

* DBFGS
performs the dual BFGS update of the Cholesky factor of the Hessian matrix. This is the default
update method.

* DDFP
performs the dual Davidon, Fletcher, and Powell (DFP) update of the Cholesky factor of the
Hessian matrix.

* DFP
performs the original DFP update of the inverse Hessian matrix.
* PB
performs the automatic restart update method of Powell (1977) and Beale (1972).
* FR
performs the Fletcher-Reeves update (Fletcher 1987).
* PR
performs the Polak-Ribiere update (Fletcher 1987).
« 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, termina-
tion requires a small relative parameter change in subsequent iterations.

k k—1
mazx;; |0 — 0% D)| _

max(|6], 16% V| XSIZE) ~

For the NMSIMP technique, the same formula is used, but 91(.]() 18 defined as the vertex with the lowest

function value and QJ(.k_l) is defined as the vertex with the highest function value in the simplex. The
default value is r = 1E — 8 for the NMSIMP technique and » = 0 otherwise. The optional integer
value n specifies the number of successive iterations for which the criterion must be satisfied before
the process can be terminated.
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XSIZE=r > 0
specifies the XSIZE parameter of the relative parameter termination criterion. The default value is
r = 0. For more detail, see the XCONV= option.

Details of Optimization Algorithms

Overview

There are several optimization techniques available. You can choose a particular optimizer with the
TECH=name option in the PROC statement or NLOPTIONS statement.

Table 6.3 Optimization Techniques

Algorithm TECH=
trust region Method TRUREG
Newton-Raphson method with line search NEWRAP
Newton-Raphson method with ridging NRRIDG
quasi-Newton methods (DBFGS, DDFP, BEGS, DFP) QUANEW
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 use O(n?) memory except the conjugate gradient methods, which
use only O(n) of memory and are designed to optimize problems with many parameters. These iterative
techniques require repeated computation of the following:

* the function value (optimization criterion)
* the gradient vector (first-order partial derivatives)

* for some techniques, the (approximate) Hessian matrix (second-order partial derivatives)

However, since each of the optimizers requires different derivatives, some computational efficiencies can be
gained. Table 6.4 shows, for each optimization technique, which derivatives are required. (FOD means that
first-order derivatives or the gradient is computed; SOD means that second-order derivatives or the Hessian
is computed.)
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Table 6.4 Optimization Computations

Algorithm FOD SOD

TRUREG
NEWRAP
NRRIDG
QUANEW
DBLDOG
CONGRA
NMSIMP - -

MoK M

Fo R I B I
1

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 if ABSGCONV < IE —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 might involve trial and error.

For many optimization problems, computing the gradient takes more computer time than computing the
function value, and computing the Hessian sometimes takes much 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
techniques that do use a Hessian matrix, and as a result the total run time of these techniques is often longer.
Techniques that do not use the Hessian also tend to be less reliable. For example, they can more easily
terminate at stationary points rather than at global optima.

A few general remarks about the various optimization techniques follow.

* 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 re-
quires only one matrix with n(n + 1)/2 double words; TRUREG and NEWRAP require two such
matrices.

* 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 optimiza-
tion method.
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* The first-derivative method CONGRA is best for large problems where the objective 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 of n double-word memory, many large applications can be solved only by CONGRA.

* The no-derivative method NMSIMP is best for small problems where derivatives 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 gradient g(6x)) and the Hessian matrix H (6)); thus, it requires that the
objective function f(6) have continuous first- and second-order derivatives inside the feasible region.

The trust region method iteratively optimizes a quadratic approximation to the nonlinear objective function
within a hyperelliptic trust region with radius A that constrains the step size that corresponds 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 computation 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 gradient g(6)) and the Hessian matrix H(6x)); thus, it requires that
the objective function have continuous first- and second-order derivatives inside the feasible region. If
second-order derivatives are computed efficiently and precisely, the NEWRAP method can 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 successful 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.

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).

Newton-Raphson Ridge Optimization (NRRIDG)
The NRRIDG technique uses the gradient g(6()) and the Hessian matrix H (6(x)); 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.
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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 computation of the Hessian matrix is computationally
expensive, one of the (dual) quasi-Newton or conjugate gradient algorithms might 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 technique, which works with Cholesky decomposition.
Usually, however, NRRIDG requires fewer iterations than NEWRAP.

Quasi-Newton Optimization (QUANEW)

The (dual) quasi-Newton method uses the gradient g(6(x)), and it does not need to compute second-order
derivatives since they are approximated. It works well for medium to moderately large optimization prob-
lems 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 compute
second-order derivatives. QUANEW is the default optimization algorithm because it provides an appropri-
ate 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 approximate Hessian (de-
fault)

You can specify four update formulas with the UPDATE= option:

DBEFGS performs the dual Broyden, Fletcher, Goldfarb, and Shanno (BFGS) update of the Cholesky
factor of the Hessian matrix. This is the default.

DDFP performs the dual Davidon, Fletcher, and Powell (DFP) update of the Cholesky factor of the
Hessian matrix.

BFGS performs the original BFGS update of the inverse Hessian matrix.

* DFP performs the original DFP update of the inverse Hessian matrix.

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 size o
satisfying 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) that control the line search in the other algorithms do not apply here. In several appli-
cations, large steps in the first iterations are troublesome. You can use the INSTEP= option to impose an
upper bound for the step size a during the first five iterations. You can also use the INHESSIAN([=r] option
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 approximation of the Hessian is used to initialize
the quasi-Newton update process. The values of the LCSINGULAR=, LCEPSILON=, and LCDEACT=
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options, which control 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 meth-
ods. In each iteration, the double-dogleg algorithm computes the step s) as the linear combination of the

steepest descent or ascent search direction sgk) and a quasi-Newton search direction sék).

s® = ozlsgk) + azsgk)
The step is requested to remain within a prespecified trust region radius; see 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:

* DBFGS performs the dual Broyden, Fletcher, Goldfarb, and Shanno update of the Cholesky factor of
the Hessian matrix. This is the default.

* 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 prob-
lems where the objective function and the gradient are much faster to compute than the Hessian. The im-
plementation is based on Dennis and Mei (1979) and Gay (1983), but it is extended for dealing with bound-
ary 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.

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 gradient calls, but it requires only O(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:

* 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).
* PR performs the Polak-Ribiere update (Fletcher 1987).

* 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 UP-
DATE=CD, which behaved worst in most test examples.

The CONGRA subroutine should be used for optimization problems with large n. For the unconstrained
or boundary constrained case, CONGRA requires only O(n) bytes of working memory, whereas all other
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optimization methods require order O(n?) bytes of working memory. During n successive iterations, un-
interrupted 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 obtain 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 might be unable to generate precise results for n
much greater than 40.

The original Nelder-Mead simplex algorithm is implemented and extended to boundary constraints. This
algorithm does not compute the objective for infeasible points, but it changes the shape of the simplex by
adapting to the nonlinearities of the objective function, which contributes to an increased speed of conver-
gence. It uses a special termination criteria.

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 that runs on a remote server.

On the server side, a FILENAME statement assigns a fileref 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 the SOCKET= option
in the PROC statement to control the EmMonitor. The following statements show an example of server-side
statements for PROC ENTROPY.

data one;
do t =1 to 10;

x1 5 *x ranuni (456);
x2 10 * ranuni( 456);
x3 = 2 x rannor (1456);
el = rannor (1456);
e2 = rannor (4560);
tmpl = 0.5 * el — 0.1 * e2;

tmp2 = -0.1 * el — 0.3 * e2;
yl =7 + 8.5%x1 + 2xx2 + 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;



Remote Monitoring 4 181

On the client side, the EmMonitor application is started with the following syntax:
EmMonitor options

The options are:

-p port_number defines the port number
-t title defines the title of the EmMonitor window

-k keeps 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 the
server at any time during the iteration process. You only need to remember the port number.

Starting the PC client, or closing it prematurely, does not have any effect on the server side. In other words,
the iteration process continues until one of the criteria for termination is met.

Figure 6.1 through Figure 6.4 show screenshots of the application on the client side.

Figure 6.1 Graph Tab Group 0
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Figure 6.2 Graph Tab Group 1
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Figure 6.3 Status Tab
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Figure 6.4 Options Tab
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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.

Table 6.5 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
ParameterEstimatesStart
ProblemDescription
ProjGrad

Estimates at the results

Estimates at the start of the iterations
Problem description

Projected gradients
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Overview: ARIMA Procedure

The ARIMA procedure analyzes and forecasts equally spaced univariate time series data, transfer function
data, and intervention data by using the autoregressive integrated moving-average (ARIMA) or autoregres-
sive moving-average (ARMA) model. An ARIMA model predicts a value in a response time series as a
linear combination 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 regression.

The ARIMA procedure provides a comprehensive set of tools for univariate time series model identification,
parameter estimation, and forecasting, and it offers great flexibility in the kinds of ARIMA or ARIMAX
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models that can be analyzed. The ARIMA procedure supports seasonal, subset, and factored ARIMA
models; intervention or interrupted time series models; multiple regression analysis with ARMA errors; and
rational transfer function models of any complexity.

The design of PROC ARIMA closely follows the Box-Jenkins strategy for time series modeling with fea-
tures for the identification, estimation and diagnostic checking, and forecasting steps of the Box-Jenkins
method.

Before you use PROC ARIMA, you should be familiar with Box-Jenkins methods, and you should exercise
care and judgment when you use 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.

Getting Started: ARIMA Procedure

This section outlines the use of the ARIMA procedure and gives a cursory description of the ARIMA
modeling process for readers who are 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. Inthe identification stage, you use the IDENTIFY statement to specify the response series and identify
candidate ARIMA models for it. The IDENTIFY statement reads time series that are to be used in
later statements, possibly differencing them, and computes autocorrelations, inverse autocorrelations,
partial autocorrelations, and cross-correlations. Stationarity tests can be performed to determine if
differencing is necessary. The analysis of the IDENTIFY statement output usually suggests one or
more ARIMA models that could be fit. Options enable you to test for stationarity and tentative ARMA
order identification.

2. In the estimation and diagnostic checking stage, you use the ESTIMATE statement to specify the
ARIMA model to fit to the variable specified in the previous 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 might be un-
necessary. 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 used 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 indi-
cate problems with the model, you try another model and then repeat the estimation and diagnostic
checking stage.

3. Inthe forecasting stage, 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.
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These three steps are explained further and illustrated through an extended example in the following sec-
tions.

Identification Stage

Suppose you have a variable called SALES that you want to forecast. The following example illustrates
ARIMA modeling and forecasting by using a simulated data set TEST that contains 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 simulated SALES series is shown in Figure 7.1.

proc sgplot data=test;
scatter y=sales x=date;

run;
Figure 7.1 Simulated ARIMA(1,1,1) Series SALES
o
160 OO
b OW ° o
o) o 6&3
o © o o)
o% o) %
o © OcP
o)
o)
le) (e}
140 o o e ©
o % o% o
» o) CQ)O o)
° o % o o
n o OO O
5 o)
o) o ©
o) essd
120
o)
o)
o)
o)
fe11)
o)
5
100

1988 1989 1990 1991 1992 1993 1994 1995 1996 1997
date



Identification Stage 4 191

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 analyze its correlation properties. You do this by using the following
statements:

proc arima data=test ;
identify var=sales nlag=24;
run;

Descriptive Statistics
The IDENTIFY statement first prints descriptive statistics for the SALES series. This part of the IDENTIFY
statement output is shown in Figure 7.2.

Figure 7.2 IDENTIFY Statement Descriptive Statistics Output

The ARIMA Procedure

Name of Variable = sales

Mean of Working Series 137.3662
Standard Deviation 17.36385
Number of Observations 100

Autocorrelation Function Plots
The IDENTIFY statement next produces a panel of plots used for its autocorrelation and trend analysis. The
panel contains the following plots:

* the time series plot of the series

* the sample autocorrelation function plot (ACF)

* the sample inverse autocorrelation function plot (IACF)

* the sample partial autocorrelation function plot (PACF)

This correlation analysis panel is shown in Figure 7.3.
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Figure 7.3 Correlation Analysis of SALES

Trend and Correlation Analysis for sales
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These autocorrelation function plots show the degree of correlation with past values of the series as a func-
tion of the number of periods in the past (that is, the lag) at which the correlation is computed.

The NLAG= option controls the number of lags for which the autocorrelations are shown. By default, the
autocorrelation functions are plotted to lag 24.

Most books on time series analysis explain how to interpret the autocorrelation and the partial autocorre-
lation plots. See the section “The Inverse Autocorrelation Function” on page 234 for a discussion of the
inverse autocorrelation plots.

By examining these plots, you can judge whether the series is stationary or nonstationary. In this case, a
visual inspection of the autocorrelation function plot indicates 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 207.)

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 autocorrelations of the series up to a given lag are signifi-

cantly 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.
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The autocorrelations are checked in groups of six, and the number of lags checked depends on the NLAG=
option. The check for white noise output is shown in Figure 7.4.

Figure 7.4 IDENTIFY Statement Check for White Noise

Autocorrelation Check for White Noise

To Chi- Pr >
Lag Square DF Chisq Autocorrelations

.0001 0.957 0.907 0.852 0.791 0.726 0.659
.0001 0.588 0.514 0.440 0.370 0.303 0.238
.0001 0.174 0.112 0.052 -0.004 -0.054 -0.098
.0001 -0.135 -0.167 -0.192 -0.211 -0.227 -0.240

6 426.44 6
12 547.82 12
18 554.70 18
24 585.73 24

A A A A

In this case, the white noise hypothesis is rejected very strongly, which is expected since the series is
nonstationary. The p-value for the test of the first six autocorrelations is printed as <0.0001, which means
the p-value is less than 0.0001.

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:

proc arima data=test;
identify var=sales(1l);
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 7.5. Note that the period of differencing is given as 1,
and one observation was lost through the differencing operation.

Figure 7.5 IDENTIFY Statement Output for Differenced Series

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

The autocorrelation plots for the differenced series are shown in Figure 7.6.
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Figure 7.6 Correlation Analysis of the Change in SALES

Trend and Correlation Analysis for sales(1)
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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 autocorrelation 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.

In the usual Box-Jenkins approach to ARIMA modeling, the sample autocorrelation function, inverse au-
tocorrelation 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 analy-
sis, such as Pankratz (1983), 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 only approximate the true autocorrelation function of the process that generates the
series. This means that the sample autocorrelation functions do not exactly match the theoretical autocor-
relation functions for any ARMA model and can 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
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check for white noise, shown in Figure 7.7, indicates that the change in SALES is highly autocorrelated.
Thus, an autocorrelation model, for example an AR(1) model, might be a good candidate model to fit to this
process.

Figure 7.7 IDENTIFY Statement Check for White Noise

Autocorrelation Check for White Noise

To Chi- Pr >
Lag Square DF Chisqg Autocorrelations

.0001 0.828 0.591 0.454 0.369 0.281 0.198
.0001 0.151 0.081 -0.039 -0.141 -0.210 -0.274
.0001 -0.305 -0.271 -0.218 -0.183 -0.174 -0.1le61
.0001 -0.144 -0.141 -0.125 -0.085 -0.040 -0.032

6 154.44 6
12 173.66 12
18 209.64 18
24 218.04 24

A A A A

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 see if 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 in an
ESTIMATE statement:

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 in Figure 7.8.

Figure 7.8 Parameter Estimates for AR(1) Model

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
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The table of parameter estimates is titled “Conditional Least Squares Estimation,” which indicates the esti-
mation method used. You can request different estimation methods with the METHOD= option.

The table of parameter estimates lists the parameters in the model; for each parameter, the table shows the
estimated value and the standard error and ¢ value 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
0.90280. The autoregressive parameter is labeled AR1,1; this is the coefficient of the lagged value of the
change in SALES, and its estimate is 0.86847.

The ¢ values provide significance tests for the parameter estimates and indicate whether some terms in the
model might be unnecessary. In this case, the ¢ value for the autoregressive parameter is 15.83, so this term
is highly significant. The ¢ value 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 errors and ¢ values might not be reliable in small samples.

The next part of the ESTIMATE statement output is a table of goodness-of-fit statistics, which aid in com-
paring this model to other models. This output is shown in Figure 7.9.

Figure 7.9 Goodness-of-Fit Statistics for AR(1) Model

Constant Estimate 0.118749
Variance Estimate 1.15794
Std Error Estimate 1.076076
AIC 297.4469
SBC 302.6372
Number of Residuals 99

The “Constant Estimate” is a function of the mean term MU and the autoregressive parameters. This esti-
mate is computed only for AR or ARMA models, but not for strictly MA models. See the section “General
Notation for ARIMA Models” on page 204 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 you are
comparing candidate models, smaller AIC and SBC statistics indicate the better fitting model. The section
“Estimation Details” on page 242 explains the AIC and SBC statistics.

The ESTIMATE statement next prints a table of correlations of the parameter estimates, as shown in Fig-
ure 7.10. This table can help you assess the extent to which collinearity might 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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Figure 7.10 Correlations of the Estimates for AR(1) Model

Correlations of Parameter

Estimates
Parameter MU AR1, 1
MU 1.000 0.114
AR1,1 0.114 1.000

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 in Figure 7.11.

Figure 7.11 Check for White Noise Residuals for AR(1) Model

To
Lag

12
18
24

Autocorrelation Check of Residuals

Chi- Pr >
Square DF Chisqg Autocorrelations

19.09 5 0.0019 0.327 -0.220 -0.128 0.068 -0.002
22.90 11 0.0183 0.072 0.116 -0.042 -0.066 0.031
31.63 17 0.0167 -0.233 -0.129 -0.024 0.056 -0.014
32.83 23 0.0841 0.009 -0.057 -0.057 -0.001 0.049

-0.096
-0.091
-0.008
-0.015

The 2 test statistics for the residuals series indicate whether the residuals are uncorrelated (white noise) or
contain additional information that might be used by a more complex model. In this case, the test statistics
reject the no-autocorrelation hypothesis at a high level of significance (p = 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 ESTIMATE statement output also includes graphical analysis of the residuals. It is not shown
here. The graphical analysis also reveals the inadequacy of the AR(1) model.

The final part of the ESTIMATE statement output is a listing of the estimated model, using the backshift
notation. This output is shown in Figure 7.12.

Figure 7.12 Estimated ARIMA(1, 1, 0) Model for SALES

Model for variable sales

Estimated Mean 0.902799
Period(s) of Differencing 1

Autoregressive Factors

Factor 1: 1 - 0.86847 Bxx (1)
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This listing combines the differencing specification given in the IDENTIFY statement 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. Using B, the backshift operator, the mathematical form
of the estimated model shown in this output is as follows:

1

1 — B)sales; = 0.902799 4 —
(1= B)sales: T 0 086sa7B) ™

See the section “General Notation for ARIMA Models” on page 204 for further explanation 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 in 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 7.13.

Figure 7.13 Estimated ARMA(1, 1) Model for Change in SALES

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
MAl,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
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The moving-average parameter estimate, labeled “MA1,1”, is —=0.58935. Both the moving-average and the
autoregressive parameters have significant ¢ values. 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 over-parameterizing.

The graphical check of the residuals from this model is shown in Figure 7.14 and Figure 7.15. The resid-
ual correlation and white noise test plots show that you cannot reject the hypothesis that the residuals are
uncorrelated. The normality plots also show no departure from normality. 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 com-
plex models.

Figure 7.14 White Noise Check of Residuals for the ARMA(1,1) Model

Residual Correlation Diagnostics for sales(1)

1.0 1.0
0.5 0.5
w L
O 00- 2 0_0_4_-l_..-_-.l_l-____-7
< o
-0.5 -0.5
1.0+ T T T T T 1.0+ T T T T T
0 5 10 15 20 25 0 5 10 15 20 25
Lag Lag
1.0
0.5 S .001 -
o
o 2
< 0.0 §
)
£ 05
-0.5 =

Lag Lag



200 4 Chapter 7: The ARIMA Procedure

Figure 7.15 Normality Check of Residuals for the ARMA(1,1) Model

Residual Normality Diagnostics for sales(1)
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The form of the estimated ARIMA(1,1,1) model for SALES is shown in Figure 7.16.

Figure 7.16 Estimated ARIMA(1,1,1) Model for SALES

Model for variable sales
Estimated Mean 0.892875
Period(s) of Differencing 1

Autoregressive Factors

Factor 1: 1 - 0.74755 Bxx (1)

Moving Average Factors

Factor 1: 1 + 0.58935 Bxx (1)

The estimated model shown in this output is

(1 + 0.58935B)

| — B)sales; = 0.892875
(1= B)sales: T 1=074758)"
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In addition to the residual analysis of a model, it is often useful to check whether there are any changes in the
time series that are not accounted for by the currently estimated model. The OUTLIER statement enables
you to detect such changes. For a long series, this task can be computationally burdensome. Therefore, in
general, it is better done after a model that fits the data reasonably well has been found. Figure 7.17 shows
the output of the simplest form of the OUTLIER statement:

outlier;
run;

Two possible outliers have been found for the model in question. See the section “Detecting Outliers” on
page 253, and the examples Example 7.6 and Example 7.7, for more details about modeling in the presence
of outliers. In this illustration these outliers are not discussed any further.

Figure 7.17 Ouitliers for the ARIMA(1,1,1) Model for SALES

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

Since the model diagnostic tests show that all the parameter estimates are significant 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 is not the best, then repeat the ESTIMATE statement for the best model
before you use the FORECAST statement.

Suppose that the SALES series is monthly, that you want 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;
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The LEAD= option specifies how many periods ahead to forecast (12 months, in this case). The ID=
option specifies the ID variable, which is typically a SAS date, time, or datetime 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
the output data set RESULTS. See the section “OUT= Data Set” on page 255 for information about the

contents of the output data set.

By default, the FORECAST statement also prints and plots the forecast values, as shown in Figure 7.18
and Figure 7.19. The forecast table 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.

Figure 7.18 Forecasts for ARIMA(1,1,1) Model for SALES

Obs

101
102
103
104
105
106
107
108
109
110
111
112

The ARIMA Procedure

Forecasts for variable sales

Forecast Std Error 95%
171.0320 0.9508 169.
174.7534 2.4168 170.
177.7608 3.9879 169.
180.2343 5.5658 169.
182.3088 7.1033 168
184.0850 8.5789 167
185.6382 9.9841 166.
187.0247 11.3173 164.
188.2866 12.5807 163.
189.4553 13.7784 162.
190.5544 14.9153 161
191.6014 15.9964 160

Confidence Limits
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Figure 7.19 Forecasts for the ARMA(1,1,1) Model
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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 in the FORECAST statement to suppress this
output.

Using ARIMA Procedure Statements

The IDENTIFY, ESTIMATE, and FORECAST statements are related in a hierarchy. An IDENTIFY state-
ment 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 response series or to change the degree of differencing used.

The ARIMA procedure can be used interactively in the sense that all ARIMA procedure statements can be
executed any number of times without reinvoking PROC ARIMA. You can execute ARIMA procedure state-
ments singly or in groups by following 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 entered.
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A RUN statement does not terminate the PROC ARIMA step but tells the procedure to execute the state-
ments 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 procedure statements. The
complete PROC ARIMA program for that example is as follows:

proc arima data=test;
identify var=sales nlag=24;
run;
identify var=sales(1l);
run;
estimate p=1;
run;
estimate p=1 g=1;
run;
outlier;
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 usually denoted by the nota-
tion ARIMA(p,d,q ), where

p is the order of the autoregressive part
d is the order of the differencing
q is the order of the moving-average process

If no differencing is done (d = 0), the models are usually referred to as ARMA(p, ¢g) models. The final
model in the preceding example is an ARIMA(1,1,1) model since the IDENTIFY statement specified d = 1,
and the final ESTIMATE statement specified p =1 and g = 1.

Notation for Pure ARIMA Models

Mathematically the pure ARIMA model is written as

W, + o(B)
t =M ax
¢(B)
where
t indexes time
W; is the response series Y; or a difference of the response series

7 is the mean term
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B is the backshift operator; that is, BX; = X;_1

¢(B) is the autoregressive operator, represented as a polynomial in the backshift operator:
$(B)=1—¢1B—...—$,BP

6(B) is the moving-average operator, represented as a polynomial in the backshift operator:
6(B)y=1-61B—...—6,B4

as is the independent disturbance, also called the random error

The series W; is computed by the IDENTIFY statement and is the series processed by the ESTIMATE
statement. Thus, W; is either the response series Y; or a difference of Y; specified by the differencing
operators in the IDENTIFY statement.

For simple (nonseasonal) differencing, W; = (1 — B)?Y;. For seasonal differencing W; = (1 — B)4(1 — B%)Py;,
where d is the degree of nonseasonal differencing, D is the degree of seasonal differencing, and s is the
length of the seasonal cycle.

For example, the mathematical form of the ARIMA(1,1,1) model estimated in the preceding example is

(1-6,8)

(1-B)Y; =M+mat

Model Constant Term

The ARIMA model can also be written as
¢(B) (W — ) = 0(B)a;

or
¢(B)W; = const + 6(B)a;

where

const =@¢(B)u = (L —p1jh — ot — ... — Pppt

Thus, when an autoregressive operator and a mean term are both included in the model, the constant term
for the model can be represented as ¢(B)u. 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

i (B . 0(B
i

where
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Xis is the ith input time series or a difference of the ith input series at time ¢

ki is the pure time delay for the effect of the ith input series

w; (B) is the numerator polynomial of the transfer function for the ith input series

6; (B) is the denominator polynomial of the transfer function for the ith input series.

The model can also be written more compactly as

Wy =u+ Z‘pi(B)Xi,t + ng

1

where

W,;(B) is the transfer function for the ith input series modeled as a ratio of the w and § polyno-
mials: W; (B) = (w; (B)/8;(B))Bki

ng is the noise series: n; = (0(B)/¢(B))a;

This model expresses the response series as a combination of past values of the random shocks and past
values of other input series. The response series is also called the dependent series or output series. An
input time series is also referred to as an independent series or a predictor series. Response variable,
dependent variable, independent variable, or predictor variable are other terms often used.

Notation for Factored Models

ARIMA models are sometimes expressed in a factored form. This means that the ¢, 6, w, or § polynomials
are expressed as products of simpler polynomials. For example, you could express the pure ARIMA model
as

61(B)0>(B)
¢1(B)pa(B)
where ¢1(B)¢2(B) = ¢(B) and 01(B)62(B) = 6(B).

We=p+

When an ARIMA model is expressed in factored form, the order of the model is usually expressed by using
a factored notation also. The order of an ARIMA model expressed as the product of two factors is denoted
as ARIMA(p,d,q)<(P.D,Q).

Notation for Seasonal Models

ARIMA models for time series with regular seasonal fluctuations often use differencing operators and au-
toregressive 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 constant s, the constant
is factored out and suffixed to the ARIMA(p,d,q ) notation.

Thus, the general notation for the order of a seasonal ARIMA model with both seasonal and nonseasonal
factors is ARIMA(p,d,q)x(P,D,Q);. The term (p,d,q) gives the order of the nonseasonal part of the ARIMA
model; the term (P,D,Q); gives the order of the seasonal part. The value of s is the number of observations
in a seasonal cycle: 12 for monthly series, 4 for quarterly series, 7 for daily series with day-of-week effects,
and so forth.
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For example, the notation ARIMA(0,1,2)x(0,1,1)1, describes a seasonal ARIMA model for monthly data
with the following mathematical form:

(1-B)1—B2)Y; =u+(1—-61,1B—612B>(1— 6,18,

Stationarity

The noise (or residual) series for an ARMA model must be stationary, which means that both the expected
values of the series and its autocovariance function are independent of time.

The standard way to check for nonstationarity is to plot the series and its autocorrelation 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 section “Stationarity
Tests” on page 241.

Most time series are nonstationary and must be transformed to a stationary series before the ARIMA mod-
eling process can proceed. If the series has a nonstationary variance, taking the log of the series can 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 might need to be differenced 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 can 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(1l);

In this example, the change in SALES from one period to the next is analyzed.

A deterministic seasonal pattern also causes the series to be nonstationary, since the expected value of the
series is not the same for all time periods but is higher or lower depending on the season. When the series
has a seasonal pattern, you might want to difference the series at a lag that corresponds to the length of the
seasonal cycle. 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:
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identify var=sales(1l,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 state-
ment

identify var=sales(1,12);

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 differ-
enced series. FORECAST statements forecast the differences and automatically sum these differences back
to undo the differencing 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(l) crosscorr=(x1l(1l) 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 that includes parameters for only some lags is sometimes called a subset or additive model. For
example, consider the following two ESTIMATE statements:
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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 shown in Table 7.1.

Table 7.1 Saturated versus Subset Models

Option Autoregressive Operator

P=4 (1 —¢1B — 2B — ¢3B> — psB*)
P=(14) (1—¢1B—¢sB?)

Seasonal Models

One particularly useful kind of subset model is a seasonal model. When the response series has a seasonal
pattern, the values of the series at the same time of year in previous years can 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 average 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 that
reflects short term dependencies and an AR(12) model that reflects 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 specifications are shown in
Table 7.2.
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Table 7.2 Subset versus Factored Models

Option Autoregressive Operator

P=(11213) (1—¢1 B —¢12B'2 —$13B13)
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.

The factored specification P=(1)(12) represents the model as the product of two different 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 parsimonious, 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 series, called input series.

Several different names are used to describe ARIMA models with input series. Transfer function model,
intervention model, interrupted time series model, regression model with ARMA errors, Box-Tiao model,
and ARIMAX model are all different names for ARIMA models with input series. Pankratz (1991) refers to
these models as dynamic regression models.

Using Input Series

To use input series, list the input series in a 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; it produces the same results as
PROC REG or another SAS regression procedure. The mathematical form of the model estimated by these
statements is

Yi =+ woXt + a;

The parameter estimates table for this example (using simulated data) is shown in Figure 7.20. The intercept
parameter is labeled MU. The regression coefficient for PRICE is labeled NUMI1. (See the section ‘“Naming
of Model Parameters” on page 249 for information about how parameters for input series are named.)
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Figure 7.20 Parameter Estimates Table for Regression Model

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

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=pu+ w1 X1, +02Xo; +a

Lagging and Differencing Input Series

You can also difference and lag the input series. For example, the following statements 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(l) crosscorr=price(l);
estimate input=( 1 $§ price );

run;

These statements estimate the model

(1=B)Y: = p+wo(l —B)Xi—1 +ar

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 the noise
series in 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;
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These statements estimate the model

(1-618)

Yi=pt+toiXis+wXo+ ——F—a;
(1—¢1B)

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 nonstationary, the response series
will be nonstationary, even though the noise process might 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 that uses the autocorrelation func-
tion plots produced by the IDENTIFY statement. This identification 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 in the ESTIMATE statement produces similar plots for the model residuals as the IDEN-
TIFY statement produces for the response series. The PLOT option prints an autocorrelation function plot,
an inverse autocorrelation function plot, and a partial autocorrelation function plot for the residual series.
Note that these residual correlation plots are produced by default.

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 regression 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);
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 autocorrelation function, and partial autocor-
relation function for the residual series of the regression on PRICE and INCOME.
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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 called an intervention model or interrupted time
series model. In an intervention model, the input series is an indicator variable that contains 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 also to analyze the
impact of the intervention. When the focus is on estimating the effect of the intervention, the process is
often called intervention analysis or 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 O for all other periods. Intervention
variables of this kind are sometimes called impulse functions or 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 by 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 = 'lmarl992'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 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 called step functions.
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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 >= '13jull996'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 variables 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 is continuous and 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 called its transfer 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 param-
eter. However, you can also specify complex transfer functions 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:

proc arima data=a;
identify var=sales crosscorr=price;
estimate input=( (1 2 3) price );
run;

These statements estimate the model

Yt = U + ((1)0 —a)lB —(/()ZB2 —0)3B3)Xt + a;
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This example models the effect of PRICE on SALES as a linear function of the current and three most
recent values of PRICE. It is equivalent to a multiple linear regression of SALES on PRICE, LAG(PRICE),
LAG2(PRICE), and LAG3(PRICE).

This is an example of a transfer function with one numerator 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 with denominator factors. The denominator factors for a transfer func-
tion 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:

o0
wo (1 +28§B") X,

i=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.

Rational Transfer Functions

By combining various numerator and denominator factors in the INPUT= option, you can specify rational
transfer functions of any complexity. To specify an input with a general rational transfer function of the
form

B
©B) pry,
§(B)
use an INPUT= option in the ESTIMATE statement of the form
input=(k $ ( w-lags)/( §-lags) x)

See the section “Specifying Inputs and Transfer Functions” on page 247 for more information.
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Identifying Transfer Function Models

The CROSSCORR= option of the IDENTIFY statement prints sample cross-correlation functions that
show the correlation 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 textbooks on time series analysis for information about 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 241 for more information
about this issue.

Forecasting with Input Variables

To forecast a response series by using an ARIMA model with inputs, you need values of the input series for
the forecast periods. You can supply values for the input variables 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 procedure 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 change in PRICE, plus an ARMA(1,1) noise process. To forecast
SALES by 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 fitting 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.

proc arima data=a;

identify var=price(1l);

estimate p=2;

identify var=sales(l) crosscorr=price(l);

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 section
“Prewhitening” on page 241 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.
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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 you estimate the model for SALES, as
shown in the following statements:

proc arima data=a;
identify var=price(1l);
estimate p=2;
identify var=income (1);
estimate p=2;
identify var=sales(l) crosscorr=( price(l) 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 fewer
than 30 observations, the parameter estimates might be poor. With thousands of observations, the method
requires considerable computer time and memory.

Syntax: ARIMA Procedure

The ARIMA procedure uses the following statements:

PROC ARIMA options ;
BY variables ;
IDENTIFY VAR=variable options ;
ESTIMATE options ;
OUTLIER options ;
FORECAST options ;

The PROC ARIMA and IDENTIFY statements are required.
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Functional Summary

The statements and options that control the ARIMA procedure are summarized in Table 7.3.

Table 7.3 Functional Summary

Description Statement Option

Data Set Options

specify the input data set PROC ARIMA DATA=
IDENTIFY DATA=

specify the output data set PROC ARIMA OUT=
FORECAST OUT=

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 OuUTCOV

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 IDENTIFY

autocorrelations

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 IDENTIFY CLEAR

specify the significance level for tests IDENTIFY ALPHA=

perform tentative ARMA order identification =~ IDENTIFY ESACF

by using the ESACF method

perform tentative ARMA order identification =~ IDENTIFY MINIC

by using the MINIC method

perform tentative ARMA order identification =~ IDENTIFY SCAN

by using the SCAN method

specify the range of autoregressive model IDENTIFY PERROR=

orders for estimating the error series for the

MINIC method

determine the AR dimension of the SCAN, IDENTIFY P=

ESACF, and MINIC tables

determine the MA dimension of the SCAN, IDENTIFY Q=

ESACEF, and MINIC tables

perform stationarity tests IDENTIFY STATIONARITY=

selection of white noise test statistic in the IDENTIFY WHITENOISE=

presence of missing values
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Description Statement Option
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 in ESTIMATE NODF
variance estimates

selection of white noise test statistic in the ESTIMATE WHITENOISE=
presence of missing values

Options for Qutlier 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 of OUTLIER 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 IDENTIFY NLAG=
plots

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=
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
Plotting Control Options

request plots associated with model PROC ARIMA PLOTS=

identification, residual analysis, and
forecasting
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Table 7.3 continued
Description Statement Option
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 ESTIMATE MU=
parameter
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 ESTIMATE NOLS
for 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 compute FORECAST SIGSQ=
forecast standard errors and confidence limits
control the alignment of SAS date values FORECAST ALIGN=
BY Groups
specify BY group processing BY

PROC ARIMA Statement

PROC ARIMA options ;

The following options can be used in the PROC ARIMA statement.
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DATA=SAS-data-set
specifies the name of the SAS data set that contains 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.

PLOTS< (global-plot-options) > < = plot-request < (options) > >

PLOTS< (global-plot-options) > < = (plot-request < (options) > <... plot-request < (options) >>) >
controls the plots produced through ODS Graphics. When you specify only one plot request, you can
omit the parentheses around the plot request.

Here are some examples:

plots=none

plots=all

plots (unpack)=series (corr crosscorr)

plots (only)=(series (corr crosscorr) residual (normal smooth))

Global Plot Options:

The global-plot-options apply to all relevant plots generated by the ARIMA procedure. The following
global-plot-options are supported:

ONLY
suppresses the default plots. Only the plots specifically requested are produced.

UNPACK
displays each graph separately. (By default, some graphs can appear together in a single panel.)

Specific Plot Options

The following list describes the specific plots and their options.

ALL
produces all plots appropriate for the particular analysis.

NONE
suppresses all plots.

SERIES(< series-plot-options > )
produces plots associated with the identification stage of the modeling. The panel plots cor-
responding to the CORR and CROSSCORR options are produced by default. The following
series-plot-options are available:

ACF
produces the plot of autocorrelations.

ALL
produces all the plots associated with the identification stage.
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CORR
produces a panel of plots that are useful in the trend and correlation analysis of the series.
The panel consists of the following:

* the time series plot
* the series-autocorrelation plot
* the series-partial-autocorrelation plot

* the series-inverse-autocorrelation plot

CROSSCORR
produces panels of cross-correlation plots.

IACF
produces the plot of inverse-autocorrelations.

PACF
produces the plot of partial-autocorrelations.

RESIDUAL(< residual-plot-options > )
produces the residuals plots. The residual correlation and normality diagnostic panels are pro-
duced by default. The following residual-plot-options are available:

ACF
produces the plot of residual autocorrelations.

ALL
produces all the residual diagnostics plots appropriate for the particular analysis.

CORR
produces a summary panel of the residual correlation diagnostics that consists of the fol-
lowing:

¢ the residual-autocorrelation plot
* the residual-partial-autocorrelation plot
* the residual-inverse-autocorrelation plot

* aplot of Ljung-Box white-noise test p-values at different lags

HIST
produces the histogram of the residuals.

IACF
produces the plot of residual inverse-autocorrelations.

NORMAL
produces a summary panel of the residual normality diagnostics that consists of the follow-
ing:

* histogram of the residuals

* normal quantile plot of the residuals
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PACF
produces the plot of residual partial-autocorrelations.

QQ

produces the normal quantile plot of the residuals.

SMOOTH
produces a scatter plot of the residuals against time, which has an overlaid smooth fit.

WN
produces the plot of Ljung-Box white-noise test p-values at different lags.

FORECAST(< forecast-plot-options > )
produces the forecast plots in the forecasting stage. The forecast-only plot that shows the mul-
tistep forecasts in the forecast region is produced by default.

The following forecast-plot-options are available:

ALL
produces the forecast-only plot as well as the forecast plot.

FORECAST
produces a plot that shows the one-step-ahead forecasts as well as the multistep-ahead fore-
casts.

FORECASTONLY
produces a plot that shows only the multistep-ahead forecasts in the forecast region.

OUT=SAS-data-set
specifies a SAS data set to which the forecasts are output. If different OUT= specifications appear in
the PROC ARIMA and FORECAST statements, 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 to use 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 applies only 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.
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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.

ALPHA-=significance-level
The ALPHA= option specifies the significance level for tests in the IDENTIFY statement. 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 differ-
encing. 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 section “Prewhitening” on page 241 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 that contains 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 sample autocorrelation
estimates, and the second table displays probability values that can be used to test the significance of
these estimates. The P=(pmin : Pmax) and Q=(gmin : gmax) options determine the size of the table.

The autoregressive and moving-average orders are tentatively identified by finding a triangular pat-
tern 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.
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The following code generates an ESACF table with dimensions of p=(0:7) and q=(0:8).

proc arima data=test;
identify var=x esacf p=(0:7) g=(0:8);
run;

See the section “The ESACF Method” on page 236 for more information.

MINIC
uses information criteria or penalty functions to provide tentative ARMA order identification. The
MINIC option generates a table that contains the computed information criterion associated with
various ARMA model orders. The PERROR=(pe¢ min : Pe,max) Option determines the range of
the autoregressive model orders used to estimate the error series. The P=(pmin : Pmax) and
Q=(gmin : gmax) options determine the size of the table. The ARMA orders are tentatively iden-
tified by those orders that minimize the information criterion.

The following statements generate a MINIC table with default dimensions of p=(0:5) and q=(0:5) and
with the error series estimated by an autoregressive model with an order, pc, that minimizes the AIC
in the range from 8 to 11.

proc arima data=test;
identify var=x minic perror=(8:11);
run;

See the section “The MINIC Method” on page 238 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 ARIMA(p, d, ¢ ) model, the NLAG= value must be at least p +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 state-
ment.

OUTCOV=SAS-data-set
writes the autocovariances, autocorrelations, inverse autocorrelations, partial autocorrelations, 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 section “OUTCOV= Data Set” on page 256 for more information.

P=(pmin : pmax)
see the ESACF, MINIC, and SCAN options for details.
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PERROR=(pe,min : Pe,max)
determines the range of the autoregressive model orders used to estimate the error series in MINIC, a
tentative ARMA order identification method. See the section “The MINIC Method” on page 238 for
more information. By default pe iy is set to pmax and pe max 1S s€t t0 pmax + Gmax, Where pmax
and gmqx are the maximum settings of the P= and Q= options on the IDENTIFY statement.

Q=(9min : 9max)
see the ESACF, MINIC, and SCAN options for details.

SCAN
computes estimates of the squared canonical correlations and uses these estimates to tentatively iden-
tify the autoregressive and moving-average orders of mixed models.

The SCAN option generates two tables. The first table displays squared canonical correlation esti-
mates, and the second table displays probability values that can be used to test the significance of these
estimates. The P=(pmin : Pmax) and Q=(gmin : gmax) options determine the size of each table.

The autoregressive and moving-average orders are tentatively identified by finding a rectangular pat-
tern 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 q=(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 the section “The SCAN Method” on page 239 for more information.

STATIONARITY=
performs stationarity tests. Stationarity tests can be used to determine whether differencing terms
should be included in the model specification. In each stationarity test, the autoregressive orders can
be specified by a range, test= armqx, or as a list of values, test= (ary, .., ary), where test is ADF, PP,
or RW. The default is (0,1,2).

See the section “Stationarity Tests” on page 241 for more information.

STATIONARITY=(ADF= AR orders DLAG= s)

STATIONARITY=(DICKEY= AR orders DLAG= s)
performs augmented Dickey-Fuller tests. If the DLAG=s option is specified with s is greater than one,
seasonal Dickey-Fuller tests are performed. The maximum allowable value of s is 12. The default
value of s is 1. 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;
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STATIONARITY=(PP= AR orders))

STATIONARITY=(PHILLIPS= AR orders))
performs Phillips-Perron tests. The following statements perform augmented Phillips-Perron tests
with autoregressive orders ranging from 0 to 6.

proc arima data=test;
identify var=x stationarity=(pp=6);
run;

STATIONARITY=(RW=AR orders)

STATIONARITY=(RANDOMWALK=AR orders )
performs random-walk-with-drift tests. The following statements perform random-walk-with-drift
tests with autoregressive orders ranging from O to 2.

proc arima data=test;
identify var=x stationarity=(rw);
run;

VAR=variable

VAR= variable ( d1, d2, ..., dk)
names the variable that contains the time series to analyze. The VAR= option is required.

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 — Xe—1) — (Xe—1 — Xp—2) = X¢ —2X1—1 + Xi—2.

VAR=X(2) differences X once at lag two (X; — X;—_»).

If differencing is specified, it is the differenced series that is processed by any subsequent ESTIMATE
statement.

WHITENOISE=ST | IGNOREMISS
specifies the type of test statistic that is used in the white noise test of the series when the series
contains missing values. 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 default is WHITENOISE=ST.

ESTIMATE Statement
< label: >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 information by which to check the model. The label in the ESTIMATE
statement is optional. 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 section “Alternative Model Parameterization” on page 247 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 spec-
ified, the input variable enters the model as a simple regressor. If specified, the transfer function
specification has the following syntax:

S$(L11.Lioe.. )Loa... ). /(Lj...). ..

Here, S is a shift or lag of the input variable, the terms before the slash (/) are numerator factors,
and the terms after the slash (/) are denominator factors of the transfer function. All three parts are
optional. See the section “Specifying Inputs and Transfer Functions” on page 247 for details.

METHOD=value
specifies the estimation method to use. METHOD=ML specifies the maximum likelihood method.
METHOD=ULS specifies the unconditional least squares method. METHOD=CLS specifies the con-
ditional least squares method. METHOD=CLS is the default. See the section “Estimation Details”
on page 242 for more information.

NOCONSTANT

NOINT
suppresses the fitting of a constant (or intercept) parameter in the model. (That is, the parameter u 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 warning messages are printed to the SAS
log.

P=order
P=(lag,...,lag)...(lag, ..., lag)
specifies the autoregressive part of the model. By default, no autoregressive parameters are fit.

P=(l 1,12, ...,1 ) defines a model with autoregressive parameters at the specified lags. P= order is
equivalent to P=(1, 2, ..., order).
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A concatenation of parenthesized lists specifies a factored model. For example, P=(1,2,5)(6,12) spec-
ifies the autoregressive model

(1 —¢11B —¢12B* —$13B°)(1 — 2.1 BS — 22 B'?)

PLOT
plots the residual autocorrelation functions. The sample autocorrelation, the sample inverse autocor-
relation, 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=(l1,12,...,1 ) defines a model with moving-average parameters at the specified lags. Q= order is
equivalent to Q=(1, 2, ..., order). 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
specifies the type of test statistic that is used in the white noise test of the series when the series
contains missing values. 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 default is WHITENOISE=ST.

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
section “OUTEST= Data Set” on page 257 for a description of the OUTEST= output data set.

OUTCORR
writes the correlations of the parameter estimates to the OUTEST= data set.

ouTCcoVv
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 the section “OUTMODEL= SAS Data Set” on page 259 for a
description of the OUTMODEL= output data set.

OUTSTAT=SAS-data-set
writes the model diagnostic statistics to an output data set. [f OUTSTAT= is not specified, no statistics
output data set is created. See the section “OUTSTAT= Data Set” on page 261 for a description of the
OUTSTAT= output data set.
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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 estimates 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. See the section “Initial Values” on page 248 for
more information.

INITVAL=(initializer-spec variable ...)
specifies starting values for the parameters in the transfer function parts of the model. See the section
“Initial Values” on page 248 for more information.

MA=value ...
lists starting values for the moving-average parameters. See the section “Initial Values” on page 248
for more information.

MU=value
specifies the MU parameter.

NOEST
uses the values specified with the AR=, MA=, INITVAL=, and MU= options as final 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 errors, ¢ values, and the correlations between estimates are displayed as O or missing. (The

NOEST option is useful, for example, when you want to generate forecasts that correspond 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 can be useful if
convergence problems arise.

BACKLIM=—n
omits the specified number of initial residuals from the sum of squares or likelihood function. Omit-
ting 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=0.001.
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DELTA=value
specifies the perturbation value for computing numerical derivatives. The default is DELTA=0.001.

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= specification. The GRID option can 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.

NOLS
begins the maximum likelihood or unconditional least squares iterations from the preliminary esti-
mates rather than from the conditional least squares estimates that are produced after four iterations.
See the section “Estimation Details” on page 242 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 section “Station-
arity and Invertibility” on page 249 for more information.

PRINTALL
prints preliminary estimation results and the iterations in the final estimation process.

NOTFSTABLE
specifies that the parameter estimates for the denominator polynomial of the transfer function part of
the model not be restricted to the stability region. See the section “Stationarity and Invertibility” on
page 249 for more information.

SINGULAR=value
specifies the criterion for checking singularity. If a pivot of a sweep operation is less than the SINGU-
LAR= 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:
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TYPE=ADDITIVE
TYPE=SHIFT
TYPE=TEMP (d;,...,dy)

TYPE=(< ADDITIVE><SHIFT> <TEMP ( d;,...,d; ) )>
specifies the types of level shifts to search for. The default is TYPE=(ADDITIVE SHIFT), which
requests searching for additive outliers and permanent level shifts. The option
TEMP( dq,...,d}) requests searching for temporary changes in the level of durations dy, ..., d.
These options can also be abbreviated as AO, LS, and TC.

ALPHA-=significance-level
specifies the significance level for tests in the OUTLIER statement. The default is 0.05.

SIGMA=ROBUST | MSE
specifies the type of error variance estimate to use in the statistical tests performed during the
outlier detection. SIGMA=MSE corresponds to the usual mean squared error (MSE) estimate,
and SIGMA=ROBUST corresponds to a robust estimate of the error variance. The default is
SIGMA=ROBUST.

MAXNUM=number
limits the number of outliers to search. The default is MAXNUM=5.

MAXPCT=number
limits the number of outliers to search for according to a percentage of the series length. The default
is MAXPCT=2. When both the MAXNUM= and MAXPCT= options are specified, the minimum of
the two search numbers is used.

ID=Date-Time ID variable
specifies 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.

The most basic usage, shown as follows, sets all the options to their default values.

outlier;
That is, it is equivalent to

outlier type=(ao ls) alpha=0.05 sigma=robust maxnum=5 maxpct=2;
The following statement requests a search for permanent level shifts and for temporary 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 variable date.

outlier type=(ls tc(6 12)) alpha=0.001 sigma=mse maxnum=3 ID=date;
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FORECAST Statement
FORECAST options ;

The FORECAST statement generates forecast values for a time series by using the parameter estimates
produced by the previous ESTIMATE statement. See the section ‘“Forecasting Details” on page 250 for
more information about 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: BEGINNINGIBEGIB, MIDDLEIMIDIM, and ENDINGIENDIE. 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 ALPHA=q, the upper and lower confidence limits have a 1 — « confidence level. The
default is ALPHA=0.05, 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 where 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 available 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.

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 INTER-
VAL= 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. See Chapter 4, “Date Intervals, Formats, and Func-
tions,” for information about 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
section “Specifying Series Periodicity” on page 252 for more details.
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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 func-
tion 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 OUT= 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 255 for
more information.

PRINTALL
prints the FORECAST computation throughout the whole data set. The forecast values for the data
before the forecast period (specified by the BACK= option) are one-step forecasts.

SIGSQ=value
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 often be used in conjunction with the NOEST option in the preceding
ESTIMATE statement.

Details: ARIMA Procedure

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 it generally indicates subset and seasonal autoregres-
sive models better than the SPACF.

Additionally, the SIACF can be useful for detecting over-differencing. If the data come from a nonstationary
or nearly nonstationary model, the SIACF has the characteristics of a noninvertible moving-average. Like-
wise, if the data come from a model with a noninvertible moving average, then the STACF has nonstationary
characteristics 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).
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Let W; be generated by the ARMA(p, g ) process
P(B)W; = 0(B)ay

where a; is a white noise sequence. If 8(B) is invertible (that is, if 6 considered as a polynomial in B has
no roots less than or equal to 1 in magnitude), then the model

0(B)Z; = ¢(B)ay

is also a valid ARMA(g,p ) model. This model is sometimes referred to as the dual model. The autocorrela-
tion 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 that corresponds
to a pure moving-average model. Thus, it cuts off sharply when the lag is greater than p; 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 autocorrelation 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.

Under certain conditions, the sampling distribution of the SIACF can be approximated by the sampling dis-
tribution of the SACF of the dual model (Bhansali 1980). In the plots generated by ARIMA, the confidence
limit marks (.) are located at 2 /,/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 function at lag k is based on
a null hypothesis that a pure autoregressive Gaussian process of order k—1 generated the time series. This
standard error is 1/4/n and is used to produce the approximate 95% confidence intervals depicted by the
dots in the plot.

The Cross-Correlation Function

The autocorrelation and 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 in 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 it
shows the correlation between the two series at both lags and leads. For example,
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identify var=y crosscorr=x ...;

plots the cross-correlation function of Y and X, Cor(y;, x;—s), for s = —L to L, where L 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 differenced series is processed by any following ESTIMATE statement).

For example,
identify var=y(l) crosscorr=x(1);

computes the cross-correlations of the changes in Y with the changes in X. When differencing is specified,
the subsequent ESTIMATE statement models changes in the variables rather than the variables themselves.

The ESACF Method

The extended sample autocorrelation function (ESACF) method can tentatively identify the orders of a
stationary or nonstationary ARMA process based on iterated least squares estimates of the autoregressive
parameters. Tsay and Tiao (1984) proposed the technique, and Choi (1992) provides useful descriptions of
the algorithm.

Given a stationary or nonstationary time series {z; : 1 <t < n} with mean corrected form z; = z; — u,
with a true autoregressive order of p 4+ d and with a true moving-average order of ¢, you can use the
ESACF method to estimate the unknown orders p + d and ¢ by analyzing the autocorrelation functions
associated with filtered series of the form

w™ ) = B ) (B)E = 7 - Zsb(’"’”
i=1

where B represents the backshift operator, where m = puin, - .., Pmax are the autoregressive test orders,
where j = qmin + 1,...,qmax + 1 are the moving-average fest orders, and where ¢l.(m’J ) are the autore-
gressive parameter estimates under the assumption that the series is an ARMA(m, j) process.

For purely autoregressive models (j = 0), ordinary least squares (OLS) is used to consistently estimate
qASi(m’O). For ARMA models, consistent estimates are obtained by the iterated least squares recursion formula,
which is initiated by the pure autoregressive estimates:

2 (m+1,j—1)

Am.j) _ Amt1j—1) _ 2m.j—1)Pm+1
¢i - ¢i d)z—l m(m’j_l)
m

The jth lag of the sample autocorrelation function of the filtered series wt m.J)

autocorrelation function, and it is denoted as 7 ) = 1 (wm1)).

is the extended sample

The standard errors of r are computed in the usual way b usin Bartlett’s approximation of the variance
j(m) p y by g pp
of the sample autocorrelation function, var (7 j(,)) ~ (1 + Z =1 rz(w(’"d ).
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If the true model is an ARMA (p + d, q) process, the filtered series wt(m’j ) follows an MA(g) model for

J =q so that
Tip+d) 0 J >4
Tjp+d) 70 =4

Additionally, Tsay and Tiao (1984) show that the extended sample autocorrelation satisfies
rimy~0 j—q>m—p—d=<0

riomy #cm—p—d.j—q) 0<j—-—g=m—-p—d
where c(m — p —d, j — ¢q) is a nonzero constant or a continuous random variable bounded by —1 and 1.

An ESACEF table is then constructed by using the 7 ) form = pmin,.... pmax and j = gmin + 1, ..., gmax + 1
to identify the ARMA orders (see Table 7.4). The orders are tentatively identified by finding a right (max-
imal) triangular pattern with vertices located at (p + d,q) and (p + d, gmax) and in which all elements

are insignificant (based on asymptotic normality of the autocorrelation function). The vertex (p + d, q)
identifies the order. Table 7.5 depicts the theoretical pattern associated with an ARMA(1,2) series.

Table 7.4 ESACF Table

MA

AR 0 1 2 3
"1(0) | "2(0) | "3(0) | "4(0)
" | 2 | '3() | T4
"12) | 22 | 32) | T4(2)
"13) | "23) | "33) | T4(3)

W=D

Table 7.5 Theoretical ESACF Table for an ARMA(1,2) Series

MA
AR (O] 1|2 |3 |4 |5]|6]|7

0 | *| X[ XX |X|X|X]|X
1 [ *]X]|0]0|0]0]0]O0
2 [ *1X|X[|0]0|0]O0]O0
311X X|[X[|0|0[0]O0
4 || X | X|X|X]0]0]O0

X = significant terms

0 = insignificant terms

* = no pattern
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The MINIC Method

The minimum information criterion (MINIC) method can tentatively identify the order of a stationary and
invertible ARMA process. Note that Hannan and Rissannen (1982) proposed this method, and Box, Jenkins,
and Reinsel (1994) and Choi (1992) provide useful descriptions of the algorithm.

Given a stationary and invertible time series {z; : 1 < ¢ < n} with mean corrected form Z; = z; — u, with
a true autoregressive order of p and with a true moving-average order of g, you can use the MINIC method
to compute information criteria (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 ARMA(p, g ) process of the form
D(p,q)(B)zZr = O(p,q)(B)é;

the error series can be approximated by a high-order AR process
& = Oy g)(B)i ~ &

where the parameter estimates &D( pe,q) are obtained from the Yule-Walker estimates. The choice of the
autoregressive order p. is determined by the order that minimizes the Akaike information criterion (AIC)

in the range pe min < Pe < Pe,max
AIC(pe,0) = In(5¢,_q)) + 2(pe +0)/n

where

n

1
~2 _ - Z ~2
O—(pEaO) - n et
t=pe+1

Note that Hannan and Rissannen (1982) use the Bayesian information criterion (BIC) to determine the
autoregressive order used to estimate the error series. Box, Jenkins, and Reinsel (1994) and Choi (1992)
recommend the AIC.

Once the error series has been estimated for autoregressive test order m = pmin, ..., Pmax and for moving-
average test order j = gmin., - .., dmax, the OLS estimates ®(,, ;) and O,, ;) are computed from the re-
gression model

Zy = iq&i(m’j)it_i + i: ngm’j)ét_k +error
i=1 k=1
From the preceding parameter estimates, the BIC is then computed
BIC(m, j) = (67, 1)+ 2(m + j)n(n)/n
where
n m

i 1 _ . / -
T of EE ST S

t=to i=1 k=1
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where tyg = pe + max(m, j).

A MINIC table is then constructed using BIC(m, j); see Table 7.6. If pmax > Pe.min, the preceding
regression might fail due to linear dependence on the estimated error series and the mean-corrected series.
Values of BIC'(m, 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 negative BIC (m, j) value.

Table 7.6 MINIC Table

MA

AR 0 1 2 3
BIC(0,0) | BIC(0,1) | BIC(0,2) | BIC(0,3)
BIC(1,0) | BIC(1,1) | BIC(1,2) | BIC(1,3)
BIC(2,0) | BIC(2,1) | BIC(2,2) | BIC(2,3)
BIC(3,0) | BIC(3,1) | BIC(3.,2) | BIC(3.3)

W =[O

The SCAN Method

The smallest canonical (SCAN) correlation method can tentatively identify the orders of a stationary or
nonstationary ARMA process. Tsay and Tiao (1985) proposed the technique, and Box, Jenkins, and Rein-
sel (1994) and Choi (1992) provide useful descriptions of the algorithm.

Given a stationary or nonstationary time series {z; : | <t < n} with mean corrected form z; = z; — U,
with a true autoregressive order of p + 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 autoregressive test order m = pmin, - - ., Pmax and for moving-average test order j = gmin, - - -» qmax>
perform the following steps.

1. Let Yim,s = (2, Zt—1, - .., Zt—m)'. Compute the following (m + 1) x (m + 1) matrix

-1
B(m»j+1) = (Zymt -j-1Y, mt Jj— 1) (Zym,t—j—lyr;l,t)
Brm.j+1) = (ZYmt ) (ZYm st 1)
p*

A*m,j) = B*(m,j+DBm,j+1)

where ¢ ranges from j +m + 2 ton.

2. Find the smallest eigenvalue, /\*(m j), of A* (m j) and its corresponding normalized eigenvec-

= (1,- (m J) d)(m,J)

tor, @, ; ¢(m ) ). The squared canonical correlation estimate is

A*(m, ).
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3. Using the ®,, ; as AR(m) coefficients, obtain the residuals for 7 = j + m + 1 to n, by following the
formula: wt(m’l) =Z; — ¢§m’J)Zt_1 - ¢£m’J)Zt_2 - = ,(,,m’J)Et_m.

4. From the sample autocorrelations of the residuals, ri(w), approximate the standard error of the
squared canonical correlation estimate by

var(1*(m, )H)V?) ~ d(m, j)/(n —m — j)
where d(m, j) = (1 + 22{;11 i (w0)Y).,

The test statistic to be used as an identification criterion is

cim,j)=—(m—m—j)n(l—A*(m, j)/d(m, j))
which is asymptotically )(% ifm=p+dandj>qorifm>p+dandj =¢q. Form>pandj <gq,
there is more than one theoretical zero canonical correlation between Y, ; and Yy, ,—;—1. Since the
i*(m, j) are the smallest canonical correlations for each (m, j), the percentiles of c(m, j) are less than
those of a X%; therefore, Tsay and Tiao (1985) state that it is safe to assume a )(%. Form < pand j < ¢, no
conclusions about the distribution of c(m, j) are made.

A SCAN table is then constructed using ¢ (m, j) to determine which of the A* (m, j) are significantly differ-
ent from zero (see Table 7.7). The ARMA orders are tentatively identified by finding a (maximal) rectangu-
lar pattern in which the )AL*(m, Jj) are insignificant for all test orders m > p 4+ d and j > ¢g. There may be
more than one pair of values (p + d, g) that permit such a rectangular pattern. In this case, parsimony and
the number of insignificant items in the rectangular pattern should help determine the model order. Table 7.8
depicts the theoretical pattern associated with an ARMA(2,2) series.

Table 7.7 SCAN Table

MA

AR 0 1 2 3
¢(0,0) | ¢(0,1) | ¢(0,2) | c(0,3)
c(1,0) | c(1,1) | ¢(1,2) | ¢(1,3)
c(2,0) | ¢(2,1) | ¢(2,2) | ¢(2,3)
c(3,0) | ¢(3,1) | ¢(3,2) | ¢(3,3)

W =O

Table 7.8 Theoretical SCAN Table for an ARMA(2,2) Series

MA

AR |0 |1 |2 |3 |4 |5]|6 |7
0 FIXIX X[ X | XXX
1 XXX | X | XXX
2 *¥IX1010 |0 |0]010
3 *IX10[10|0|0]010
4 *IX10[10|0|0]010

X = significant terms

0 = insignificant terms

* = no pattern




Stationarity Tests 4 241

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, see the section “PROBDF Function for Dickey-Fuller Tests” on
page 157 in Chapter 5. See Chapter 8, “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 called prewhitening. 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 inputs 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,

proc arima data=in;

identify var=x;

estimate p=1 g=1;

identify var=y crosscorr=x;
run;

Both X and Y are filtered by the ARMA(1,1) model fit to X before the cross-correlations are computed.

Note that prewhitening is done to estimate the cross-correlation function; the unfiltered 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 in the IDENTIFY statement to
make PROC ARIMA disregard all previous models.
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Prewhitening and Differencing

If the VAR= and CROSSCORR= options specify differencing, the series are differenced before the
prewhitening filter is applied. When the differencing lists specified in the VAR= option for an input and
in the CROSSCORR= option for that input are not the same, PROC ARIMA combines the two lists so that
the differencing operators 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
can 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 and VARMAX procedures are 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
crossproducts that do not involve missing values and employs divisors that reflect the number of crossprod-
ucts used rather than the total length of the series. Sample partial autocorrelations and inverse autocorrela-
tions are then computed by using the sample autocorrelation function. If necessary, a taper is employed to
transform the sample autocorrelations into a positive definite sequence before calculating the partial auto-
correlation and inverse correlation functions. The confidence intervals produced for these functions might
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 by 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.
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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 approximation 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 by using the autocorrelations computed 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 set to 0.1 if the degree of the polynomial associated
with the factor is 9 or less. Otherwise, the coefficients are determined by expanding the polynomial (1 —
0.1B) to an appropriate power by using a recursive algorithm.

These preliminary estimates are the starting values in an iterative algorithm to compute estimates of the
parameters.

Estimation Methods

Maximum Likelihood

The METHOD= ML option produces maximum likelihood estimates. The likelihood 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)W; — 1) = 0(B)a;

where a; is an independent sequence of normally distributed innovations with mean 0 and variance o2. Here
Wt 1s the mean parameter p plus the transfer function inputs. The log-likelihood function can be written as
follows:
| 1 n
——xXQ 7 'x — ~In(|R]) — ZIn(c?
— Sin(|2)) - SIn(0?)
In this equation,  is the number of observations, 02 is the variance of x as a function of the ¢ and

parameters, and |2 | denotes the determinant. The vector X is the time series W; minus the structural part of
the model p;, written as a column vector, as follows:

W M1

W> n2
X - . - .

Wy Mn

The maximum likelihood estimate (MLE) of o2 is

1 _
2= X' 1x
n
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Note that the default estimator of the variance divides by n — r, where r is the number of parameters in the
model, instead of by n. Specifying the NODF option causes a divisor of 7 to be used.

The log-likelihood concentrated with respect to o can be taken up to additive constants as

1
—gln(x’sz—lx) — 5in(2)

Let H be the lower triangular matrix with positive elements on the diagonal such that HH' = €. Let e be
the vector H™!x. The concentrated log-likelihood with respect to 6> can now be written as

—%ln(e’e) — In(JH])
or

—~Sn(H""e'elH]'/")

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 by using e as the vector of residuals.

Unconditional Least Squares
The METHOD=ULS option produces unconditional least squares estimates. The ULS method is also re-
ferred to as the exact least squares (ELS) method. For METHOD=ULS, the estimates minimize

n n
Y oar =" (= GV (xpaee xim1))?

t=1 t=1

where C; is the covariance matrix of x; and (xp,---, x;—1), and V; is the variance matrix of (x1,---, x¢—1).
In fact, Y 7 @2 is the same as x'2 ~!x, and hence e’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 condi-
tional on the assumption that the past unobserved errors are equal to 0. The series x; can be represented in
terms of the previous observations, as follows:

o0
X =ar + E T Xt —i
i=1

The 7 weights are computed from the ratio of the ¢p and 8 polynomials, as follows:

o0

¢B) _ . pi



Estimation Details 4 245

The CLS method produces estimates minimizing

n n o0
~2 n 2
D a7 =) (v =) Aixi)
t=1 t=1 i=1
where the unobserved past values of x; are set to 0 and 7; are computed from the estimates of ¢ and 6 at

each iteration.

For METHOD=ULS and METHOD=ML, initial estimates are computed using the METHOD=CLS algo-
rithm.

Start-up for Transfer Functions

When computing the noise series for transfer function and intervention models, the start-up for the trans-
ferred variable is done by 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 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 O for the past values by prefixing to the actual data an observation with
a missing value for Y and a value of O 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
where L is the likelihood function and & is the number of free parameters. The SBC is computed as
—2In(L) + In(n)k

where 7 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 value of L is used, where L 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

(n—k)

m
Km =n(+2) )
k=1
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where

n—k
D=1 Qrargk
Iy = ——n 2
Y i_ia
t=1"%t
and a; 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 simulation 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

The ¢ 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 length, the
t approximation is usually poor. Probability values that correspond to a ¢ distribution should be interpreted
carefully because 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 might encounter include the following:

* Preliminary moving-average estimates might not converge. If this occurs, preliminary estimates are
derived as described previously in “Preliminary Estimation” on page 243. You can supply your own
preliminary estimates with the ESTIMATE statement options.

* The estimates can lead to an unstable time series process, which can cause extreme forecast values or
overflows in the forecast.

* The Jacobian matrix of partial derivatives might be singular; usually, this happens because not all the
parameters are identifiable. Removing some of the parameters or using a longer time series might
help.

* The iterative process might not converge. PROC ARIMA’s estimation method stops after » iterations,
where 7 is the value of the MAXITER= option. If an iteration does not improve the SSE, the Mar-
quardt 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.

* For METHOD=CLS, the estimates might converge but not to least squares estimates. The estimates
might converge to a local minimum, the numerical calculations might be distorted by data whose
sum-of-squares surface is not smooth, or the minimum might 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 might try to
converge exactly on the invertibility boundary. In this case, the standard error estimates that are based
on derivatives might be inaccurate.

Specifying Inputs and Transfer Functions

Input variables and transfer functions for them can be specified using the INPUT= option in the ESTIMATE
statement. The variables used in the INPUT= option must be included in the CROSSCORR= list in the pre-
vious 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$ (Ll,l, L1’2, .. .)(Lz,l, .. ) . '/(Li,lv Li,27 .. .)(Li+1,1, .. ) ..

S is 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 terms L; 1, L; 2, ..., L; x indicates a factor of the form
(1 — w1 BY Y —w; pBY2 — . — w; Bk

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 wg.

Alternative Model Parameterization

When the ALTPARM option is specified, the wo parameter is factored out so that it multiplies 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 representation. Table 7.9
illustrates the effect of the ALTPARM option.

Table 7.9 The ALTPARM Option

INPUT= Option ALTPARM | Model
INPUT=((1 2)(12)/(1)X); No (wo — w1 B — w2 BH)(1 —w3B12)/(1 — 81 B) X;
Yes wo(l — w1 B —w2B?)(1 —w3B1?)/(1 =81 B)X;
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Differencing and Input Variables

If you difference the response series and use input variables, take care that the differencing operations do
not change the meaning of the model. For example, if you want to fit the model

wQ (1_913)

T ma- )"

Y, =
T a-6B)"

then the IDENTIFY statement must read

identify var=y(1l,12) crosscorr=x(1,12);
estimate g=1 input=(/(1)x) noconstant;

If instead you specify the differencing as

identify var=y(1l,12) crosscorr=x;
estimate g=1 input=(/(1)x) noconstant;

then the model being requested is

wo (1-601B)

S U—ami-na-o T pa-sn“

Y;

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 followed by the input series name. The initialization specification
for each transfer function has the form

C$ (Vl,la V1,2, .. .)(Vz,l, .. ) . -/(Vi,l»- . ) .

where C is the lag O term in the first numerator factor of the transfer function (or the overall scale factor if
the ALTPARM option is specified) and V; ; is the coefficient of the L; ; element in the transfer function.

To illustrate, suppose you want to fit the model

4 (wo—a)lB—a)sz) b n 1
= _ a
o 0=6,B—6,B2—63B%) """ (1—¢,B— B3

Y;

and start the estimation process with the initial values =10, wp=1, w1=0.5, w»=0.03, §;=0.8,
62=-0.1, 63=0.002, ¢1=0.1, ¢»=0.01. (These are arbitrary values for illustration only.) You would use the
following statements:
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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 are 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

1,0

Y, = e ——
PSR (1—=1461,1B)

Wi + (02,0 — w2,1B) X3

1
(1—1B)(1 — ¢ BE — §3B12)""

+

and the initial values are u=10, w1,0=5, 61,1=0.8, w2 0=1, w2,1=0.5, $1=0.1, $»=0.05, and ¢3=0.01. You
would use the following statements:

identify var=y crosscorr=(w Xx);

estimate p=(1) (6,12) input=(/(1l)w, 3$(1l)x)
mu=10 ar=.1 .05 .01
initval=(5$/(.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 can save some computer time. Note that using the NOSTABLE option
does not necessarily result in an unstable model being fit, since the estimates can leave the stable region for
some iterations but still ultimately converge to stable values. Similarly, by default, the parameter estimates
for the denominator polynomial of the transfer function part of the model are also restricted to be stable.
The NOTFSTABLE option can be used to remove this restriction.

Naming of Model Parameters

In the table of parameter estimates produced by the ESTIMATE statement, model parameters are referred
to by using the naming convention described in this section.

The parameters in the noise part of the model are named as ARi,j or MAi,j, where AR refers to autoregressive
parameters and MA to moving-average parameters. The subscript i refers to the particular polynomial factor,
and the subscript j refers to the jth term within the ith factor. These terms are sorted in order of increasing
lag within factors, so the subscript j refers to the jth term after sorting.
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When inputs are used in the model, the parameters of each transfer function are named NUMj,j and DENG,;.
The jth term in the ith factor of a numerator polynomial is named NUMi,j. The jth term in the ith factor of
a denominator polynomial is named DENj,;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 O parameter in the first numerator factor for the first input variable is named NUMI1. For subsequent
input variables, the lag 0 parameter in the first numerator factor is named NUMk, where k is the position of
the input variable in the INPUT= option list. If the ALTPARM option is specified, the NUMk parameter is
replaced by an overall scale parameter named SCALEk.

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 forecasting 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 values, computed by fore-
casting 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. Artificial values are
updated at each iteration along with parameter estimates.

For models with input variables, embedded missing values (that is, missing values other than at the be-
ginning 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 that has ARIMA errors. A multiple regression
model is specified by an INPUT= option that simply lists the input variables (possibly with lag shifts) with-
out 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 functions, 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 series 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

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.
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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 in the ESTIMATE statement also controls the way
forecasts are produced by the FORECAST statement. If METHOD=CLS is used, the forecasts are infinite
memory forecasts, also called conditional forecasts. If METHOD=ULS or METHOD=ML, the forecasts are
finite memory forecasts, also called unconditional forecasts. A complete description of the steps to produce
the series forecasts and their standard errors by 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 prediction of stationary
ARMA processes is explained in Chapter 5, and the prediction of nonstationary ARMA processes is given
in Chapter 9 of Brockwell and Davis (1991).

Infinite Memory Forecasts

If METHOD=CLS is used, the forecasts are infinite memory forecasts, also called conditional forecasts.
The term conditional is used because the forecasts are computed 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.

The series x; can be represented as
o0
Xy = ay + Znixt_,'
i=1
where ¢(B)/0(B) =1 -3 52, m;i B,

The k -step forecast of x;x is computed as

k—1 o0
X4k = Z i Xy vk—i + Z i Xy yk—i
i=1 i=k

where unobserved past values of x; are set to zero and 7; is obtained from the estimated parameters ¢; and

6.

Finite Memory Forecasts

For METHOD=ULS or METHOD=ML, the forecasts are finite memory forecasts, also called unconditional
forecasts. For finite memory forecasts, the covariance function of the ARMA model is used to derive the
best linear prediction equation.

That is, the k-step forecast of x, 1, given (x1, -+, X;—1), is
~ -1
Xt+k = Ck,tVt (Xl,"',xt—l)/

where Cy ; is the covariance of x;4x and (x1,---,x;—1) and V; is the covariance matrix of the vector
(x1,-+,x¢—1). Cg, and V; are derived from the estimated parameters.
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Finite memory forecasts minimize the mean squared error of prediction if the parameters of the ARMA
model are known exactly. (In most cases, the parameters of the ARMA model are estimated, so the predic-
tors 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 the forecast are conditional 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 by assuming 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.

Forecasting Log Transformed Data

The log transformation is often used to convert time series that are nonstationary with respect to the innova-
tion 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 by 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( u95 );
forecast = exp( forecast + stdxstd/2 );
run;

Specifying Series Periodicity

The INTERVAL= option is used together with the ID= variable to describe the observations that make up the
time series. For example, INTERVAL=MONTH specifies a monthly time series in which each observation
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represents one month. See Chapter 4, “Date Intervals, Formats, and Functions,” for details about the interval
values supported.

The variable specified by the ID= option in the PROC ARIMA statement identifies the time periods asso-
ciated with the observations. Usually, SAS date, time, or datetime values are used for this variable. PROC
ARIMA uses the ID= variable in the following ways:

* 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 that correspond
to successive time intervals. When the INTERVAL= option is not used, PROC ARIMA verifies that
the ID values are nonmissing and in ascending order.

* 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.

* to label the forecast observations in the output data set. PROC ARIMA extrapolates 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 obser-
vation 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 considered are additive outliers (AO), level
shifts (LS), and temporary changes (TC).

Let n; be a regression variable that describes some type of change in the mean response. In time series
literature 7; is called a shock signature. An additive outlier at some time point s corresponds to a shock
signature 7, such that n; = 1.0 and 75; is 0.0 at all other points. Similarly a permanent level shift that
originates at time s has a shock signature such that 7; is 0.0 for < s and 1.0 for ¢t > s. A temporary level
shift of duration d that originates at time s has 1; equal to 1.0 between s and s + d and 0.0 otherwise.

Suppose that you are estimating the ARIMA model

0(B)
D(B)Y: = pt + ——ar
$(B)
where Y; is the response series, D(B) is the differencing polynomial in the backward shift operator B
(possibly identity), u; is the transfer function input, ¢(B) and 6(B) are the AR and MA polynomials,
respectively, and a; 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
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forward selection process in the stepwise regression procedure. The selection process starts with considering
shock signatures of the type specified in the TYPE= option, originating at each nonmissing measurement.
This involves testing Hy: 8 = 0 versus H,: 8 # 0 in the model

0(B)
$(B)"

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 exceeds the maximum search number that results due to the MAXNUM= and MAXPCT= settings.
In all these iterations, the parameters of the ARIMA model in the ESTIMATE statement are held fixed.

D(B)(Y; — Bne) = pe +

The precise details of the testing procedure for a given shock signature 7, are as follows:

The preceding testing problem is equivalent to testing Ho: 8 = 0 versus Hy: 8 # 0 in the following
“regression with ARMA errors” model
0(B)

Ny = B + Wat

where Ny = (D(B)Y; — ;) is the “noise” process and {; = D(B)1; is the “effective” shock signature.

In this setting, under Ho, N = (N1, Na,..., Nn)T is a mean zero Gaussian vector with variance covari-
ance matrix 02Q. Here o2 is the variance of the white noise process a; and € is the variance-covariance
matrix associated with the ARMA model. Moreover, under H,, N has B¢ as the mean vector where
¢ = (81,8, ...,¢,)T. Additionally, the generalized least squares estimate of B and its variance is given by

B = §/k
Var(,é) = o2/«

where § = (TQ7IN and k = (T Q71¢. The test statistic 2 = §2/(02«) is used to test the significance
of B, which has an approximate chi-squared distribution with 1 degree of freedom under Hy. The type of
estimate of 02 used in the calculation of 72 can be specified by the SIGMA= option. The default setting is
SIGMA=ROBUST, which corresponds to a robust estimate suggested in an outlier detection procedure in
X-12-ARIMA, the Census Bureau’s time series analysis program; see Findley et al. (1998) for additional
information. The robust estimate of o2 is computed by the formula

62 = (1.49 x Median(|d,|))>2

where a, are the standardized residuals of the null ARIMA model. 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 quantities § and « are efficiently computed by a method described in de Jong and Penzer (1998); see
also Kohn and Ansley (1985).
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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 that
drives the observation process, and separate models might 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 familiar Box-Jenkins mod-
eling 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 by 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 that correspond to the detected outliers.

4. Include the first few of these regression variables in M, and call this model M1. Reestimate all the
parameters of M1. It is 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 de-
tection. 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:
¢ the BY variables
¢ the ID variable

* the variable specified by the VAR= option in the IDENTIFY statement, which contains the actual
values of the response series

* FORECAST, a numeric variable that contains the one-step-ahead predicted values and the multistep
forecasts

e STD, a numeric variable that contains the standard errors of the forecasts

¢ a numeric variable that contains 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.
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« RESIDUAL, a numeric variable that contains the differences between actual and forecast values

* a numeric variable that contains 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 response variable are the only ones copied from the input to the
output data set. In particular, the input variables are not copied to the OUT= 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 n forecast values,
where n is the LEAD= value. The actual and RESIDUAL values are missing beyond the end of the series.

If you specify the same OUT= data set in different FORECAST statements, the latter FORECAST state-
ments overwrite the output from the previous FORECAST statements. If you want to combine the forecasts
from different FORECAST statements in the same output data set, specify the OUT= option once in the
PROC ARIMA statement and omit the OUT= option in 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
specified 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 variable 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 processed for the ID variable for all observations created by the later FORECAST statement.
Furthermore, even if the response variable changes in subsequent FORECAST statements, the response
variable name in the output data set is 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:

* LAG, a numeric variable that contains the lags that correspond to the values of the covariance vari-
ables. The values of LAG range from O 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 that contains the name of the variable specified by the VAR= option.

* CROSSVAR, a character variable that contains the name of the variable specified in the CROSS-
CORR= option, which labels the different cross-covariance functions. The CROSSVAR variable is
blank for the autocovariance observations. When there is no CROSSCORR= option, this variable is
not created.

¢ N, a numeric variable that contains the number of observations used to calculate the current value of
the covariance or cross-covariance function.

¢ COV, a numeric variable that contains the autocovariance or cross-covariance function values. COV
contains the autocovariances of the VAR= variable when the value of the CROSSVAR variable is



OUTEST= Data Set 4+ 257

blank. Otherwise COV contains the cross covariances between the VAR= variable and the variable
named by the CROSSVAR variable.

¢ CORR, a numeric variable that contains the autocorrelation or cross-correlation function values.
CORR contains the autocorrelations of the VAR= variable when the value of the CROSSVAR vari-
able is blank. Otherwise CORR contains the cross-correlations between the VAR= variable and the
variable named by the CROSSVAR variable.

* STDERR, a numeric variable that contains the standard errors of the autocorrelations. The standard
error estimate is based on the hypothesis that the process that generates the time series is a pure
moving-average process of order LAG-1. For the cross-correlations, STDERR contains the value
1/4/n, which approximates the standard error under the hypothesis that the two series are uncorre-
lated.

 INVCORR, a numeric variable that contains 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 missing values.

* PARTCORR, a numeric variable that contains the partial autocorrelation function 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

» _MODLABEL_, a character variable that contains the model label, if it is provided by using the label
option in the ESTIMATE statement (otherwise this variable is not created).

* _NAME_, a character variable that contains the name of the parameter for the covariance or correla-
tion observations or is blank for the observations that contain the parameter estimates. (This variable
is not created if neither OUTCOV nor OUTCORR is specified.)

* _TYPE_, a character variable that identifies the type of observation. A description of the _TYPE_
variable values is given below.

* variables for model parameters

The variables for the model parameters are named as follows:

ERRORVAR 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.

MU This numeric variable contains values for the mean parameter for the model. (This vari-
able is not created if NOCONSTANT is specified.)
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MAj _k

ARj _k

_STATUS_

These numeric variables contain values for the moving-average parameters. The vari-
ables for moving-average parameters are named MAj _k, where j is the factor-number
and k is the index of the parameter within a factor.

These numeric variables contain values for the autoregressive parameters. The variables
for autoregressive parameters are named ARj _k, where j is the factor number and £ is
the index of the parameter within a factor.

These variables contain values for the transfer function parameters. Variables for trans-
fer function parameters are named Ij _k, where j is the number of the INPUT variable
associated with the transfer function component and k is the number of the parameter for
the particular INPUT variable. INPUT variables are numbered according 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 following

_TYPE_ values:

EST
STD
CORR

COov

FACTOR

LAG
SHIFT

The observation contains parameter estimates.
The observation contains approximate standard errors of the estimates.

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 factors in transfer function models.

The observation contains values that identify the lag associated with each parameter.

The observation contains values that identify the shift associated with the input series for
the parameter.

The values given for _TYPE_=FACTOR, _TYPE_=LAG, or _TYPE_=SHIFT observations 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=(x1l x2) outest=est;

run;

proc print data=est;

run;
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The model specified by these statements is

(1 —611B — 612B3)(1 — 621 B1?)
(1—¢11B)(1 — ¢21B®)

Yi=pu+wi0X1 +w20X2;: + t

The OUTEST= data set contains the values shown in Table 7.10.

Table 7.10 OUTEST= Data Set for First Example

Obs _TYPE_ Y MU MAI1_1 MA1.2 MA2_1 ARI_1 AR2_1 11_1 12_1
1 EST o2 L 011 012 021 P11 $21 1,0 ®2.,0
2 STD se it se By se 012 se 021 se i1 se21  sewio sew2 o
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 for _TYPE_=EST and _TYPE_=STD in Table 7.10 would be numeric
values in a real data set.

Next, consider the following example:
proc arima data=input;
identify var=y cross=(x1l x2);

estimate p=1 g=1 input=(2 $ (1)/(1,2)x1 1 $ /(1l)x2) outest=est;
run;

proc print data=est;
run;
The model specified by these statements is

w10 — w11 B w20
X1t—2 +
1—6,,B—6,,B2 72

Yi=pn+

The OUTEST= data set contains the values shown in Table 7.11.

Table 7.11 OUTEST= Data Set for Second Example
Obs _TYPE_ Y MU MAI_1 ARI1_1 11_1 11_2 11_3 11_4 12_1 12 .2
1 EST o2 w 01 91 10 w11 311 812 20 821
2 STD se i se 01 se 1 sewio sewiil sedir  sediz  sewry sedaq
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= SAS Data Set

The OUTMODEL-= option in the ESTIMATE statement writes an output data set that enables you to recon-
struct the model. The OUTMODEL= data set contains much the same information as the OUTEST= data
set but in a transposed form that might be more useful for some purposes. In addition, the OUTMODEL=
data set includes the differencing operators.
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The OUTMODEL data set contains the following:

¢ the BY variables

* _MODLABEL_, a character variable that contains the model label, if it is provided by using the label
option in the ESTIMATE statement (otherwise this variable is not created).

* _NAME_, a character variable that contains the name of the response or input variable for the obser-
vation.

* _TYPE_, a character variable that contains the estimation method that was employed. The value of
_TYPE_ can be CLS, ULS, or ML.

* _STATUS_, a character variable that describes the convergence status of the model. A value of
0_CONVERGED indicates that the model converged.

* _PARM_, a character variable that contains the name of the parameter given by the observation.
_PARM._ takes on the values ERRORVAR, MU, AR, MA, NUM, DEN, and DIF.

* _VALUE_, a numeric variable that contains the value of the estimate defined by the _PARM_ variable.
* _STD_, a numeric variable that contains the standard error of the estimate.

* _FACTOR_, a numeric variable that indicates the number of the factor to which the parameter be-
longs.

e [AG_, a numeric variable that contains the number of the term within the factor that contains the
parameter.

* _SHIFT_, a numeric variable that contains 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 the _VALUE_ 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. The _NAME_ variable contains the appropriate variable name associated with
the current DIF observation as well. The _VALUE_ variable is 1 for all DIF observations, and the _LAG_
variable indicates the degree of differencing employed.

The observations contained in the OUTMODEL= data set are identified by the _PARM_ variable. A de-
scription of the values of the _PARM_ 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 _FAC-

TOR_ and _LAG_ variable values.
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MA _VALUE_ contains the estimate of a moving-average parameter indexed by the _FAC-
TOR_ 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 denominator factor of the transfer
function of the input variable indexed by the _"FACTOR_, _ILAG_, and _SHIFT _ variable
values.

DIF _VALUE_ contains the difference operator defined by the difference lag given by the

value in the _LLAG_ 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:

¢ the BY variables.

_MODLABEL_, a character variable that contains the model label, if it is provided by using the label
option in the ESTIMATE statement (otherwise this variable is not created).

e TYPE_, a character variable that contains the estimation method used. _'TYPE__ can have the value
CLS, ULS, or ML.

_STAT _, a character variable that contains 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.

_VALUE_, a numeric variable that contains the value of the statistic named by the _STAT _ variable.

The observations contained in the OUTSTAT= data set are identified by the _STAT _ variable. A description
of the values of the _STAT_ variable follows:

AIC Akaike’s information criterion

SBC Schwarz’s Bayesian criterion

LOGLIK the log-likelihood, if METHOD=ML or METHOD=ULS is specified
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
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CONV tells if the estimation converged. The value of O signifies that estimation converged.
Nonzero values reflect convergence problems.

NITER the number of iterations

Remark. CONYV takes an integer value that corresponds to the error condition of the parameter estima-
tion process. The value of O signifies that estimation process has converged. The higher values signify
convergence problems of increasing severity. Specifically:

* CONV = 0 indicates that the estimation process has converged.

* CONV = 1 or 2 indicates that the estimation process has run into numerical problems (such as
encountering an unstable model or a ridge) during the iterations.

* CONV >= 3 indicates that the estimation process has failed to converge.

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:

* a table of summary statistics, including the name of the response variable, any specified periods of
differencing, the mean and standard deviation of the response series after differencing, and the number
of observations after differencing

* 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 sufficiently large. The standard errors are derived using Bartlett’s approx-
imation (Box and Jenkins 1976, p. 177). The approximation for a standard error for the estimated
autocorrelation function at lag & is based on a null hypothesis that a pure moving-average Gaussian
process of order k—1 generated the time series. The relative position of an approximate 95% con-
fidence interval under this null hypothesis is indicated by the dots in the plot, while the asterisks
represent the relative magnitude of the autocorrelation value.

* a plot of the sample inverse autocorrelation function. See the section “The Inverse Autocorrelation
Function” on page 234 for more information about the inverse autocorrelation function.

* aplot of the sample partial autocorrelation function

* a table 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 section “Estimation Details” on page 242.
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* aplot 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 the following:

— atable of test statistics for the hypothesis of no cross-correlation between the input and response
series
— the prewhitening filter used for the prewhitening transformation of the predictor and response

variables

* ESACEF tables if the ESACF option is used
* MINIC table if the MINIC option is used
* SCAN table if the SCAN option is used

* STATIONARITY test results if the STATIONARITY option is used

ESTIMATE Statement Printed Output

The printed output of the ESTIMATE statement consists of the following:

* if the PRINTALL option is specified, the preliminary parameter estimates and an iteration history that
shows the sequence of parameter estimates tried during the fitting process

* a table of parameter estimates that show the following for each parameter: the parameter name, the
parameter estimate, the approximate standard error, ¢ value, approximate probability (Pr > [t]), the
lag for the parameter, the input variable name for the parameter, and the lag or “Shift” for the input
variable

* 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 residuals

* the correlation matrix of the parameter estimates

* a table of test statistics for hypothesis that the residuals of the model are white noise. The table is
titled “Autocorrelation Check of Residuals.”

« if the PLOT option is specified, autocorrelation, inverse autocorrelation, and partial autocorrelation
function plots of the residuals

 if an INPUT variable has been modeled in such a way that prewhitening is performed in the IDEN-
TIFY step, a table of test statistics titled “Crosscorrelation Check of Residuals.” The test statistic
is based on the chi-square approximation suggested by Box and Jenkins (1976, pp. 395-396). The
cross-correlation function is computed by using the residuals from the model as one series and the
prewhitened input variable as the other series.

« if the GRID option is specified, the sum-of-squares or likelihood surface over a grid of parameter
values near the final estimates
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* a summary of the estimated model that shows the autoregressive factors, moving-average factors, and
transfer function factors in backshift notation with the estimated parameter values.

OUTLIER Statement Printed Output
The printed output of the OUTLIER statement consists of the following:
* a summary that contains the information about the maximum number of outliers searched, the number
of outliers actually detected, and the significance level used in the outlier detection.

* 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:

— The Obs column contains the observation number of the start of the level shift.

— If an ID= option is specified, then the Time ID column contains the time identification labels of
the start of the outlier.

— The Type column lists the type of the outlier.

— The Estimate column contains B , the estimate of the regression coefficient of the shock signa-
ture.

— The Chi-Square column lists the value of the test statistic 72.

— The Approx Prob > ChiSq column lists the approximate p-value of the test statistic.

FORECAST Statement Printed Output

The printed output of the FORECAST statement consists of the following:

* a summary of the estimated model
* atable of forecasts with following columns:

The Obs column contains the observation number.

The Forecast column contains the forecast values.

The Std Error column contains the forecast standard errors.

The Lower and Uppers columns contain the approximate 95% confidence limits. The ALPHA=
option can be used to change the confidence interval for forecasts.

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).

ODS Table Names

PROC ARIMA assigns a name to each table it creates. You can use these names to reference the table when
you use the Output Delivery System (ODS) to select tables and create output data sets. These names are
listed in Table 7.12.
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Table 7.12 ODS Tables Produced by PROC ARIMA
ODS Table Name  Description Statement Option
ChiSqAuto chi-square statistics table for IDENTIFY
autocorrelation
ChiSqCross chi-square statistics table for IDENTIFY CROSSCORR
cross-correlations
AutoCorrGraph Correlations graph IDENTIFY
CrossCorrGraph Cross-Correlations graph IDENTIFY
DescStats Descriptive statistics IDENTIFY
ESACF Extended sample IDENTIFY ESACF
autocorrelation function
ESACFPValues ESACEF probability values IDENTIFY ESACF
IACFGraph Inverse autocorrelations IDENTIFY
graph
InputDescStats Input descriptive statistics IDENTIFY
MINIC Minimum information IDENTIFY MINIC
criterion
PACFGraph Partial autocorrelations IDENTIFY
graph
SCAN Squared canonical IDENTIFY SCAN
correlation estimates
SCANPValues SCAN chi-square IDENTIFY SCAN
probability values
StationarityTests Stationarity tests IDENTIFY STATIONARITY
TentativeOrders Tentative order selection IDENTIFY MINIC, ESACEF, or SCAN
ARPolynomial Filter equations ESTIMATE
ChiSqAuto chi-square statistics table for ESTIMATE
autocorrelation
ChiSqCross chi-square statistics table for ESTIMATE
cross-correlations
CorrB Correlations of the estimates ESTIMATE
DenPolynomial Filter equations ESTIMATE
FitStatistics Fit statistics ESTIMATE
IterHistory Iteration history ESTIMATE PRINTALL
Initial AREstimates  Initial autoregressive ESTIMATE
parameter estimates
InitialMAEstimates Initial moving-average ESTIMATE
parameter estimates
InputDescription Input description ESTIMATE
MAPolynomial Filter equations ESTIMATE
ModelDescription ~ Model description ESTIMATE
NumPolynomial Filter equations ESTIMATE
ParameterEstimates Parameter estimates ESTIMATE
PrelimEstimates Preliminary estimates ESTIMATE
ObjectiveGrid Objective function grid ESTIMATE GRID

matrix
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Table 7.12 continued

ODS Table Name  Description Statement Option

OptSummary ARIMA estimation ESTIMATE PRINTALL
optimization

OutlierDetails Detected outliers OUTLIER

Forecasts Forecast FORECAST

Statistical Graphics

Statistical procedures use ODS Graphics to create graphs as part of their output. ODS Graphics is described
in detail in Chapter 21, “Statistical Graphics Using ODS” (SAS/STAT User’s Guide).

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

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

This section provides information about the graphics produced by the ARIMA procedure. (See Chapter 21,
“Statistical Graphics Using ODS” (SAS/STAT User’s Guide), for more information about ODS statistical
graphics.) The main types of plots available are as follows:

* plots useful in the trend and correlation analysis of the dependent and input series
* plots useful for the residual analysis of an estimated model

* forecast plots

You can obtain most plots relevant to the specified model by default. For finer control of the graphics, you
can use the PLOTS= option in the PROC ARIMA statement. The following example is a simple illustration
of how to use the PLOTS= option.

Airline Series: lllustration of ODS Graphics
The series in this example, the monthly airline passenger series, is also discussed later, in Example 7.2.

The following statements specify an ARIMA(0,1,1)x(0,1,1)12 model without a mean term to the logarithms
of the airline passengers series, xlog. Notice the use of the global plot option ONLY in the PLOTS= option
of the PROC ARIMA statement. It suppresses the production of default graphics and produces only the
plots specified by the subsequent RESIDUAL and FORECAST plot options. The RESIDUAL (SMOOTH)
plot specification produces a time series plot of residuals that has an overlaid loess fit; see Figure 7.21.
The FORECAST (FORECAST) option produces a plot that shows the one-step-ahead forecasts, as well as the
multistep-ahead forecasts; see Figure 7.22.



Residual

proc arima data=seriesg

plots (only)=(residual (smooth) forecast (forecasts));
identify var=xlog(1l,12);

estimate g=(1) (12) noint method=ml;

forecast id=date interval=month;
run;

Figure 7.21 Residual Plot of the Airline Model

Residuals for xlog(1 12)
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Figure 7.22 Forecast Plot of the Airline Model

Forecasts for xlog
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ODS Graph Names

PROC ARIMA assigns a name to each graph it creates by using ODS. You can use these names to reference
the graphs when you use ODS. The names are listed in Table 7.13.

Table 7.13 ODS Graphics Produced by PROC ARIMA

ODS Graph Name Plot Description Option
SeriesPlot Time series plot of the PLOTS(UNPACK)
dependent series
SeriesACFPlot Autocorrelation plot of the PLOTS(UNPACK)
dependent series
SeriesPACFPIlot Partial-autocorrelation plot of PLOTS(UNPACK)
the dependent series
SeriesIACFPlot Inverse-autocorrelation plot PLOTS(UNPACK)
of the dependent series
SeriesCorrPanel Series trend and correlation Default
analysis panel
CrossCorrPanel Cross-correlation plots, Default
either individual or paneled.
They are numbered 1, 2, and
so on as needed.
Residual ACFPlot Residual-autocorrelation plot  PLOTS(UNPACK)
ResidualPACFPlot  Residual-partial- PLOTS(UNPACK)
autocorrelation
plot
ResiduallACFPlot  Residual-inverse- PLOTS(UNPACK)
autocorrelation
plot
ResidualWNPIot Residual-white-noise- PLOTS(UNPACK)
probability
plot
ResidualHistogram  Residual histogram PLOTS(UNPACK)
ResidualQQPlot Residual normal Q-Q Plot PLOTS(UNPACK)
ResidualPlot Time series plot of residuals ~ PLOTS=RESIDUAL(SMOOTH)
with a superimposed
smoother
ForecastsOnlyPlot ~ Time series plot of multistep ~ Default
forecasts
ForecastsPlot Time series plot of PLOTS=FORECAST(FORECAST)

one-step-ahead as well as
multistep forecasts
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Examples: ARIMA Procedure

Example 7.1: 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(O,1,1) pro-
cess uy = uy—1 + ar —0.8a;_1, a iid N(0, 1):

titlel 'Simulated IMA(1l,1) Series';

data a;
ul = 0.9; al = 0;
do i = -50 to 100;
a = rannor( 32565 );
u=ul + a- .8 x al;
if i > 0 then output;
al = a;
ul = u;
end;
run;

The following ARIMA procedure statements identify and estimate the model:

/*—— Simulated IMA Model —--x%/
proc arima data=a;
identify wvar=u;
run;
identify wvar=u(1l);
run;
estimate g=1 ;
run;
quit;
The graphical series correlation analysis output of the first IDENTIFY statement is shown in Output 7.1.1.
The output shows the behavior of the sample autocorrelation function when the process is nonstationary.
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.
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Output 7.1.1 Correlation Analysis from the First IDENTIFY Statement

Trend and Correlation Analysis for u

Observation

1.0

0.5

0.0

PACF
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Lag
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The second IDENTIFY statement differences the series. The results of the second IDENTIFY statement are
shown in Output 7.1.2. This output shows autocorrelation, inverse autocorrelation, and partial autocorrela-
tion functions typical of MA(1) processes.
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Output 7.1.2 Correlation Analysis from the Second IDENTIFY Statement

Trend and Correlation Analysis for u(1)

ACF

Observation
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The ESTIMATE statement fits an ARIMA(O,1,1) model to the simulated data.
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Note that in this

case the parameter estimates are reasonably close to the values used to generate the simulated data.
(u=0, =002 6; =08, 6 =0.79; 02 =1, 6% = 0.82.) Moreover, the graphical analysis of the
residuals shows no model inadequacies (see Output 7.1.4 and Output 7.1.5).

The ESTIMATE statement results are shown in Output 7.1.3.

Output 7.1.3 Output from Fitting ARIMA(0,1,1) Model

Conditional Least Squares Estimation

Standard
Parameter Estimate Error
MU 0.02056 0.01972
MAl,1 0.79142 0.06474

Approx
t Value Pr > |t]| Lag
1.04 0.2997 0
12.22 <.0001 1
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Output 7.1.3 continued

Constant Estimate
Variance Estimate
Std Error Estimate
AIC

SBC

Number of Residuals

Model for wvariable u

Estimated Mean

Period(s) of Differencing 1

Moving Average Factors

Factor 1:

1 - 0.79142 Bxx (1)

0.020558
0.819807
0.905432
263.2594
268.4497

929

0.020558

Output 7.1.4 Residual Correlation Analysis of the ARIMA(0,1,1) Model

Residual Correlation Diagnostics for u(1)
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Output 7.1.5 Residual Normality Analysis of the ARIMA(0,1,1) Model

Residual Normality Diagnostics for u(1)
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Example 7.2: Seasonal Model for the Airline Series

The airline passenger data, given as Series G in Box and Jenkins (1976), have been used in time series
analysis literature as an example of a nonstationary seasonal time series. This example uses PROC ARIMA

to fit the airline model, ARIMA(0,1,1)x(0,1,1)1,, to Box and Jenkins’ Series G. The following statements
read the data and log-transform the series:

titlel 'International Airline Passengers';
title2 ' (Box and Jenkins Series-G)';
data seriesg;
input x QQ@;
xlog = log( x );
date = intnx( 'month', '31ldecl948'd, _n_);
format date monyy.;
datalines;
112 118 132 129 121 135 148 148 136 119 104 118

. more lines ...

The following PROC TIMESERIES step plots the series, as shown in Output 7.2.1:

proc timeseries data=seriesg plot=series;
id date interval=month;
var Xx;

run;
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Output 7.2.1 Time Series Plot of the Airline Passenger Series

Series Values for x
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200

100
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date

The following statements specify an ARIMA(0,1,1)x(0,1,1);> model without a mean term to the logarithms
of the airline passengers series, xlog. The model is forecast, and the results are stored in the data set B.

/*—— Seasonal Model for the Airline Series —-x%/
proc arima data=seriesg;

identify var=xlog(l,12);

estimate g=(1) (12) noint method=ml;

forecast id=date interval=month printall out=b;
run;

The output from the IDENTIFY statement is shown in Output 7.2.2. The autocorrelation plots shown are
for the twice differenced series (1 — B)(1 — B'?)XLOG. 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.
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Output 7.2.2 IDENTIFY Statement Output

International Airline Passengers

(Box and Jenkins Series-G)
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

Output 7.2.3 Trand and Correlation Analysis for the Twice Differenced Series

Trend and Correlation Analysis for xlog(1 12)
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The results of the ESTIMATE statement are shown in Output 7.2.4, Output 7.2.5, and Output 7.2.6. The
model appears to fit the data quite well.

Output 7.2.4 ESTIMATE Statement Output

Maximum Likelihood Estimation

Standard Approx

Parameter Estimate Error t Value Pr > |t]| Lag
MAl,1 0.40194 0.07988 5.03 <.0001 1
MA2,1 0.55686 0.08403 6.63 <.0001 12

Variance Estimate 0.001369

Std Error Estimate 0.037

AIC -485.393

SBC -479.643

Number of Residuals 131

Model for variable xlog

Period(s) of Differencing 1,12

Moving Average Factors

Factor 1: 1 - 0.40194 Bxx (1)
Factor 2: 1 - 0.55686 Bxx(12)
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ACF

IACF

Output 7.2.5 Residual Analysis of the Airline Model: Correlation

Residual Correlation Diagnostics for xlog(1 12)
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Output 7.2.6 Residual Analysis of the Airline Model: Normality

Residual Normality Diagnostics for xlog(1 12)

Distribution of Residuals
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The forecasts and their confidence limits for the transformed series are shown in Output 7.2.7.
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Output 7.2.7 Forecast Plot for the Transformed Series

Forecasts for xlog
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6.4

Forecast

6.2
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date
Predicted [ 95% Confidence Limits

The following statements retransform the forecast values to get forecasts in the original scales. See the
section “Forecasting Log Transformed Data” on page 252 for more information.

data c;
set b;
X = exp( xlog );
forecast = exp( forecast + stdxstd/2 );
195 = exp( 195 );
u95 = exp( u9%s );
run;

The forecasts and their confidence limits are plotted by using the following PROC SGPLOT step. The plot
is shown in Output 7.2.8.

proc sgplot data=c;
where date >= 'ljan58'd;
band Upper=u95 Lower=195 x=date
/ LegendLabel="95% Confidence Limits";
scatter x=date y=x;
series x=date y=forecast;
run;
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Output 7.2.8 Plot of the Forecast for the Original Series

International Airline Passengers
(Box and Jenkins Series-G)

800

400

Jan Jul Jan Jul Jan Jul Jan Jul Jan Jul Jan
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[0 95% Confidence Limits © x ——— Forecast for xlog

Example 7.3: 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 series Y is cross-correlated with the input series. Since a
model has been fit to X, both 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 analyzed; then, the full model, transfer function and noise, is fit to the data.

The following statements read ' Input Gas Rate' and 'Output CO;' from a gas furnace. (Data values
are not shown. The full example including data is in the SAS/ETS sample library.)

titlel 'Gas Furnace Data’';
title2 ' (Box and Jenkins, Series J)°';
data seriesj;
input x y @@;
label x = 'Input Gas Rate'
y = 'Output CO2';
datalines;
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-0.109 53.8 0.000 53.6 0.178 53.5 0.339 53.5

. more lines

The following statements produce Output 7.3.1 through Output 7.3.11:

proc arima data=seriesj;

/*——— Look at the input process */
identify var=x;
run;
/*——— Fit a model for the input */
estimate p=3 plot;
run;
/*——— Crosscorrelation of prewhitened series */
identify var=y crosscorr=(x) nlag=12;
run;
/*——— Fit a simple transfer function - look at residuals ——-x*/
estimate input=( 3 $ (1,2)/(1) x );
run;
/*——— Final Model - look at residuals */
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 7.3.1. The correlation
analysis suggests an AR(3) model.

Output 7.3.1 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
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Output 7.3.2 IDENTIFY Statement Results for X: Trend and Correlation

Trend and Correlation Analysis for x
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The ESTIMATE statement results for the AR(3) model for the input series X are shown in Output 7.3.3.

Output 7.3.3 Estimates of the AR(3) Model for X

Conditional Least Squares Estimation
Standard Approx

Parameter Estimate Error t Value Pr > |t]| Lag
MU -0.12280 0.10902 -1.13 0.2609 0
AR1l,1 1.97607 0.05499 35.94 <.0001 1
AR1,2 -1.37499 0.09967 -13.80 <.0001 2
AR1, 3 0.34336 0.05502 6.24 <.0001 3

Constant Estimate -0.00682

Variance Estimate 0.035797

Std Error Estimate 0.1892

AIC -141.667

SBC -126.906

Number of Residuals 296
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Output 7.3.3 continued

Model for variable x

Estimated Mean -0.1228

Autoregressive Factors

Factor 1: 1 — 1.97607 B (1) + 1.37499 B (2) — 0.34336 Bwx(3)

The IDENTIFY statement results for the dependent series Y cross-correlated with the input series X are
shown in Output 7.3.4, Output 7.3.5, Output 7.3.6, and Output 7.3.7. Since a model has been fit to X, both
Y and X are prewhitened by this model before the sample cross-correlations are computed.

Output 7.3.4 Summary Table: Y Cross-Correlated with X

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.

Output 7.3.5 Prewhitening Filter

Autoregressive Factors

Factor 1: 1 — 1.97607 B (1) + 1.37499 B (2) — 0.34336 Bwx(3)
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Output 7.3.6 IDENTIFY Statement Results for Y: Trend and Correlation

Trend and Correlation Analysis for y
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Output 7.3.7 IDENTIFY Statement for Y Cross-Correlated with X
Cross Correlations of y and x

with Two Standard Error Limits
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Plot is based on prewhitened series.

The ESTIMATE statement results for the transfer function model with no structure on the noise term are
shown in Output 7.3.8, Output 7.3.9, and Output 7.3.10.

Output 7.3.8 Estimation Output of the First Transfer Function Model

Conditional Least Squares Estimation
Standard Approx
Parameter Estimate Error t Value Pr > |t| Lag Variable Shift
MU 53.32256 0.04926 1082.51 <.0001 0 y 0
NUM1 -0.56467 0.22405 -2.52 0.0123 0 x 3
NUM1, 1 0.42623 0.46472 0.92 0.3598 1 x 3
NUM1, 2 0.29914 0.35506 0.84 0.4002 2 x 3
DEN1,1 0.60073 0.04101 14.65 <.0001 1 x 3
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Output 7.3.8 continued

Constant Estimate 53.32256
Variance Estimate 0.702625
Std Error Estimate 0.838227
AIC 728.0754
SBC 746.442
Number of Residuals 291

Output 7.3.9 Model Summary: First Transfer Function Model

Model for variable y

Estimated Intercept 53.32256

Input Number 1

Input Variable X
Shift 3

Numerator Factors

Factor 1: -0.5647 - 0.42623 B**x (1) — 0.29914 Bxx (2)

Denominator Factors

Factor 1: 1 - 0.60073 Bxx(1)
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Output 7.3.10 Residual Analysis: First Transfer Function Model

Residual Correlation Diagnostics for y
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The residual correlation analysis suggests an AR(2) model for the noise part of the model. The ESTIMATE
statement results for the final transfer function model with AR(2) noise are shown in Output 7.3.11.

Output 7.3.11 Estimation Output of the Final Model

Conditional Least Squares Estimation
Standard Approx
Parameter Estimate Error t Value Pr > |t| Lag Variable Shift
MU 53.26304 0.11929 446.48 <.0001 0 vy 0
AR1,1 1.53291 0.04754 32.25 <.0001 1 y 0
AR1, 2 -0.63297 0.05006 -12.64 <.0001 2 y 0
NUM1 -0.53522 0.07482 -7.15 <.0001 0 x 3
NUM1, 1 0.37603 0.10287 3.66 0.0003 1 x 3
NUM1, 2 0.51895 0.10783 4.81 <.0001 2 x 3
DEN1,1 0.54841 0.03822 14.35 <.0001 1 x 3
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Output 7.3.11 continued

Constant Estimate 5.329425
Variance Estimate 0.058828
Std Error Estimate 0.242544
AIC 8.292809
SBC 34.00607
Number of Residuals 291

Output 7.3.12 Residual Analysis of the Final Model

Residual Correlation Diagnostics for y
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Output 7.3.13 Model Summary of the Final Model

Model for variable y

Estimated Intercept 53.26304
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Output 7.3.13 continued

Autoregressive Factors

Factor 1: 1 - 1.53291 Bxx (1) + 0.63297 Bxx*x(2)

Input Number 1

Input Variable x
Shift 3

Numerator Factors

Factor 1: -0.5352 - 0.37603 Bx*x (1) — 0.51895 Bxx(2)

Denominator Factors

Factor 1: 1 — 0.54841 Bxx (1)

Example 7.4: An Intervention Model for Ozone Data

This example fits an intervention model to ozone data as suggested by Box and Tiao (1975). Notice that
the response variable, OZONE, and the innovation, X1, are seasonally differenced. The final model for the
differenced 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 method produces somewhat different estimates for these parameters.

Some missing values are appended to the end of the input data to generate additional values for the inde-
pendent variables. Since the independent variables are not modeled, 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’';
title2 ' (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', '3ldecl954'd, _n_);
format date monyy.;
month = month( date );
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year = year( date );
xl = year >= 1960;

summer = ( 5 < month < 11 ) * ( year > 1965 );

winter = ( year > 1965 ) - summer;
datalines;
2.7 2.0 3.6 5.0 6.5 6.1 5.9 5.0 6.4 7.4 8.2 3.9
4.1 4.5 5.5 3.8 4.8 5.6 6.3 5.9 8.7 5.3 5.7 5.7
3.0 3.4 4.9 4.5 4.0 5.7 6.3 7.1 8.0 5.2 5.0 4.7
3.7 3.1 2.5 4.0 4.1 4.6 4.4 4.2 5.1 4.6 4.4 4.0

more lines

The following statements produce Output 7.4.1 through Output 7.4.3:
proc arima data=air;

/* Identify and seasonally difference ozone series x*/
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;

/* Forecast =*/
forecast 1lead=12 id=date interval=month;

run;

The ESTIMATE statement results are shown in Output 7.4.1 and Output 7.4.2.

Output 7.4.1 Parameter Estimates

Intervention Data for Ozone Concentration
(Box and Tiao, JASA 1975 P.70)

The ARIMA Procedure

Maximum Likelihood Estimation

Standard Approx
Parameter Estimate Error t Value Pr > |t| Lag Variable Shift
MAl,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 x1 0
NUM2 -0.23936 0.05952 -4.02 <.0001 0 summer 0
NUM3 -0.08021 0.04978 -1.61 0.1071 0 winter 0
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Output 7.4.1 continued

Variance Estimate 0.634506
Std Error Estimate 0.796559
AIC 501.7696
SBC 518.3602
Number of Residuals 204

Output 7.4.2 Model Summary

Model for variable ozone

Period(s) of Differencing 12
Moving Average Factors
Factor 1: 1 + 0.26684 Bxx (1)

Factor 2: 1 - 0.76665 Bxx(12)

Input Number 1

Input Variable x1
Period(s) of Differencing 12
Overall Regression Factor -1.33062

The FORECAST statement results are shown in Output 7.4.3.

Output 7.4.3 Forecasts

Obs

217
218
219
220
221
222
223
224
225
226
227
228

Forecasts for variable ozone

Forecast Std Error 95% Confidence Limits
1.4205 0.7966 -0.1407 2.9817
1.8446 0.8244 0.2287 3.4604
2.4567 0.8244 0.8408 4.0725
2.8590 0.8244 1.2431 4.4748
3.1501 0.8244 1.5342 4.7659
2.7211 0.8244 1.1053 4.3370
3.3147 0.8244 1.6989 4.9306
3.4787 0.8244 1.8629 5.0946
2.9405 0.8244 1.3247 4.5564
2.3587 0.8244 0.7429 3.9746
1.8588 0.8244 0.2429 3.4746
1.2898 0.8244 -0.3260 2.9057
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Example 7.5: 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 nonstationary ARIMA processes.

Consider the Series A in Box, Jenkins, and Reinsel (1994), which consists of 197 concentration readings
taken every two hours from a chemical process. Let Series A be a data set that contains these readings in
a variable named X. The following SAS statements use the SCAN option of the IDENTIFY statement to
generate Output 7.5.1 and Output 7.5.2. See “The SCAN Method” on page 239 for details of the SCAN
method.

/*—— Order Identification Diagnostic with SCAN Method --%*/
proc arima data=SeriesA;

identify var=x scan;
run;

Output 7.5.1 Example of SCAN Tables

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure

Squared Canonical Correlation Estimates

Lags MA 0 MA 1 MA 2 MA 3 MA 4 MA 5
AR 0 0.3263 0.2479 0.1654 0.1387 0.1183 0.1417
AR 1 0.0643 0.0012 0.0028 <.0001 0.0051 0.0002
AR 2 0.0061 0.0027 0.0021 0.0011 0.0017 0.0079
AR 3 0.0072 <.0001 0.0007 0.0005 0.0019 0.0021
AR 4 0.0049 0.0010 0.0014 0.0014 0.0039 0.0145
AR 5 0.0202 0.0009 0.0016 <.0001 0.0126 0.0001

SCAN Chi-Square[l] Probability Values

Lags MA 0 MA 1 MA 2 MA 3 MA 4 MA 5
AR O <.0001 <.0001 <.0001 0.0007 0.0037 0.0024
AR 1 0.0003 0.6649 0.5194 0.9235 0.3993 0.8528
AR 2 0.2754 0.5106 0.5860 0.7346 0.6782 0.2766
AR 3 0.2349 0.9812 0.7667 0.7861 0.6810 0.6546
AR 4 0.3297 0.7154 0.7113 0.6995 0.5807 0.2205
AR 5 0.0477 0.7254 0.6652 0.9576 0.2660 0.9168

In Output 7.5.1, there is one (maximal) rectangular region in which all the elements are insignificant with
95% confidence. This region has a vertex at (1,1). Output 7.5.2 gives recommendations based on the
significance level specified by the ALPHA=siglevel option.
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Output 7.5.2 Example of SCAN Option Tentative Order Selection

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 function or ESACF method.
See “The ESACF Method” on page 236 for details of the ESACF method.

The following statements generate Output 7.5.3 and Output 7.5.4:

/*—— Order Identification Diagnostic with ESACF Method --x/
proc arima data=SeriesAi;

identify var=x esacf;
run;

Output 7.5.3 Example of ESACF Tables

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure

Extended Sample Autocorrelation Function

Lags MA O MA 1 MA 2 MA 3 MA 4 MA 5
AR O 0.5702 0.4951 0.3980 0.3557 0.3269 0.3498
AR 1 -0.3907 0.0425 -0.0605 -0.0083 -0.0651 -0.0127
AR 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
AR 4 -0.4785 -0.0176 0.0827 -0.0244 -0.0149 -0.0421
AR 5 -0.3878 -0.4101 -0.1651 0.0103 -0.1741 -0.0231

ESACF Probability Values

Lags MA O 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
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In Output 7.5.3, there are three right-triangular regions in which all elements are insignificant 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, the remaining recommendations are ordered by the number of
insignificant terms contained in the triangle. Output 7.5.4 gives recommendations based on the significance
level specified by the ALPHA=siglevel option.

Output 7.5.4 Example of ESACF Option Tentative Order Selection

ARMA (p+d, q)
Tentative
Order
Selection
Tests

————SCAN---
p+d q

1 1

(5% Significance Level)

If you also specify the SCAN option in the same IDENTIFY statement, the two recommendations are printed
side by side:

/*—— Combination of SCAN and ESACF Methods --*/
proc arima data=SeriesA;

identify var=x scan esacf;
run;

Output 7.5.5 shows the results.

Output 7.5.5 Example of SCAN and ESACF Option Combined

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure

ARMA (p+d, q) Tentative
Order Selection Tests

——-SCAN-- ——ESACF--
p+d a p+d a
1 1 1 1

3 1

4 1

(5% Significance Level)

From Output 7.5.5, the autoregressive and moving-average orders are tentatively identified by both SCAN
and ESACEF tables to be (p + d,q)=(1,1). Because both the SCAN and ESACF indicate a p + d term
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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.

Submitting the following statements generates Output 7.5.6:

/*—— Augmented Dickey-Fuller Unit Root Tests ——x/
proc arima data=SeriesA;
identify var=x stationarity=(adf=(5,6,7,8));

run;
Output 7.5.6 Example of STATIONARITY Option Output
SERIES A: Chemical Process Concentration Readings
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 2.27 0.4931
7 -10.9224 0.1035 -1.93 0.3172 2.00 0.5605
8 -10.2992 0.1208 -1.83 0.3650 1.81 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 1.91 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 given that none of the p-values are small enough
to cause you to reject the null hypothesis that the series has a unit root. Based on this test and the previous
results, the series should be differenced, and 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 generate Output 7.5.7:

/*—— Minimum Information Criterion —-x/
proc arima data=SeriesA;

identify var=x(1l) minic;
run;
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Output 7.5.7 Example of MINIC Table

SERIES A:

Lags MA 0

-2.05761
-2.23291
-2.23947
.25092
-2.25934
-2.2751

REEREER

Chemical Process Concentration Readings

The ARIMA Procedure

Minimum Information Criterion

MA 1 MA 2 MA 3 MA 4 MA 5

-2.3497 -2.32358 -2.31298 -2.30967 -2.28528
-2.32345 -2.29665 -2.28644 -2.28356 -2.26011
-2.30313 -2.28084 -2.26065 -2.25685 -2.23458
-2.28088 -2.25567 -2.23455 -2.22997 -2.20769

-2.2778 -2.25363 -2.22983 -2.20312 -2.19531
-2.26805 -2.24249 -2.21789 -2.19667 -2.17426

The error series is estimated by using an AR(7) model, and the minimum of this MINIC table is BIC(0, 1).
This diagnostic confirms the previous result which indicates 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 as follows, the BIC

associated with the SCAN table and ESACF table recommendations is listed. Output 7.5.8 shows the results.

/*—— Combination of MINIC, SCAN and ESACF Options --*/

proc arima data=SeriesA;

identify var=x(l) minic scan esacf;

run;

Output 7.5.8 Example of SCAN, ESACF, MINIC Options Combined

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure

ARMA (p+d, q) Tentative Order Selection Tests

SCAN ESACF
p+d q BIC pt+d q BIC
0 1 -2.3497 0 1 -2.3497
1 1 -2.32345

(5% Significance Level)
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Example 7.6: Detection of Level Changes in the Nile River Data

This example shows how to use the OUTLIER statement to detect changes in the dynamics of the time
series being modeled. The time series used here 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 river flow 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. The following DATA step statements create the input data set.

data nile;
input level (@@;

year = intnx( 'year', 'ljanl871'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

. more lines ...

The following program fits an ARIMA model, ARIMA(0,1,1), similar to the structural model suggested in
de Jong and Penzer (1998). This model is also suggested by the usual correlation analysis of the series. By
default, the OUTLIER statement requests detection of additive outliers and level shifts, assuming that the
series follows the estimated model.

/*—— ARIMA (0, 1, 1) Model —-x/
proc arima data=nile;
identify var=level(l);
estimate g=1 noint method-ml;
outlier maxnum= 5 id=year;
run;

The outlier detection output is shown in Output 7.6.1.

Output 7.6.1 ARIMA(0, 1, 1) Model

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure
Outlier Detection Summary
Maximum number searched 5

Number found 5
Significance used 0.05
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Output 7.6.1 continued

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
924 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 that correspond to these three outliers in the Nile data set as follows:

data nile;
set nile;
AO01877 = ( year = 'ljanl877'd );

AO1913 = ( year = 'ljanl913'd );
LS1899 = ( year >= 'ljanl899'd );
run;

Now you can refine the earlier model by including these outliers. After examining the parameter estimates
and residuals (not shown) of the ARIMA(0,1,1) model with these regressors, the following stationary MA1
model (with regressors) appears to fit the data well:

/*—— MAl Model with Outliers —--x/
proc arima data=nile;
identify var=level
crosscorr=( AO1877 A01913 LS1899 );
estimate g=1
input=( A01877 A01913 LS1899 )
method=ml;
outlier maxnum=5 alpha=0.01 id=year;
run;

The relevant outlier detection process output is shown in Output 7.6.2. No outliers, at significance level
0.01, were detected.

Output 7.6.2 MA1 Model with Outliers

SERIES A: Chemical Process Concentration Readings
The ARIMA Procedure
Outlier Detection Summary
Maximum number searched 5

Number found 0
Significance used 0.01
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Example 7.7: Iterative Outlier Detection

This example illustrates the iterative nature of the outlier detection process. This is done by using a simple
test example where an additive outlier at observation number 50 and a level shift at observation number 100
are artificially introduced in the international airline passenger data used in Example 7.2. 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 7.2 the airline model, ARIMA(O, 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. The following statements specify the airline
model and request an outlier search.

/*—— Outlier Detection —-x*/

proc arima data=airline;
identify var=logair( 1, 12 ) noprint;
estimate g= (1) (12) noint method= ml;
outlier maxnum=3 alpha=0.01;

run;

The outlier detection output is shown in Output 7.7.1.

Output 7.7.1 Initial Model

SERIES A: Chemical Process Concentration Readings

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
100 Shift 0.49325 199.36 <.0001
50 Additive -0.27508 104.78 <.0001

135 Additive -0.10488 13.08 0.0003
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Clearly the level shift at observation number 100 and the additive outlier at observation number 50 are the
dominant outliers. Moreover, the corresponding regression coefficients seem to correctly estimate the size
and sign of the change. You can augment the airline data with these two regressors, as follows:

data airline;
set airline;
if n = 50 then A0 = 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, as follows. 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.

/*—— Airline Model with Outliers —-x/
proc arima data=airline;
identify var=logair(l, 12)
crosscorr=( AO(1l, 12) LsS(1, 12) )
noprint;
estimate g= (1) (12) noint
input=( AO LS )
method=ml plot;
outlier maxnum=3 alpha=0.01;
run;

The outlier detection results are shown in Output 7.7.2.

Output 7.7.2 Airline Model with Outliers

SERIES A: Chemical Process Concentration Readings

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.
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Overview: AUTOREG Procedure

The AUTOREG procedure estimates and forecasts linear regression models for time series data when the
errors are autocorrelated or heteroscedastic. The autoregressive error model is used to correct for autocor-
relation, and the generalized autoregressive conditional heteroscedasticity (GARCH) model and its variants
are used to model and correct for heteroscedasticity.

When time series data are used in regression analysis, often the error term is not independent through time.
Instead, the errors are serially correlated (autocorrelated). If the error term is autocorrelated, the efficiency
of ordinary least squares (OLS) parameter estimates is adversely affected and standard error estimates are
biased.

The autoregressive error model corrects for serial correlation. The AUTOREG procedure can fit autore-
gressive error models of any order and can fit subset autoregressive models. You can also specify stepwise
autoregression to select the autoregressive error model automatically.

To diagnose autocorrelation, the AUTOREG procedure produces generalized Durbin-Watson (DW) statis-
tics and their marginal probabilities. Exact p-values are reported for generalized DW tests to any specified
order. For models with lagged dependent regressors, PROC AUTOREG performs the Durbin ¢ test and the
Durbin 4 test for first-order autocorrelation and reports their marginal significance levels.

Ordinary regression analysis assumes that the error variance is the same for all observations. When the error
variance is not constant, the data are said to be heteroscedastic, and ordinary least squares estimates are
inefficient. Heteroscedasticity also affects the accuracy of forecast confidence limits. More efficient use of
the data and more accurate prediction error estimates can be made by models that take the heteroscedasticity
into account.

To test for heteroscedasticity, the AUTOREG procedure uses the portmanteau Q test statistics (McLeod and
Li 1983), Engle’s Lagrange multiplier tests (Engle 1982), tests from Lee and King (1993), and tests from
Wong and Li (1995). Test statistics and significance p-values are reported for conditional heteroscedasticity
at lags 1 through 12. The Bera-Jarque normality test statistic and its significance level are also reported
to test for conditional nonnormality of residuals. The following tests for independence are also supported
by the AUTOREG procedure for residual analysis and diagnostic checking: Brock-Dechert-Scheinkman
(BDS) test, runs test, turning point test, and the rank version of the von Neumann ratio test.
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The family of GARCH models provides a means of estimating and correcting for the changing variability
of the data. The GARCH process assumes that the errors, although uncorrelated, are not independent, and
it models the conditional error variance as a function of the past realizations of the series.

The AUTOREG procedure supports the following variations of the GARCH models:

» generalized ARCH (GARCH)

* integrated GARCH (IGARCH)

» exponential GARCH (EGARCH)
* quadratic GARCH (QGARCH)

¢ threshold GARCH (TGARCH)

* power GARCH (PGARCH)

* GARCH-in-mean (GARCH-M)

For GARCH-type models, the AUTOREG procedure produces the conditional prediction error variances in
addition to parameter and covariance estimates.

The AUTOREG procedure can also analyze models that combine autoregressive errors and GARCH-type
heteroscedasticity. PROC AUTOREG can output predictions of the conditional mean and variance for
models with autocorrelated disturbances and changing conditional error variances over time.

Four estimation methods are supported for the autoregressive error model:

Yule-Walker
* iterated Yule-Walker
* unconditional least squares

¢ exact maximum likelihood

The maximum likelihood method is used for GARCH models and for mixed AR-GARCH models.

The AUTOREG procedure produces forecasts and forecast confidence limits when future values of the
independent variables are included in the input data set. PROC AUTOREG is a useful tool for forecasting
because it uses the time series part of the model in addition to the systematic part in generating predicted
values. The autoregressive error model takes into account recent departures from the trend in producing
forecasts.

The AUTOREG procedure permits embedded missing values for the independent or dependent variables.
The procedure should be used only for ordered and equally spaced time series data.



308 4 Chapter 8: The AUTOREG Procedure

Getting Started: AUTOREG Procedure

Regression with Autocorrelated Errors

Ordinary regression analysis is based on several statistical assumptions. One key assumption is that the
errors are independent of each other. However, with time series data, the ordinary regression residuals
usually are correlated over time. It is not desirable to use ordinary regression analysis for time series data
since the assumptions on which the classical linear regression model is based will usually be violated.

Violation of the independent errors assumption has three important consequences for ordinary regression.
First, statistical tests of the significance of the parameters and the confidence limits for the predicted values
are not correct. Second, the estimates of the regression coefficients are not as efficient as they would be if the
autocorrelation were taken into account. Third, since the ordinary regression residuals are not independent,
they contain information that can be used to improve the prediction of future values.

The AUTOREG procedure solves this problem by augmenting the regression model with an autoregressive
model for the random error, thereby accounting for the autocorrelation of the errors. Instead of the usual
regression model, the following autoregressive error model is used:

yi =% + v
Vp = —@Q1Vi—1 — @2Vr—2 — ... — OmVi—m + €
€r ~ IN(O,O’Z)

The notation €; ~ IN(0, 02) indicates that each ¢; is normally and independently distributed with mean 0
2

and variance o “.
By simultaneously estimating the regression coefficients 8 and the autoregressive error model parameters ¢;
the AUTOREG procedure corrects the regression estimates for autocorrelation. Thus, this kind of regression
analysis is often called autoregressive error correction or serial correlation correction.

Example of Autocorrelated Data

A simulated time series is used to introduce the AUTOREG procedure. The following statements generate
a simulated time series Y with second-order autocorrelation:

/* Regression with Autocorrelated Errors */
data a;
ul = 0; ull = 0;
do time = -10 to 36;
u=+ 1.3 * ul — .5 x ull + 2*xrannor(12346);
y =10 + .5 % time + u;
if time > 0 then output;
ull = ul; ul = u;
end;
run;



Regression with Autocorrelated Errors 4 309

The series Y is a time trend plus a second-order autoregressive error. The model simulated is

Vr = 10 4+ 0.5¢ + V¢
Vy = 1.31);_1 — O.Sl)l_z + €;
€r ~ IN(O, 4)

The following statements plot the simulated time series Y. A linear regression trend line is shown for refer-
ence.

title 'Autocorrelated Time Series';
proc sgplot data=a noautolegend;

series x=time y=y / markers;

reg x=time y=y/ lineattrs=(color=black);
run;

The plot of series Y and the regression line are shown in Figure 8.1.

Figure 8.1 Autocorrelated Time Series
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Note that when the series is above (or below) the OLS regression trend line, it tends to remain above (below)
the trend for several periods. This pattern is an example of positive autocorrelation.
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Time series regression usually involves independent variables other than a time trend. However, the simple
time trend model is convenient for illustrating regression with autocorrelated errors, and the series Y shown
in Figure 8.1 is used in the following introductory examples.

Ordinary Least Squares Regression

To use the AUTOREG procedure, specify the input data set in the PROC AUTOREG statement and specify
the regression model in a MODEL statement. Specify the model by first naming the dependent variable and
then listing the regressors after an equal sign, as is done in other SAS regression procedures. The following
statements regress Y on TIME by using ordinary least squares:

proc autoreg data=a;
model y = time;
run;

The AUTOREG procedure output is shown in Figure 8.2.

Figure 8.2 PROC AUTOREG Results for OLS Estimation

Autocorrelated Time Series
The AUTOREG Procedure

Dependent Variable v

Ordinary Least Squares Estimates

SSE 214.953429 DFE 34
MSE 6.32216 Root MSE 2.51439
SBC 173.659101 AIC 170.492063
MAE 2.01903356 AICC 170.855699
MAPE 12.5270666 HQC 171.597444
Durbin-Watson 0.4752 Regress R-Square 0.8200

Total R-Square 0.8200

Parameter Estimates

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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The output first shows statistics for the model residuals. The model root mean square error (Root MSE) is
2.51, and the model R? is 0.82. Notice that two R? statistics are shown, one for the regression model (Reg
Rsq) and one for the full model (Total Rsq) that includes the autoregressive error process, if any. In this
case, an autoregressive error model is not used, so the two R? statistics are the same.

Other statistics shown are the sum of square errors (SSE), mean square error (MSE), mean absolute error
(MAE), mean absolute percentage error (MAPE), error degrees of freedom (DFE, the number of obser-
vations minus the number of parameters), the information criteria SBC, HQC, AIC, and AICC, and the
Durbin-Watson statistic. (Durbin-Watson statistics, MAE, MAPE, SBC, HQC, AIC, and AICC are dis-
cussed in the section “Goodness-of-Fit Measures and Information Criteria” on page 374.)

The output then shows a table of regression coefficients, with standard errors and ¢ tests. The estimated
model is

yr = 8.23 4 0.502¢ + ¢
Est. Var(e;) = 6.32

The OLS parameter estimates are reasonably close to the true values, but the estimated error variance, 6.32,
is much larger than the true value, 4.

Autoregressive Error Model

The following statements regress Y on TIME with the errors assumed to follow a second-order autoregres-
sive process. The order of the autoregressive model is specified by the NLAG=2 option. The Yule-Walker
estimation method is used by default. The example uses the METHOD=ML option to specify the exact
maximum likelihood method instead.

proc autoreg data=a;
model y = time / nlag=2 method=ml;
run;

The first part of the results is shown in Figure 8.3. The initial OLS results are produced first, followed by
estimates of the autocorrelations computed from the OLS residuals. The autocorrelations are also displayed
graphically.
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Figure 8.3 Preliminary Estimate for AR(2) Error Model

Autocorrelated Time Series

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
MAE 2.01903356 AICC 170.855699
MAPE 12.5270666 HQC 171.597444
Durbin-Watson 0.4752 Regress R-Square 0.8200

Total R-Square 0.8200

Parameter Estimates

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

Estimates of Autocorrelations

Lag Covariance Correlation -1 987654321012345¢67178291
0 5.9709 1.000000 | | kkkkkhkkhkhhhkhkrkhhk |
1 4.5169 0.756485 | | *kkkkhkkkkkhhhkkk |
2 2.0241 0.338995 | | Je ke e ke ke ke |

Preliminary MSE 1.7943
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The maximum likelihood estimates are shown in Figure 8.4. Figure 8.4 also shows the preliminary Yule-
Walker estimates used as starting values for the iterative computation of the maximum likelihood estimates.

Figure 8.4 Maximum Likelihood Estimates of AR(2) Error Model

Estimates of Autoregressive Parameters

Standard
Lag Coefficient Error t Value
1 -1.169057 0.148172 -7.89
2 0.545379 0.148172 3.68

Algorithm converged.

Maximum Likelihood Estimates

SSE 54.7493022 DFE 32
MSE 1.71092 Root MSE 1.30802
SBC 133.476508 AIC 127.142432
MAE 0.98307236 AICC 128.432755
MAPE 6.45517689 HQC 129.353194
Log Likelihood -59.571216 Regress R-Square 0.7280
Durbin-Watson 2.2761 Total R-Square 0.9542

Observations 36

Parameter Estimates

Standard Approx
Variable DF Estimate Error t Value Pr > |t]|
Intercept 1 7.8833 1.1693 6.74 <.0001
time 1 0.5096 0.0551 9.25 <.0001
AR1 1 -1.2464 0.1385 -9.00 <.0001
AR2 1 0.6283 0.1366 4.60 <.0001

Autoregressive parameters assumed given

Standard Approx
Variable DF Estimate Error t Value Pr > |t]|
Intercept 1 7.8833 1.1678 6.75 <.0001
time 1 0.5096 0.0551 9.26 <.0001

The diagnostic statistics and parameter estimates tables in Figure 8.4 have the same form as in the OLS
output, but the values shown are for the autoregressive error model. The MSE for the autoregressive model
is 1.71, which is much smaller than the true value of 4. In small samples, the autoregressive error model

tends to underestimate o2, while the OLS MSE overestimates o2.

Notice that the total R? statistic computed from the autoregressive model residuals is 0.954, reflecting the
improved fit from the use of past residuals to help predict the next Y value. The Reg Rsq value 0.728 is the
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R? statistic for a regression of transformed variables adjusted for the estimated autocorrelation. (This is not
the R? for the estimated trend line. For details, see the section “Goodness-of-Fit Measures and Information
Criteria” on page 374 later in this chapter.)

The parameter estimates table shows the ML estimates of the regression coefficients and includes two addi-
tional rows for the estimates of the autoregressive parameters, labeled AR(1) and AR(2).

The estimated model is
yr = 7.88 4+ 0.5096¢ + vy

Vy = 1-251)1,‘—1 — 0.628Ut_2 + ¢
Est. Var(e) = 1.71

Note that the signs of the autoregressive parameters shown in this equation for v; are the reverse of the
estimates shown in the AUTOREG procedure output. Figure 8.4 also shows the estimates of the regres-
sion coefficients with the standard errors recomputed on the assumption that the autoregressive parameter
estimates equal the true values.

Predicted Values and Residuals

The AUTOREG procedure can produce two kinds of predicted values and corresponding residuals and
confidence limits. The first kind of predicted value is obtained from only the structural part of the model,
x;b. This is an estimate of the unconditional mean of the response variable at time 7. For the time trend
model, these predicted values trace the estimated trend. The second kind of predicted value includes both
the structural part of the model and the predicted values of the autoregressive error process. The full model
(conditional) predictions are used to forecast future values.

Use the OUTPUT statement to store predicted values and residuals in a SAS data set and to output other
values such as confidence limits and variance estimates. The P= option specifies an output variable to
contain the full model predicted values. The PM= option names an output variable for the predicted mean.
The R= and RM= options specify output variables for the corresponding residuals, computed as the actual
value minus the predicted value.

The following statements store both kinds of predicted values in the output data set. (The printed output is
the same as previously shown in Figure 8.3 and Figure 8.4.)

proc autoreg data=a;
model y = time / nlag=2 method=ml;
output out=p p=yhat pm=trendhat;
run;

The following statements plot the predicted values from the regression trend line and from the full model
together with the actual values:

title 'Predictions for Autocorrelation Model';

proc sgplot data=p;
scatter x=time y=y / markerattrs=(color=blue);
series x=time y=yhat / lineattrs=(color=blue);
series x=time y=trendhat / lineattrs=(color=black);

run;

The plot of predicted values is shown in Figure 8.5.
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Figure 8.5 PROC AUTOREG Predictions

Predictions for Autocorrelation Model
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In Figure 8.5 the straight line is the autocorrelation corrected regression line, traced out by the structural
predicted values TRENDHAT. The jagged line traces the full model prediction values. The actual values are
marked by asterisks. This plot graphically illustrates the improvement in fit provided by the autoregressive
error process for highly autocorrelated data.

Forecasting Autoregressive Error Models

To produce forecasts for future periods, include observations for the forecast periods in the input data set.
The forecast observations must provide values for the independent variables and have missing values for the
response variable.

For the time trend model, the only regressor is time. The following statements add observations for time
periods 37 through 46 to the data set A to produce an augmented data set B:
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data b;

y = .;

do time = 37 to 46; output; end;
run;

data b;
merge a b;
by time;
run;

To produce the forecast, use the augmented data set as input to PROC AUTOREG, and specify the appropri-
ate options in the OUTPUT statement. The following statements produce forecasts for the time trend with
autoregressive error model. The output data set includes all the variables in the input data set, the forecast
values (YHAT), the predicted trend (YTREND), and the upper (UCL) and lower (LCL) 95% confidence
limits.

proc autoreg data=b;
model y = time / nlag=2 method=ml;
output out=p p=yhat pm=ytrend
lcl=1lcl ucl=ucl;
run;

The following statements plot the predicted values and confidence limits, and they also plot the trend line
for reference. The actual observations are shown for periods 16 through 36, and a reference line is drawn at
the start of the out-of-sample forecasts.

title 'Forecasting Autocorrelated Time Series';
proc sgplot data=p;

band x=time upper=ucl lower=lcl;

scatter x=time y=y;

series x=time y=yhat;

series x=time y=ytrend / lineattrs=(color=black);
run;

The plot is shown in Figure 8.6. Notice that the forecasts take into account the recent departures from the
trend but converge back to the trend line for longer forecast horizons.
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Figure 8.6 PROC AUTOREG Forecasts

Forecasting Autocorrelated Time Series
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Testing for Autocorrelation

In the preceding section, it is assumed that the order of the autoregressive process is known. In practice, you
need to test for the presence of autocorrelation.

The Durbin-Watson test is a widely used method of testing for autocorrelation. The first-order Durbin-
Watson statistic is printed by default. This statistic can be used to test for first-order autocorrelation. Use
the DWPROB option to print the significance level (p-values) for the Durbin-Watson tests. (Since the
Durbin-Watson p-values are computationally expensive, they are not reported by default.)

You can use the DW= option to request higher-order Durbin-Watson statistics. Since the ordinary Durbin-
Watson statistic tests only for first-order autocorrelation, the Durbin-Watson statistics for higher-order auto-
correlation are called generalized Durbin-Watson statistics.

The following statements perform the Durbin-Watson test for autocorrelation in the OLS residuals for orders
1 through 4. The DWPROB option prints the marginal significance levels (p-values) for the Durbin-Watson
statistics.
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/*—— Durbin-Watson test for autocorrelation --x/
proc autoreg data=a;

model y = time / dw=4 dwprob;
run;

The AUTOREG procedure output is shown in Figure 8.7. In this case, the first-order Durbin-Watson test is
highly significant, with p < .0001 for the hypothesis of no first-order autocorrelation. Thus, autocorrelation
correction is needed.

Figure 8.7 Durbin-Watson Test Results for OLS Residuals

Forecasting Autocorrelated Time Series
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
MAE 2.01903356 AICC 170.855699
MAPE 12.5270666 HQC 171.597444

Regress R-Square 0.8200

Total R-Square 0.8200

Durbin-Watson Statistics

Order DW Pr < DW Pr > DW
1 0.4752 <.0001 1.0000
2 1.2935 0.0137 0.9863
3 2.0694 0.6545 0.3455
4 2.5544 0.9818 0.0182

NOTE: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is
the p-value for testing negative autocorrelation.

Parameter Estimates

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

Using the Durbin-Watson test, you can decide if autocorrelation correction is needed. However, generalized
Durbin-Watson tests should not be used to decide on the autoregressive order. The higher-order tests as-
sume the absence of lower-order autocorrelation. If the ordinary Durbin-Watson test indicates no first-order
autocorrelation, you can use the second-order test to check for second-order autocorrelation. Once auto-
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correlation is detected, further tests at higher orders are not appropriate. In Figure 8.7, since the first-order
Durbin-Watson test is significant, the order 2, 3, and 4 tests can be ignored.

When using Durbin-Watson tests to check for autocorrelation, you should specify an order at least as large
as the order of any potential seasonality, since seasonality produces autocorrelation at the seasonal lag. For
example, for quarterly data use DW=4, and for monthly data use DW=12.

Lagged Dependent Variables

The Durbin-Watson tests are not valid when the lagged dependent variable is used in the regression model.
In this case, the Durbin /4 test or Durbin ¢ test can be used to test for first-order autocorrelation.

For the Durbin # test, specify the name of the lagged dependent variable in the LAGDEP= option. For the
Durbin ¢ test, specify the LAGDEP option without giving the name of the lagged dependent variable.

For example, the following statements add the variable YLAG to the data set A and regress Y on YLAG
instead of TIME:

data b;

set a;

ylag = lagl(y );
run;

proc autoreg data=b;
model y = ylag / lagdep=ylag;
run;

The results are shown in Figure 8.8. The Durbin 4 statistic 2.78 is significant with a p-value of 0.0027,
indicating autocorrelation.

Figure 8.8 Durbin h Test with a Lagged Dependent Variable

Forecasting Autocorrelated Time Series
The AUTOREG Procedure

Dependent Variable y

Ordinary Least Squares Estimates

SSE 97.711226 DFE 33
MSE 2.96095 Root MSE 1.72074
SBC 142.369787 AIC 139.259091
MAE 1.29949385 AICC 139.634091
MAPE 8.1922836 HQC 140.332903

Regress R-Square 0.9109

Total R-Square 0.9109

Miscellaneous Statistics

Statistic Value Prob Label

Durbin h 2.7814 0.0027 Pr > h
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Figure 8.8 continued

Variable

Intercept
ylag

Parameter Estimates

DF Estimate
1 1.5742
1 0.9376

Standard Approx
Error t Value Pr > |t]|
0.9300 1.69 0.0999
0.0510 18.37 <.0001

Stepwise Autoregression

Once you determine that autocorrelation correction is needed, you must select the order of the autoregressive
error model to use. One way to select the order of the autoregressive error model is stepwise autoregression.
The stepwise autoregression method initially fits a high-order model with many autoregressive lags and
then sequentially removes autoregressive parameters until all remaining autoregressive parameters have

significant ¢ tests.

To use stepwise autoregression, specify the BACKSTEP option, and specify a large order with the NLAG=

option. The following statements show the stepwise feature, using an initial order of 5:

/*—— stepwise autoregression —--x/

proc autoreg data=a;

model y = time / method=ml nlag=5 backstep;

run;

The results are shown in Figure 8.9.

Figure 8.9 Stepwise Autoregression

Forecasting Autocorrelated Time Series

The AUTOREG Procedure

Dependent Variable y

Ordinary Least Squares Estimates

SSE 214.953429
MSE 6.32216
SBC 173.659101
MAE 2.01903356
MAPE 12.5270666
Durbin-Watson 0.4752

DFE

Root MSE

AIC

AICC

HQC

Regress R-Square
Total R-Square

34

2.51439
170.492063
170.855699
171.597444
0.8200
0.8200
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Figure 8.9 continued

Parameter Estimates

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

Estimates of Autocorrelations

Lag Covariance Correlation -198765432101234567891
0 5.9709 1.000000 | | kkkkkhkkkhkkkrkkhrkx |
1 4.5169 0.756485 | | dedkkdkdekdkdkkokkkkk |
2 2.0241 0.338995 | | Jedkdekdek K |
3 -0.4402 -0.073725 | * | |
4 -2.1175 -0.354632 | Kdekdkkok | |
5 -2.8534 -0.477887 | Fdeokdokdokkok ok | |

Backward Elimination of
Autoregressive Terms

Lag Estimate t Value Pr > |t]|
4 -0.052908 -0.20 0.8442
3 0.115986 0.57 0.5698
5 0.131734 1.21 0.2340

The estimates of the autocorrelations are shown for 5 lags. The backward elimination of autoregressive
terms report shows that the autoregressive parameters at lags 3, 4, and 5 were insignificant and eliminated,
resulting in the second-order model shown previously in Figure 8.4. By default, retained autoregressive
parameters must be significant at the 0.05 level, but you can control this with the SLSTAY= option. The
remainder of the output from this example is the same as that in Figure 8.3 and Figure 8.4, and it is not
repeated here.

The stepwise autoregressive process is performed using the Yule-Walker method. The maximum likeli-
hood estimates are produced after the order of the model is determined from the significance tests of the
preliminary Yule-Walker estimates.

When using stepwise autoregression, it is a good idea to specify an NLAG= option value larger than the order
of any potential seasonality, since seasonality produces autocorrelation at the seasonal lag. For example, for
monthly data use NLAG=13, and for quarterly data use NLAG=5.

Subset and Factored Models

In the previous example, the BACKSTEP option dropped lags 3, 4, and 5, leaving a second-order model.
However, in other cases a parameter at a longer lag may be kept while some smaller lags are dropped. For
example, the stepwise autoregression method might drop lags 2, 3, and 5 but keep lags 1 and 4. This is
called a subset model, since the number of estimated autoregressive parameters is lower than the order of
the model.
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Subset models are common for seasonal data and often correspond to factored autoregressive models. A
factored model is the product of simpler autoregressive models. For example, the best model for seasonal
monthly data may be the combination of a first-order model for recent effects with a 12th-order subset model
for the seasonality, with a single parameter at lag 12. This results in a 13th-order subset model with nonzero
parameters at lags 1, 12, and 13. See Chapter 7, “The ARIMA Procedure,” for further discussion of subset
and factored autoregressive models.

You can specify subset models with the NLAG= option. List the lags to include in the autoregressive model
within parentheses. The following statements show an example of specifying the subset model resulting
from the combination of a first-order process for recent effects with a fourth-order seasonal process:

/*—— specifying the lags —-x/
proc autoreg data=a;

model y = time / nlag=(1l 4 5);
run;

The MODEL statement specifies the following fifth-order autoregressive error model:
ye=a+ bt +v;

Vr = —@Q1Vi—1 — QaVi—4 — Q5Vt—5 + €

Testing for Heteroscedasticity

One of the key assumptions of the ordinary regression model is that the errors have the same variance
throughout the sample. This is also called the homoscedasticity model. If the error variance is not constant,
the data are said to be heteroscedastic.

Since ordinary least squares regression assumes constant error variance, heteroscedasticity causes the OLS
estimates to be inefficient. Models that take into account the changing variance can make more efficient
use of the data. Also, heteroscedasticity can make the OLS forecast error variance inaccurate because the
predicted forecast variance is based on the average variance instead of on the variability at the end of the
series.

To illustrate heteroscedastic time series, the following statements create the simulated series Y. The variable
Y has an error variance that changes from 1 to 4 in the middle part of the series.

data a;
do time = -10 to 120;
1 + (time >= 60 & time < 90);
u sxrannor (12346) ;
y 10 + .5 * time + u;
if time > 0 then output;
end;

run;

title 'Heteroscedastic Time Series';
proc sgplot data=a noautolegend;

series x=time y=y / markers;

reg x=time y=y / lineattrs=(color=black);
run;

The simulated series is plotted in Figure 8.10.
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Figure 8.10 Heteroscedastic and Autocorrelated Series
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To test for heteroscedasticity with PROC AUTOREG, specify the ARCHTEST option. The following state-
ments regress Y on TIME and use the ARCHTEST= option to test for heteroscedastic OLS residuals:

/*—— test for heteroscedastic OLS residuals —--x*/
proc autoreg data=a;

model y = time / archtest;

output out=r r=yresid;
run;

The PROC AUTOREG output is shown in Figure 8.11. The Q statistics test for changes in variance across
time by using lag windows that range from 1 through 12. (See the section “Testing for Nonlinear De-
pendence: Heteroscedasticity Tests” on page 396 for details.) The p-values for the test statistics strongly
indicate heteroscedasticity, with p < 0.0001 for all lag windows.

The Lagrange multiplier (LM) tests also indicate heteroscedasticity. These tests can also help determine
the order of the ARCH model that is appropriate for modeling the heteroscedasticity, assuming that the
changing variance follows an autoregressive conditional heteroscedasticity model.
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Figure 8.11 Heteroscedasticity Tests

Heteroscedastic Time Series

The AUTOREG Procedure

Dependent Variable y

Ordinary Least Squares Estimates

SSE 223.645647 DFE 118
MSE 1.89530 Root MSE 1.37670
SBC 424.828766 AIC 419.253783
MAE 0.97683599 AICC 419.356347
MAPE 2.73888672 HQC 421.517809
Durbin-Watson 2.4444 Regress R-Square 0.9938

Total R-Square 0.9938

Tests for ARCH Disturbances Based on OLS Residuals

Order Q Pr > Q LM Pr > LM
1 19.4549 <.0001 19.1493 <.0001
2 21.3563 <.0001 19.3057 <.0001
3 28.7738 <.0001 25.7313 <.0001
4 38.1132 <.0001 26.9664 <.0001
5 52.3745 <.0001 32.5714 <.0001
6 54.4968 <.0001 34.2375 <.0001
7 55.3127 <.0001 34.4726 <.0001
8 58.3809 <.0001 34.4850 <.0001
9 68.3075 <.0001 38.7244 <.0001

10 73.2949 <.0001 38.9814 <.0001
11 74.9273 <.0001 39.9395 <.0001
12 76.0254 <.0001 40.8144 <.0001

Parameter Estimates

Standard Approx
Variable DF Estimate Error t Value Pr > |t]|
Intercept 1 9.8684 0.2529 39.02 <.0001
time 1 0.5000 0.003628 137.82 <.0001

The tests of Lee and King (1993) and Wong and Li (1995) can also be applied to check the absence of
ARCH effects. The following example shows that Wong and Li’s test is robust to detect the presence of
ARCH effects with the existence of outliers.

/*—— data with outliers at observation 10 —--x/
data b;
do time = -10 to 120;
s =1+ (time >= 60 & time < 90);
sxrannor (12346) ;
10 + .5 * time + u;

u
Y
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if time = 10 then
do; y = 200; end;
if time > 0 then output;
end;
run;
/*—— test for heteroscedastic OLS residuals —-x/
proc autoreg data=b;
model y = time / archtest=(qlm) ;
model y = time / archtest=(1lk,wl) ;
run;

As shown in Figure 8.12, the p-values of Q or LM statistics for all lag windows are above 90%, which fails
to reject the null hypothesis of the absence of ARCH effects. Lee and King’s test, which rejects the null
hypothesis for lags more than 8 at 10% significance level, works better. Wong and Li’s test works best,
rejecting the null hypothesis and detecting the presence of ARCH effects for all lag windows.

Figure 8.12 Heteroscedasticity Tests

Heteroscedastic Time Series

The AUTOREG Procedure

Tests for ARCH Disturbances Based on OLS Residuals

Order Q Pr > Q LM Pr > 1M
1 0.0076 0.9304 0.0073 0.9319
2 0.0150 0.9925 0.0143 0.9929
3 0.0229 0.9991 0.0217 0.9992
4 0.0308 0.9999 0.0290 0.9999
5 0.0367 1.0000 0.0345 1.0000
6 0.0442 1.0000 0.0413 1.0000
7 0.0522 1.0000 0.0485 1.0000
8 0.0612 1.0000 0.0565 1.0000
9 0.0701 1.0000 0.0643 1.0000

10 0.0701 1.0000 0.0742 1.0000
11 0.0701 1.0000 0.0838 1.0000
12 0.0702 1.0000 0.0939 1.0000

Tests for ARCH Disturbances Based on OLS Residuals

Order LK Pr > |LK| WL Pr > WL
1 -0.6377 0.5236 34.9984 <.0001
2 -0.8926 0.3721 72.9542 <.0001
3 -1.0979 0.2723 104.0322 <.0001
4 -1.2705 0.2039 139.9328 <.0001
5 -1.3824 0.1668 176.9830 <.0001
6 -1.5125 0.1304 200.3388 <.0001
7 -1.6385 0.1013 238.4844 <.0001
8 -1.7695 0.0768 267.8882 <.0001
9 -1.8881 0.0590 304.5706 <.0001

10 -2.2349 0.0254 326.3658 <.0001
11 -2.2380 0.0252 348.8036 <.0001
12 -2.2442 0.0248 371.9596 <.0001
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Heteroscedasticity and GARCH Models

There are several approaches to dealing with heteroscedasticity. If the error variance at different times is
known, weighted regression is a good method. If, as is usually the case, the error variance is unknown and
must be estimated from the data, you can model the changing error variance.

The generalized autoregressive conditional heteroscedasticity (GARCH) model is one approach to modeling
time series with heteroscedastic errors. The GARCH regression model with autoregressive errors is

yi =%+ v

Ve =€ —@Q1Vi—1 — .. — OmVt—m

€ = \/h—tet

q p
hy = o+ ZOli€t2_l~ + Z Yihe—;j

i=1 j=1
ey ~ IN(O, 1)

This model combines the mth-order autoregressive error model with the GARCH(p, ¢) variance model. It
is denoted as the AR(m)-GARCH(p, ¢) regression model.

The tests for the presence of ARCH effects (namely, Q and LM tests, tests from Lee and King (1993) and
tests from Wong and Li (1995)) can help determine the order of the ARCH model appropriate for the data.
For example, the Lagrange multiplier (LM) tests shown in Figure 8.11 are significant (p < 0.0001) through
order 12, which indicates that a very high-order ARCH model is needed to model the heteroscedasticity.

The basic ARCH(g) model (p = 0) is a short memory process in that only the most recent ¢ squared residu-
als are used to estimate the changing variance. The GARCH model (p > 0) allows long memory processes,
which use all the past squared residuals to estimate the current variance. The LM tests in Figure 8.11 suggest
the use of the GARCH model (p > 0) instead of the ARCH model.

The GARCH(p, ¢) model is specified with the GARCH=(P=p, Q=¢) option in the MODEL statement. The
basic ARCH(g) model is the same as the GARCH(0, ¢) model and is specified with the GARCH=(Q=¢q)
option.

The following statements fit an AR(2)-GARCH(1, 1) model for the Y series that is regressed on TIME. The
GARCH=(P=1,Q=1) option specifies the GARCH(1, 1) conditional variance model. The NLAG=2 option
specifies the AR(2) error process. Only the maximum likelihood method is supported for GARCH models;
therefore, the METHOD= option is not needed. The CEV= option in the OUTPUT statement stores the
estimated conditional error variance at each time period in the variable VHAT in an output data set named
OUT. The data set is the same as in the section “Testing for Heteroscedasticity” on page 322.

data c;

ul=0; ull=0;

do time = -10 to 120;
s 1 + (time >= 60 & time < 90);
u + 1.3 * ul - .5 % ull + sxrannor(12346);
y 10 + .5 x time + u;
if time > 0 then output;
ull = ul; ul = u;
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end;
run;
title 'AR(2)-GARCH(1l,1l) model for the Y series regressed on TIME';
proc autoreg data=c;
model y = time / nlag=2 garch=(g=1,p=1) maxit=50;
output out=out cev=vhat;
run;

The results for the GARCH model are shown in Figure 8.13. (The preliminary estimates are not shown.)

Figure 8.13 AR(2)-GARCH(1, 1) Model

AR (2)-GARCH(1,1) model for the Y series regressed on TIME

The AUTOREG Procedure

GARCH Estimates

SSE 218.861036 Observations 120
MSE 1.82384 Uncond Var 1.6299733
Log Likelihood -187.44013 Total R-Square 0.9941
SBC 408.392693 AIC 388.88025
MAE 0.97051406 AICC 389.88025
MAPE 2.75945337 HQC 396.804343

Normality Test 0.0838

Pr > Chisq 0.9590

Parameter Estimates

Standard Approx
Variable DF Estimate Error t Value Pr > |t]|
Intercept 1 8.9301 0.7456 11.98 <.0001
time 1 0.5075 0.0111 45.90 <.0001
AR1 1 -1.2301 0.1111 -11.07 <.0001
AR2 1 0.5023 0.1090 4.61 <.0001
ARCHO 1 0.0850 0.0780 1.09 0.2758
ARCH1 1 0.2103 0.0873 2.41 0.0159
GARCH1 1 0.7375 0.0989 7.46 <.0001

The normality test is not significant (p = 0.959), which is consistent with the hypothesis that the residuals
from the GARCH model, €;/+/h;, are normally distributed. The parameter estimates table includes rows
for the GARCH parameters. ARCHO represents the estimate for the parameter w, ARCHI represents o,
and GARCHI represents ;.

The following statements transform the estimated conditional error variance series VHAT to the estimated
standard deviation series SHAT. Then, they plot SHAT together with the true standard deviation S used to
generate the simulated data.

data out;

set out;

shat = sqrt( vhat );
run;
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title 'Predicted and Actual Standard Deviations';
proc sgplot data=out noautolegend;

scatter x=time y=s;

series x=time y=shat/ lineattrs=(color=black);
run;

The plot is shown in Figure 8.14.

Figure 8.14 Estimated and Actual Error Standard Deviation Series
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In this example note that the form of heteroscedasticity used in generating the simulated series Y does
not fit the GARCH model. The GARCH model assumes conditional heteroscedasticity, with homoscedastic
unconditional error variance. That is, the GARCH model assumes that the changes in variance are a function
of the realizations of preceding errors and that these changes represent temporary and random departures
from a constant unconditional variance. The data-generating process used to simulate series Y, contrary to
the GARCH model, has exogenous unconditional heteroscedasticity that is independent of past errors.

Nonetheless, as shown in Figure 8.14, the GARCH model does a reasonably good job of approximating the
error variance in this example, and some improvement in the efficiency of the estimator of the regression
parameters can be expected.
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The GARCH model might perform better in cases where theory suggests that the data-generating process
produces true autoregressive conditional heteroscedasticity. This is the case in some economic theories of
asset returns, and GARCH-type models are often used for analysis of financial market data.

GARCH Models
The AUTOREG procedure supports several variations of GARCH models.

Using the TYPE= option along with the GARCH= option enables you to control the constraints placed
on the estimated GARCH parameters. You can specify unconstrained, nonnegativity-constrained (default),
stationarity-constrained, or integration-constrained models. The integration constraint produces the inte-
grated GARCH (IGARCH) model.

You can also use the TYPE= option to specify the exponential form of the GARCH model, called the
EGARCH model, or other types of GARCH models, namely the quadratic GARCH (QGARCH), thresh-
old GARCH (TGARCH), and power GARCH (PGARCH) models. The MEAN= option along with the
GARCH-= option specifies the GARCH-in-mean (GARCH-M) model.

The following statements illustrate the use of the TYPE= option to fit an AR(2)-EGARCH(1, 1) model to
the series Y. (Output is not shown.)

/*—— AR(2)-EGARCH(1,1) model ——x/
proc autoreg data=a;

model y = time / nlag=2 garch=(p=1,g=1, type=exp);
run;

See the section “GARCH Models” on page 366 for details.

Syntax: AUTOREG Procedure

The AUTOREG procedure is controlled by the following statements:

PROC AUTOREG options ;
BY variables ;
CLASS variables ;
MODEL dependent = regressors / options ;
HETERO variables / options ;
NLOPTIONS options ;
OUTPUT < OUT=SAS-data-set> < options > < keyword=name > ;
RESTRICT equation, ..., equation ;
TEST equation, ..., equation / option ;

At least one MODEL statement must be specified. One OUTPUT statement can follow each MODEL
statement. One HETERO statement can follow each MODEL statement.
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Functional Summary

The statements and options used with the AUTOREG procedure are summarized in the following table.

Table 8.1 AUTOREG Functional Summary

Description Statement Option
Data Set Options

Specify the input data set AUTOREG DATA=
Write parameter estimates to an output data AUTOREG OUTEST=
set

Include covariances in the OUTEST= data set AUTOREG COVOUT
Requests that the procedure produce graphics AUTOREG PLOTS=
via the Output Delivery System

Write predictions, residuals, and confidence OUTPUT OUT=

limits to an output data set

Declaring the Role of Variables

Specify BY-group processing BY
Specify classification variables CLASS

Printing Control Options

Request all printing options MODEL ALL
Print transformed coefficients MODEL COEF
Print correlation matrix of the estimates MODEL CORRB
Print covariance matrix of the estimates MODEL COVB
Print DW statistics up to order j MODEL DW=j
Print marginal probability of the generalized MODEL DWPROB
Durbin-Watson test statistics for large sample

sizes

Print the p-values for the Durbin-Watson test ~ MODEL LDW

be computed using a linearized approximation
of the design matrix

Print inverse of Toeplitz matrix MODEL GINV

Print the Godfrey LM serial correlation test MODEL GODFREY=
Print details at each iteration step MODEL ITPRINT
Print the Durbin ¢ statistic MODEL LAGDEP
Print the Durbin # statistic MODEL LAGDEP=
Print the log-likelihood value of the MODEL LOGLIKL
regression model

Print the Jarque-Bera normality test MODEL NORMAL
Print the tests for the absence of ARCH MODEL ARCHTEST=
effects

Print BDS tests for independence MODEL BDS=

Print rank version of von Neumann ratio test =~ MODEL VNRRANK=
for independence

Print runs test for independence MODEL RUNS=

Print the turning point test for independence MODEL TP=




Functional Summary 4 331

Table 8.1 continued

Description Statement Option
Print the Lagrange multiplier test HETERO TEST=LM
Print Bai-Perron tests for multiple structural MODEL BP=
changes
Print the Chow test for structural change MODEL CHOW=
Print the predictive Chow test for structural MODEL PCHOW=
change
Suppress printed output MODEL NOPRINT
Print partial autocorrelations MODEL PARTIAL
Print Ramsey’s RESET test MODEL RESET
Print Phillips-Perron tests for stationarity or MODEL STATIONARITY=(PHILLIPS=)
unit roots
Print Augmented Dickey-Fuller tests for MODEL STATIONARITY=(ADF=)
stationarity or unit roots
Print ERS tests for stationarity or unit roots MODEL STATIONARITY=(ERS=)
Print KPSS tests or Shin tests for stationarity = MODEL STATIONARITY=(KPSS=)
or cointegration
Print Ng-Perron tests for stationarity or unit MODEL STATIONARITY=(NP=)
roots
Print tests of linear hypotheses TEST
Specify the test statistics to use TEST TYPE=
Print the uncentered regression R?2 MODEL URSQ
Options to Control the Optimization Process
Specify the optimization options NLOPTIONS see Chapter 6,

“Nonlinear

Optimization Methods,”
Model Estimation Options
Specify the order of autoregressive process MODEL NLAG=
Center the dependent variable MODEL CENTER
Suppress the intercept parameter MODEL NOINT
Remove nonsignificant AR parameters MODEL BACKSTEP
Specify significance level for BACKSTEP MODEL SLSTAY=
Specify the convergence criterion MODEL CONVERGE=
Specify the type of covariance matrix MODEL COVEST=
Set the initial values of parameters used by MODEL INITIAL=
the iterative optimization algorithm
Specify iterative Yule-Walker method MODEL ITER
Specify maximum number of iterations MODEL MAXITER=
Specify the estimation method MODEL METHOD=
Use only first sequence of nonmissing data MODEL NOMISS
Specify the optimization technique MODEL OPTMETHOD=
Imposes restrictions on the regression RESTRICT

estimates
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Table 8.1 continued

Description Statement Option

Estimate and test heteroscedasticity models HETERO

GARCH Related Options

Specify order of GARCH process MODEL GARCH=(Q=,P=)
Specify type of GARCH model MODEL GARCH=(...,TYPE=)
Specify various forms of the GARCH-M MODEL GARCH=(...,MEAN=)
model

Suppress GARCH intercept parameter MODEL GARCH=(...,NOINT)
Specify the trust region method MODEL GARCH=(...,TR)
Estimate the GARCH model for the MODEL GARCH=(...) DIST=
conditional ¢ distribution

Estimate the start-up values for the MODEL GARCH=(...,STARTUP=)
conditional variance equation

Specify the functional form of the HETERO LINK=
heteroscedasticity model

Specify that the heteroscedasticity model does HETERO NOCONST

not include the unit term

Impose constraints on the estimated HETERO COEF=

parameters in the heteroscedasticity model

Impose constraints on the estimated standard ~ HETERO STD=

deviation of the heteroscedasticity model

Output conditional error variance OUTPUT CEV=

Output conditional prediction error variance OUTPUT CPEV=

Specify the flexible conditional variance form HETERO

of the GARCH model

Output Control Options

Specify confidence limit size OUTPUT ALPHACLI=

Specify confidence limit size for structural OUTPUT ALPHACLM=
predicted values

Specify the significance level for the upper OUTPUT ALPHACSM=

and lower bounds of the CUSUM and

CUSUMSQ) statistics

Specify the name of a variable to contain the =~ OUTPUT BLUS=

values of the Theil’s BLUS residuals

Output the value of the error variance o OUTPUT CEV=

Output transformed intercept variable OUTPUT CONSTANT=

Specify the name of a variable to contain the =~ OUTPUT CUSUM=

CUSUM statistics

Specify the name of a variable to contain the =~ OUTPUT CUSUMSQ=
CUSUMSAQ statistics

Specify the name of a variable to contain the =~ OUTPUT CUSUMUB=

upper confidence bound for the CUSUM
statistic
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Table 8.1 continued

Description Statement Option

Specify the name of a variable to contain the =~ OUTPUT CUSUMLB=
lower confidence bound for the CUSUM

statistic

Specify the name of a variable to contain the =~ OUTPUT CUSUMSQUB=
upper confidence bound for the CUSUMSQ

statistic

Specify the name of a variable to contain the =~ OUTPUT CUSUMSQLB=
lower confidence bound for the CUSUMSQ

statistic

Output lower confidence limit OUTPUT LCL=

Output lower confidence limit for structural OUTPUT LCLM=
predicted values

Output predicted values OUTPUT P=

Output predicted values of structural part OUTPUT PM=

Output residuals OUTPUT R=

Output residuals from structural predictions OUTPUT RM=

Specify the name of a variable to contain the =~ OUTPUT RECPEV=

part of the predictive error variance (v;)

Specify the name of a variable to contain OUTPUT RECRES=
recursive residuals

Output transformed variables OUTPUT TRANSFORM=
Output upper confidence limit OUTPUT UCL=

Output upper confidence limit for structural OUTPUT UCLM=

predicted values

PROC AUTOREG Statement
PROC AUTOREG options ;
The following options can be used in the PROC AUTOREG statement:

DATA=SAS-data-set
specifies the input SAS data set. If the DATA= option is not specified, PROC AUTOREG uses the
most recently created SAS data set.

OUTEST=SAS-data-set
writes the parameter estimates to an output data set. See the section “OUTEST= Data Set” on
page 405 for information on the contents of these data set.

covouT
writes the covariance matrix for the parameter estimates to the OUTEST= data set. This option is
valid only if the OUTEST= option is specified.
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PLOTS<(global-plot-options)> < = (specific plot options)>
requests that the AUTOREG procedure produce statistical graphics via the Output Delivery System,
provided that the ODS GRAPHICS statement has been specified. For general information about
ODS Graphics, see Chapter 21, “Statistical Graphics Using ODS” (SAS/STAT User’s Guide). The
global-plot-options apply to all relevant plots generated by the AUTOREG procedure. The global-
plot-options supported by the AUTOREG procedure follow.

Global Plot Options

ONLY suppresses the default plots. Only the plots specifically requested are produced.

UNPACKPANEL | UNPACK displays each graph separately. (By default, some graphs can appear to-
gether in a single panel.)

Specific Plot Options

ALL requests that all plots appropriate for the particular analysis be produced.
ACF produces the autocorrelation function plot.

IACF produces the inverse autocorrelation function plot of residuals.

PACF produces the partial autocorrelation function plot of residuals.

FITPLOT plots the predicted and actual values.

COOKSD produces the Cook’s D plot.

QQ Q-Q plot of residuals.

RESIDUAL | RES plots the residuals.

STUDENTRESIDUAL plots the studentized residuals. For the models with the NLAG= or GARCH=
options in the MODEL statement or with the HETERO statement, this option is replaced
by the STANDARDRESIDUAL option.

STANDARDRESIDUAL plots the standardized residuals.

WHITENOISE plots the white noise probabilities.

RESIDUALHISTOGRAM | RESIDHISTOGRAM plots the histogram of residuals.
NONE suppresses all plots.

In addition, any of the following MODEL statement options can be specified in the PROC AUTOREG
statement, which is equivalent to specifying the option for every MODEL statement: ALL, ARCHT-
EST, BACKSTEP, CENTER, COEF, CONVERGE=, CORRB, COVB, DW=, DWPROB, GINV, ITER,
ITPRINT, MAXITER=, METHOD=, NOINT, NOMISS, NOPRINT, and PARTIAL.
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BY Statement

BY variables ;

A BY statement can be used with PROC AUTOREG to obtain separate analyses on observations in groups
defined by the BY variables.

CLASS Statement (Experimental)
CLASS variables ;

The CLASS statement names the classification variables to be used in the analysis. Classification variables
can be either character or numeric.

In PROC AUTOREG, the CLASS statement enables you to output class variables to a data set that contains
a copy of the original data.

Class levels are determined from the formatted values of the CLASS variables. Thus, you can use formats
to group values into levels. See the discussion of the FORMAT procedure in SAS Language Reference:
Dictionary for details.

MODEL Statement
MODEL dependent = regressors / options ;

The MODEL statement specifies the dependent variable and independent regressor variables for the regres-
sion model. If no independent variables are specified in the MODEL statement, only the mean is fitted.
(This is a way to obtain autocorrelations of a series.)

Models can be given labels of up to eight characters. Model labels are used in the printed output to identify
the results for different models. The model label is specified as follows:

label : MODEL ...;
The following options can be used in the MODEL statement after a slash (/).

CENTER
centers the dependent variable by subtracting its mean and suppresses the intercept parameter from
the model. This option is valid only when the model does not have regressors (explanatory variables).

NOINT
suppresses the intercept parameter.

Autoregressive Error Options

NLAG=number

NLAG=(number-list)
specifies the order of the autoregressive error process or the subset of autoregressive error lags to be
fitted. Note that NLAG=3 is the same as NLAG=(1 2 3). If the NLAG= option is not specified, PROC
AUTOREG does not fit an autoregressive model.



336 4 Chapter 8: The AUTOREG Procedure

GARCH Estimation Options

DIST=value
specifies the distribution assumed for the error term in GARCH-type estimation. If no GARCH=
option is specified, the option is ignored. If EGARCH is specified, the distribution is always the
normal distribution. The values of the DIST= option are as follows:

T specifies Student’s ¢ distribution.
NORMAL specifies the standard normal distribution. The default is DIST=NORMAL.

GARCH=(option-list)
specifies a GARCH-type conditional heteroscedasticity model. The GARCH= option in the MODEL
statement specifies the family of ARCH models to be estimated. The GARCH(1, 1) regression model
is specified in the following statement:

model y = x1 x2 / garch=(g=1,p=1);

When you want to estimate the subset of ARCH terms, such as ARCH(1, 3), you can write the SAS
statement as follows:

model y = x1 x2 / garch=(gq=(1 3));

With the TYPE= option, you can specify various GARCH models. The IGARCH(2, 1) model without
trend in variance is estimated as follows:

model y = / garch=(g=2,p=1, type=inteqg, noint);

The following options can be used in the GARCH=( ) option. The options are listed within parentheses
and separated by commas.

Q=number

Q=(number-list)
specifies the order of the process or the subset of ARCH terms to be fitted.

P=number

P=(number-list)
specifies the order of the process or the subset of GARCH terms to be fitted. If only the P= option is
specified, P= option is ignored and Q=1 is assumed.

TYPE=value
specifies the type of GARCH model. The values of the TYPE= option are as follows:

EXP I EGARCH specifies the exponential GARCH or EGARCH model.
INTEGRATED | IGARCH specifies the integrated GARCH or IGARCH model.
NELSON | NELSONCAO specifies the Nelson-Cao inequality constraints.
NONNEG specifies the GARCH model with nonnegativity constraints.
POWER | PGARCH specifies the power GARCH or PGARCH model.
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QUADR | QUADRATIC | QGARCH specifies the quadratic GARCH or QGARCH model.
STATIONARY  constrains the sum of GARCH coefficients to be less than 1.
THRES | THRESHOLD | TGARCH specifies the threshold GARCH or TGARCH model.

The default is TYPE=NELSON.

MEAN=value
specifies the functional form of the GARCH-M model. The values of the MEAN= option are as
follows:
LINEAR specifies the linear function:
Yt = X;,B + 8ht + &
LOG specifies the log function:
ye =x + 8In(he) + &
SQRT specifies the square root function:
Vi =x;,3+3\/h—,+et
NOINT

suppresses the intercept parameter in the conditional variance model. This option is valid only with
the TYPE=INTEG option.

STARTUP=MSE | ESTIMATE
requests that the positive constant ¢ for the start-up values of the GARCH conditional error variance
process be estimated. By default or if STARTUP=MSE is specified, the value of the mean squared
error is used as the default constant.

TR
uses the trust region method for GARCH estimation. This algorithm is numerically stable, though
computation is expensive. The double quasi-Newton method is the default.

Printing Options

ALL
requests all printing options.

ARCHTEST

ARCHTEST=(option-list)
specifies tests for the absence of ARCH effects. The following options can be used in the ARCHT-
EST=( ) option. The options are listed within parentheses and separated by commas.

QLM | QLMARCH
requests the Q and Engle’s LM tests.
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LK | LKARCH
requests Lee and King’s ARCH tests.

WL | WLARCH
requests Wong and Li’s ARCH tests.

ALL
requests all ARCH tests, namely Q and Engle’s LM tests, Lee and King’s tests, and Wong and
Li’s tests.

If ARCHTEST is defined without additional suboptions, it requests the Q and Engle’s LM tests. That
is,the statement

model return = x1 x2 / archtest;

is equivalent to the statement

model return = x1 x2 / archtest=(qlm);

The following statement requests Lee and King’s tests and Wong and Li’s tests:

model return = / archtest=(lk,wl);

BDS

BDS=(option-list)
specifies Brock-Dechert-Scheinkman (BDS) tests for independence. The following options can be
used in the BDS=( ) option. The options are listed within parentheses and separated by commas.

M=number
specifies the maximum number of the embedding dimension. The BDS tests with embedding
dimension from 2 to M are calculated. M must be an integer between 2 and 20. The default
value of the M= suboption is 20.

D=number
specifies the parameter to determine the radius for BDS test. The BDS test sets up the radius as
r = D x o, where o is the standard deviation of the time series to be tested. By default, D=1.5.

PVALUE=DIST | SIM
specifies the way to calculate the p-values. By default or if PVALUE=DIST is specified, the
p-values are calculated according to the asymptotic distribution of BDS statistics (that is, the
standard normal distribution). Otherwise, for samples of size less than 500, the p-values are
obtained though Monte Carlo simulation.

Z=value
specifies the type of the time series (residuals) to be tested. You can specify the following
values:
Y specifies the regressand.

RO specifies the OLS residuals.
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R specifies the residuals of the final model.
RM specifies the structural residuals of the final model.
SR specifies the standardized residuals of the final model, defined by residuals

over the square root of the conditional variance.

The default is Z=Y.

If BDS is defined without additional suboptions, all suboptions are set as default values. That is, the
following two statements are equivalent:

model return = x1 x2 / nlag=1l BDS;

model return = x1 x2 / nlag=1 BDS=(M=20, D=1.5, PVALUE=DIST, Z=Y);

To do the specification check of a GARCH(1,1) model, you can write the SAS statement as follows:
model return = / garch=(p=1l,q=1) BDS=(Z=SR);

BP (Experimental )

BP=(option-list)
specifies Bai-Perron (BP) tests for multiple structural changes, introduced in Bai and Perron (1998).
You can specify the following options in the BP=( ) option, in parentheses and separated by commas.

EPS=number
specifies the minimum length of regime; that is, if EPS=¢, foranyi,i = 1,.... M, T; — Ti—; >
Te, where T is the sample size; (77...Tps) are the break dates; and 7o = O and Tpr+1 = T.
The default is EPS=0.05.

ETA=number
specifies that the second method is to be used in the calculation of the sup F(I + 1]]) test, and
the minimum length of regime for the new additional break date is (7; — 7;—1)7 if ETA=n and
the new break date is in regime i for the given break dates (77...77). The default value of the
ETA= suboption is the missing value; i.e., the first method is to be used in the calculation of the
supF(l + 1|l) test and, no matter which regime the new break date is in, the minimum length
of regime for the new additional break date is 7¢ when EPS=¢.

HAC<(option-list)>
specifies that the heteroscedasticity- and autocorrelation-consistent estimator be applied in the
estimation of the variance covariance matrix and the confidence intervals of break dates. When
the HAC option is specified, you can specify the following options within parentheses and sep-
arated by commas:

KERNEL=value
specifies the type of kernel function. You can specify the following values:

BARTLETT specifies the Bartlett kernel function.
PARZEN specifies the Parzen kernel function.
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QUADRATICSPECTRAL | QS specifies the quadratic spectral kernel function.
TRUNCATED  specifies the truncated kernel function.
TUKEYHANNING | TUKEY | TH specifies the Tukey-Hanning kernel function.

The default is KERNEL=QUADRATICSPECTRAL.

KERNELLB=number
specifies the lower bound of the kernel weight value. Any kernel weight less than this lower
bound is regarded as zero, which accelerates the calculation for big samples, especially for
the quadratic spectral kernel. The default is KERNELLB=0.

BANDWIDTH=value
specifies the fixed bandwidth value or bandwidth selection method to use in the kernel
function. You can specify the following values:

ANDREWSO91 | ANDREWS specifies the Andrews (1991) bandwidth selection method.

NEWEYWEST94 | NW94 <(C=number)> specifies the Newey and West (1994) band-
width selection method. You can specify the C= option in parentheses
to calculate the lag selection parameter; the default is C=12.

SAMPLESIZE | SS <(option-list)>  specifies that the bandwidth be calculated according
to the following equation, based on the sample size:

b=yT" +c

where b is the bandwidth parameter and T is the sample size, and y, r,
and c are values specified by the following options within parentheses
and separated by commas.

GAMMA=number
specifies the coefficient y in the equation. The default is y = 0.75.

RATE=number
specifies the growth rate r in the equation. The default is r = 0.3333.

CONSTANT=number
specifies the constant ¢ in the equation. The default is ¢ = 0.5.

INT
specifies that the bandwidth parameter must be integer; that is, b =
lyT" + c], where | x| denotes the largest integer less than or equal
to x.

number specifies the fixed value of the bandwidth parameter.

The default is BANDWIDTH=ANDREWS91.

PREWHITENING
specifies that prewhitening is required in the calculation.

In the calculation of the HAC estimator, the adjustment for degrees of freedom is always ap-
plied. See the section “Heteroscedasticity- and Autocorrelation-Consistent Covariance Matrix
Estimator” on page 371 for more information about the HAC estimator.
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HE
specifies that the errors are assumed to have heterogeneous distribution across regimes in the
estimation of covariance matrix.

HO
specifies that €2;s in the calculation of confidence intervals of break dates are different across
regimes.

HQ
specifies that Q;s in the calculation of confidence intervals of break dates are different across
regimes.

HR
specifies that the regressors are assumed to have heterogeneous distribution across regimes in
the estimation of covariance matrix.

M=number

specifies the number of breaks. For a given M, the following tests are to be performed: (1) the
supF tests of no break versus the alternative hypothesis that there are i breaks, i = 1,..., M;
(2) the UDmaxF and WDmaxF double maximum tests of no break versus the alternative
hypothesis that there are unknown number of breaks up to M; and (3) the supF (I + 1|I) tests of
[ versus [ + 1 breaks, / = 0, ..., M. The default is M=5.

NTHREADS=number
specifies the number of threads to be used for parallel computing. The default is the number of
CPUs available.

P=number
specifies the number of covariates that have coefficients unchanged over time in the partial struc-
tural change model. The first P=p independent variables that are specified in the MODEL state-
ment have unchanged coefficients; the rest of the independent variables have coefficients that
change across regimes. The default is P=0; i.e., the pure structural change model is estimated.

PRINTEST=ALL | BIC | LWZ | NONE | SEQ<(number)> | number
specifies in which structural change models the parameter estimates are to be printed. You can
specify the following option values:

ALL specifies that the parameter estimates in all structural change models with m
breaks, m = 0, ..., M, be printed.

BIC specifies that the parameter estimates in the structural change model that min-
imizes the BIC information criterion be printed.

LWZ specifies that the parameter estimates in the structural change model that min-
imizes the LWZ information criterion be printed.

NONE specifies that none of the parameter estimates be printed.

SEQ specifies that the parameter estimates in the structural change model that is
chosen by sequentially applying supF (I + 1|/) tests, [ from O to M, be
printed. If you specify the SEQ option, you can also specify the significance
level in the parentheses, for example, SEQ(0.10). The first / such that the p-
value of sup F (I + 1|]) test is greater than the significance level is selected as
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the number of breaks in the structural change model. By default, the signifi-
cance level 5% is used for the SEQ option; i.e., specifying SEQ is equivalent
to specifying SEQ(0.05).

number specifies that the parameter estimates in the structural change model with the
specified number of breaks be printed. If the specified number is greater than
the number specified in the M= option, none of the parameter estimates are
printed; that is, it is equivalent to specifying the NONE option.

The default is PRINTEST=ALL.

If you define the BP option without additional suboptions, all suboptions are set as default values.
That is, the following two statements are equivalent:

model y zl z2 / BP;

model y = zl1 z2 / BP=(M=5, P=0, EPS=0.05, PRINTEST=ALL);

To apply the HAC estimator with the Bartlett kernel function and print only the parameter estimates
in the structural change model selected by the LWZ information criterion, you can write the SAS
statement as follows:

model y = zl1 z2 / BP=(HAC (KERNEL=BARTLETT), PRINTEST=LWZ);

To specify a partial structural change model, you can write the SAS statement as follows:
model y = x1 x2 x3 z1 z2 / NOINT BP=(P=3);

CHOW=(obs; ...o0bs, )
computes Chow tests to evaluate the stability of the regression coefficient. The Chow test is also
called the analysis-of-variance test.

Each value o0bs; listed on the CHOW= option specifies a break point of the sample. The sample is
divided into parts at the specified break point, with observations before 0bs; in the first part and obs;
and later observations in the second part, and the fits of the model in the two parts are compared to
whether both parts of the sample are consistent with the same model.

The break points obs; refer to observations within the time range of the dependent variable, ignoring
missing values before the start of the dependent series. Thus, CHOW=20 specifies the 20th observa-
tion after the first nonmissing observation for the dependent variable. For example, if the dependent
variable Y contains 10 missing values before the first observation with a nonmissing Y value, then
CHOW=20 actually refers to the 30th observation in the data set.

When you specify the break point, you should note the number of presample missing values.

COEF
prints the transformation coefficients for the first p observations. These coefficients are formed from
a scalar multiplied by the inverse of the Cholesky root of the Toeplitz matrix of autocovariances.
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CORRB
prints the estimated correlations of the parameter estimates.

covB
prints the estimated covariances of the parameter estimates.

COVEST= OP | HESSIAN | QML | HCO | HC1 | HC2 | HC3 | HC4 | HAC<(...)> | NEWEYWEST<(... )>
specifies the type of covariance matrix.

When COVEST=0P is specified, the outer product matrix is used to compute the covariance matrix
of the parameter estimates; by default, COVEST=0P. The COVEST=HESSIAN option produces
the covariance matrix by using the Hessian matrix. The quasi-maximum likelihood estimates are
computed with COVEST=QML, which is equivalent to COVEST=HCO. When the final model is an
OLS or AR error model, COVEST=0OP, HESSIAN, or QML is ignored; the method to calculate the
estimate of covariance matrix is illustrated in the section “Variance Estimates and Standard Errors”
on page 364.

When you specify COVEST=HCn, where n = 0,1, 2,3, 4, the corresponding heteroscedasticity-
consistent covariance matrix estimator (HCCME) is calculated.

The HAC option specifies the heteroscedasticity- and autocorrelation-consistent (HAC) covariance
matrix estimator. When you specify the HAC option, you can specify the following options in paren-
theses and separate them with commas:

KERNEL=value
specifies the type of kernel function. You can specify the following values:

BARTLETT specifies the Bartlett kernel function.

PARZEN specifies the Parzen kernel function.

QUADRATICSPECTRAL | QS specifies the quadratic spectral kernel function.
TRUNCATED  specifies the truncated kernel function.

TUKEYHANNING | TUKEY | TH specifies the Tukey-Hanning kernel function.

The default is KERNEL=QUADRATICSPECTRAL.

KERNELLB=number
specifies the lower bound of the kernel weight value. Any kernel weight less than this lower
bound is regarded as zero, which accelerates the calculation for big samples, especially for the
quadratic spectral kernel. The default is KERNELLB=0.

BANDWIDTH=value
specifies the fixed bandwidth value or bandwidth selection method to use in the kernel function.
You can specify the following values:

ANDREWS91 | ANDREWS specifies the Andrews (1991) bandwidth selection method.

NEWEYWEST9%4 | NW94 <(C=number)> specifies the Newey and West (1994) bandwidth
selection method. You can specify the C= option in the parentheses to calcu-
late the lag selection parameter; the default is C=12.
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SAMPLESIZE | SS <(option-list)>  specifies that the bandwidth be calculated according to the
following equation, based on the sample size:

b=yT" +c¢

where b is the bandwidth parameter and 7 is the sample size, and y, r,
and ¢ are values specified by the following options within parentheses and
separated by commas.

GAMMA=number
specifies the coefficient y in the equation. The default is y = 0.75.

RATE=number
specifies the growth rate r in the equation. The default is r = 0.3333.

CONSTANT=number
specifies the constant ¢ in the equation. The default is ¢ = 0.5.

INT
specifies that the bandwidth parameter must be integer; that is, b =
lLyT" + c], where | x | denotes the largest integer less than or equal to x.

number specifies the fixed value of the bandwidth parameter.

The default is BANDWIDTH=ANDREWS91.

PREWHITENING
specifies that prewhitening is required in the calculation.

ADJUSTDF
specifies that the adjustment for degrees of freedom be required in the calculation.

The COVEST=NEWEYWEST option specifies the well-known Newey-West estimator, a special
HAC estimator with (1) the Bartlett kernel; (2) the bandwidth parameter determined by the equa-
tion based on the sample size, b = |yT" 4+ c¢]; and (3) no adjustment for degrees of free-
dom and no prewhitening. By default the bandwidth parameter for Newey-West estimator is
|_O.75 70-3333 4 O.SJ, as shown in equation (15.17) in Stock and Watson (2002). When you specify
COVEST=NEWEYWEST, you can specify the following options in parentheses and separate them
with commas:

GAMMA= number
specifies the coefficient y in the equation. The default is y = 0.75.

RATE= number
specifies the growth rate r in the equation. The default is » = 0.3333.

CONSTANT= number
specifies the constant ¢ in the equation. The default is ¢ = 0.5.
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The following two statements are equivalent:

x / COVEST=NEWEYWEST;

model y

model y = x / COVEST=HAC (KERNEL=BARTLETT,
BANDWIDTH=SAMPLESIZE (GAMMA=0.75,
RATE=0.3333,
CONSTANT=0.5,
INT));

Another popular sample-size-dependent bandwidth, LTI/ 4+ 1.5J, as mentioned in Newey and West
(1987), can be specified by the following statement:

model y = x / COVEST=NEWEYWEST (GAMMA=1, RATE=0.25, CONSTANT=1.5) ;

See the section “Heteroscedasticity- and Autocorrelation-Consistent Covariance Matrix Estimator”
on page 371 for more information about HCO to HC4, HAC, and Newey-West estimators.

DW=n
prints Durbin-Watson statistics up to the order n. The default is DW=1. When the LAGDEP option is
specified, the Durbin-Watson statistic is not printed unless the DW= option is explicitly specified.

DWPROB
now produces p-values for the generalized Durbin-Watson test statistics for large sample sizes. Previ-
ously, the Durbin-Watson probabilities were calculated only for small sample sizes. The new method
of calculating Durbin-Watson probabilities is based on the algorithm of Ansley, Kohn, and Shively
(1992).

GINV
prints the inverse of the Toeplitz matrix of autocovariances for the Yule-Walker solution. See the
section “Computational Methods” on page 363 later in this chapter for more information.

GODFREY

GODFREY=r
produces Godfrey’s general Lagrange multiplier test against ARMA errors.

ITPRINT
prints the objective function and parameter estimates at each iteration. The objective function is the
full log likelihood function for the maximum likelihood method, while the error sum of squares is
produced as the objective function of unconditional least squares. For the ML method, the ITPRINT
option prints the value of the full log likelihood function, not the concentrated likelihood.

LAGDEP

LAGDV
prints the Durbin ¢ statistic, which is used to detect residual autocorrelation in the presence of lagged
dependent variables. See the section “Generalized Durbin-Watson Tests” on page 392 for details.
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LAGDEP=name

LAGDV=name
prints the Durbin A statistic for testing the presence of first-order autocorrelation when regressors
contain the lagged dependent variable whose name is specified as LAGDEP=name. If the Durbin
h statistic cannot be computed, the asymptotically equivalent ¢ statistic is printed instead. See the
section “Generalized Durbin-Watson Tests” on page 392 for details.

When the regression model contains several lags of the dependent variable, specify the lagged depen-
dent variable for the smallest lag in the LAGDEP= option. For example:

model y = x1 x2 ylag2 ylag3 / lagdep=ylag2;

LOGLIKL
prints the log likelihood value of the regression model, assuming normally distributed errors.

NOPRINT
suppresses all printed output.

NORMAL
specifies the Jarque-Bera’s normality test statistic for regression residuals.

PARTIAL
prints partial autocorrelations.

PCHOW=(o0bs; ...0bs;, )
computes the predictive Chow test. The form of the PCHOW= option is the same as the CHOW=
option; see the discussion of the CHOW= option earlier in this chapter.

RESET
produces Ramsey’s RESET test statistics. The RESET option tests the null model
Ve =% +us

against the alternative

p
Vi =% + Z¢j)7tj + us
Jj=2
where y; is the predicted value from the OLS estimation of the null model. The RESET option
produces three RESET test statistics for p = 2, 3, and 4.

RUNS

RUNS=(Z=value)
specifies the runs test for independence. The Z= suboption specifies the type of the time series or
residuals to be tested. The values of the Z= suboption are as follows:

Y specifies the regressand. The default is Z=Y.

RO specifies the OLS residuals.

R specifies the residuals of the final model.

RM specifies the structural residuals of the final model.

SR specifies the standardized residuals of the final model, defined by residuals over

the square root of the conditional variance.
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STATIONARITY=( ADF)
STATIONARITY=( ADF=( value ... value ) )

STATIONARITY=( KPSS )

STATIONARITY=( KPSS=( KERNEL=type ) )

STATIONARITY=( KPSS=( KERNEL=type TRUNCPOINTMETHOD) )
STATIONARITY=( PHILLIPS )

STATIONARITY=( PHILLIPS=( value ... value ) )

STATIONARITY=( ERS)
STATIONARITY=( ERS=( value ) )
STATIONARITY=( NP)
STATIONARITY=( NP=( value ) )

STATIONARITY=( ADF<=(...)>ERS<=(...)>, KPSS<=(... )>, NP<=(...)>, PHILLIPS<=(...)>)
specifies tests of stationarity or unit roots. The STATIONARITY= option provides Phillips-Perron,
Phillips-Ouliaris, augmented Dickey-Fuller, Engle-Granger, KPSS, Shin, ERS, and NP tests.

The PHILLIPS or PHILLIPS= suboption of the STATIONARITY= option produces the Phillips-
Perron unit root test when there are no regressors in the MODEL statement. When the model includes
regressors, the PHILLIPS option produces the Phillips-Ouliaris cointegration test. The PHILLIPS
option can be abbreviated as PP.

The PHILLIPS option performs the Phillips-Perron test for three null hypothesis cases: zero mean,
smgle mean, and deterministic trend. For each case, the PHILLIPS option computes two test statistics,
Zp and Z (in the original paper they are referred to as Zo and Zt) and reports their p-values. These
test statistics have the same limiting distributions as the corresponding Dickey-Fuller tests.

The three types of the Phillips-Perron unit root test reported by the PHILLIPS option are as follows:

Zero mean computes the Phillips-Perron test statistic based on the zero mean autoregressive
model:

Vi = pYr—1 + Uz

Single mean computes the Phillips-Perron test statistic based on the autoregressive model with
a constant term:

Ve = [+ pYi—1 + Ug

Trend computes the Phillips-Perron test statistic based on the autoregressive model with
constant and time trend terms:

Ve =W+ py—1 + 8t +uy

You can specify several truncation points / for weighted variance estimators by using the
PHILLIPS=(/;...l,) specification. The statistic for each truncation point / is computed as

T
_%Zﬁ + = Zwsl Z Urll—g

i=1 t=s+1
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where wg; = 1 —5/(I + 1) and #; are OLS residuals. If you specify the PHILLIPS option without
specifying truncation points, the default truncation point is max(1, ~/7/5), where T is the number of
observations.

The Phillips-Perron test can be used in general time series models since its limiting distribution is
derived in the context of a class of weakly dependent and heterogeneously distributed data. The
marginal probability for the Phillips-Perron test is computed assuming that error disturbances are
normally distributed.

When there are regressors in the MODEL statement, the PHILLIPS option computes the Phillips-
Ouliaris cointegration test statistic by using the least squares residuals. The normalized cointegrating
vector is estimated using OLS regression. Therefore, the cointegrating vector estimates might vary
with the regressand (normalized element) unless the regression R-square is 1.

The marginal probabilities for comtegratlon testing are not produced. You can refer to Phillips and
Ouliaris (1990) tables Ia—Ic for the Z(, test and tables Ila—IIc for the Z ¢ test. The standard residual-
based cointegration test can be obtained using the NOINT option in the MODEL statement, while the
demeaned test is computed by including the intercept term. To obtain the demeaned and detrended
cointegration tests, you should include the time trend variable in the regressors. Refer to Phillips and
Ouliaris (1990) or Hamilton (1994, Tbl. 19.1) for information about the Phillips-Ouliaris cointegration
test. Note that Hamilton (1994, Tbl. 19.1) uses Z,, and Z; instead of the original Phillips and Ouliaris
(1990) notation. We adopt the notation introduced in Hamilton. To distinguish from Student’s ¢
distribution, these two statistics are named accordingly as p (rho) and t (tau).

The ADF or ADF= suboption produces the augmented Dickey-Fuller unit root test (Dickey and Fuller
1979). As in the Phillips-Perron test, three regression models can be specified for the null hypothesis
for the augmented Dickey-Fuller test (zero mean, single mean, and trend). These models assume that
the disturbances are distributed as white noise. The augmented Dickey-Fuller test can account for the
serial correlation between the disturbances in some way. The model, with the time trend specification
for example, is

Yo =p+pyi—1+ 80+ yiAyp1 4+ ...+ ypAyi—p +us

This formulation has the advantage that it can accommodate higher-order autoregressive processes
in u;. The test statistic follows the same distribution as the Dickey-Fuller test statistic. For more
information, see the section “PROBDF Function for Dickey-Fuller Tests” on page 157.

In the presence of regressors, the ADF option tests the cointegration relation between the dependent
variable and the regressors. Following Engle and Granger (1987), a two-step estimation and testing
procedure is carried out, in a fashion similar to the Phillips-Ouliaris test. The OLS residuals of the
regression in the MODEL statement are used to compute the ¢ statistic of the augmented Dickey-
Fuller regression in a second step. Three cases arise based on which type of deterministic terms are
included in the first step of regression. Only the constant term and linear trend cases are practically
useful (Davidson and MacKinnon 1993, page 721), and therefore are computed and reported. The
test statistic, as shown in Phillips and Ouliaris (1990), follows the same distribution as the Z ¢ statistic
in the Phillips-Ouliaris cointegration test. The asymptotic distribution is tabulated in tables Ila—Ilc of
Phillips and Ouliaris (1990), and the finite sample distribution is obtained in Table 2 and Table 3 in
Engle and Yoo (1987) by Monte Carlo simulation.

The ERS or ERS= suboption and the NP or NP= suboption provide a class of efficient unit root tests,
because they reduce the size distortion and improve the power compared with traditional unit root tests
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such as the augmented Dickey-Fuller and Phillips-Perron tests. Two test statistics are reported with the
ERS= suboption: the point optimal test and the DF-GLS test, which are originally proposed in Elliott,
Rothenberg, and Stock (1996). Elliott, Rothenberg, and Stock suggest using the Schwarz Bayesian
information criterion to select the optimal lag length in the augmented Dickey-Fuller regression. The
maximum lag length can be specified by the ERS= suboption. The minimum lag length is 3 and the
default maximum lag length is 8. Six tests, namely M Zy, MSB, M Z;, the modified point optimal
test, the point optimal test, and the DF-GLS test, discussed in Ng and Perron (2001), are reported with
the NP= suboption. Ng and Perron suggest using the modified AIC to select the optimal lag length in
the augmented Dickey-Fuller regression by using GLS detrended data. The maximum lag length can
be specified by the NP= suboption. The default maximum lag length is 8. The maximum lag length
in the ERS tests and Ng-Perron tests cannot exceed 7/2 — 2, where T is the sample size.

The KPSS, KPSS=(KERNEL=TYPE), or KPSS=(KERNEL=TYPE TRUNCPOINTMETHOD)
specifications of the STATIONARITY= option produce the Kwiatkowski, Phillips, Schmidt, and Shin
(1992) (KPSS) unit root test or Shin (1994) cointegration test.

Unlike the null hypothesis of the Dickey-Fuller and Phillips-Perron tests, the null hypothesis of the
KPSS states that the time series is stationary. As a result, it tends to reject a random walk more
often. If the model does not have an intercept, the KPSS option performs the KPSS test for three
null hypothesis cases: zero mean, single mean, and deterministic trend. Otherwise, it reports the
single mean and deterministic trend only. It computes a test statistic and provides tabulated critical
values (Hobijn, Franses, and Ooms 2004) for the hypothesis that the random walk component of the
time series is equal to zero in the following cases (for more information, see “Kwiatkowski, Phillips,
Schmidt, and Shin (KPSS) Unit Root Test and Shin Cointegration Test” on page 387):

Zero mean computes the KPSS test statistic based on the zero mean autoregressive model.
Ve = Uz
Single mean computes the KPSS test statistic based on the autoregressive model with a constant
term.
Ve =M1+ U
Trend computes the KPSS test statistic based on the autoregressive model with constant

and time trend terms.
Ve =+ 8t +uy

This test depends on the long-run variance of the series being defined as

T

oF; = - i; + Zwsl Z Urt—s

1—1 t=s+1

where wy; is a kernel, s is a maximum lag (truncation point), and #; are OLS residuals or original
data series. You can specify two types of the kernel:

KERNEL=NW | BART Newey-West (or Bartlett) kernel

w(s,l)y=1-—

[ +1
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KERNEL=QS Quadratic spectral kernel

25 sin (67rx/5)
l) = = — 6 5
w(s/l) = w(x) 1m0 ( 6x/5 cos (6rx/ ))

You can set the truncation point / by using three different methods:
SCHW=c Schwert maximum lag formula

T\ /4

| =max{1,floor|c|—

100
LAG=! LAG=! manually defined number of lags.
AUTO Automatic bandwidth selection (Hobijn, Franses, and Ooms 2004) (for details,

see “Kwiatkowski, Phillips, Schmidt, and Shin (KPSS) Unit Root Test and Shin
Cointegration Test” on page 387).

If STATIONARITY=KPSS is defined without additional parameters, the Newey-West kernel is used.
For the Newey-West kernel the default is the Schwert truncation point method with ¢ = 12. For the
quadratic spectral kernel the default is AUTO.

The KPSS test can be used in general time series models because its limiting distribution is derived
in the context of a class of weakly dependent and heterogeneously distributed data. The limiting
probability for the KPSS test is computed assuming that error disturbances are normally distributed.
The p-values that are reported are based on the simulation of the limiting probability for the KPSS
test.

To test for stationarity of a variable, y, by using default KERNEL=NW and SCHW= 12, you can use
the following statements:

/*—— test for stationarity of regression residuals —--x/
proc autoreg data=a;

model y= / stationarity = (KPSS);
run;

To test for stationarity of a variable, y, by using quadratic spectral kernel and automatic bandwidth
selection, you can use the following statements:

/*—— test for stationarity using quadratic
spectral kernel and automatic bandwidth selection —-x/
proc autoreg data=a;

model y= /
stationarity = (KPSS=(KERNEL=QS AUTO)) ;
run;

If there are regressors in the MODEL statement except for the intercept, the Shin (1994) cointegration
test, an extension of the KPSS test, is carried out. The limiting distribution of the tests, and then the
reported p-values, are different from those in the KPSS tests. See “Kwiatkowski, Phillips, Schmidt,
and Shin (KPSS) Unit Root Test and Shin Cointegration Test” on page 387 for more information.
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TP

TP= (Z: va/ue)
specifies the turning point test for independence. The Z= suboption specifies the type of the time
series or residuals to be tested. You can specify the following values:

Y specifies the regressand. The default is Z=Y.

RO specifies the OLS residuals.

R specifies the residuals of the final model.

RM specifies the structural residuals of the final model.

SR specifies the standardized residuals of the final model, defined by residuals over

the square root of the conditional variance.

URSQ
prints the uncentered regression R2. The uncentered regression R? is useful to compute Lagrange
multiplier test statistics, since most LM test statistics are computed as 7" *URSQ, where T is the
number of observations used in estimation.

VNRRANK

VNRRANKZ=(option-list)
specifies the rank version of the von Neumann ratio test for independence. You can specify the fol-
lowing options in the VNRRANK=( ) option. The options are listed within parentheses and separated
by commas.

PVALUE=DIST | SIM
specifies the way to calculate the p-value. By default or if PVALUE=DIST is specified, the p-
value is calculated according to the asymptotic distribution of the statistic (that is, the standard
normal distribution). Otherwise, for samples of size less than 100, the p-value is obtained though
Monte Carlo simulation.

‘ Va/:;eciﬁes the type of the time series or residuals to be tested. You can specify the following
values:
Y specifies the regressand.
RO specifies the OLS residuals.
R specifies the residuals of the final model.
RM specifies the structural residuals of the final model.
SR specifies the standardized residuals of the final model, defined by residuals

over the square root of the conditional variance.

The default is Z=Y.
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Stepwise Selection Options

BACKSTEP
removes insignificant autoregressive parameters. The parameters are removed in order of least sig-
nificance. This backward elimination is done only once on the Yule-Walker estimates computed after
the initial ordinary least squares estimation. The BACKSTEP option can be used with all estima-
tion methods since the initial parameter values for other estimation methods are estimated using the
Yule-Walker method.

SLSTAY=value
specifies the significance level criterion to be used by the BACKSTEP option. The default is
SLSTAY=.05.

Estimation Control Options

CONVERGE=value
specifies the convergence criterion. If the maximum absolute value of the change in the autoregressive
parameter estimates between iterations is less than this amount, then convergence is assumed. The
default is CONVERGE=.001.

If the GARCH= option and/or the HETERO statement is specified, convergence is assumed when the
absolute maximum gradient is smaller than the value specified by the CONVERGE= option or when
the relative gradient is smaller than 1E-8. By default, CONVERGE=1E-5.

INITIAL=( initial-values )

START=( initial-values )
specifies initial values for some or all of the parameter estimates. The values specified are assigned to
model parameters in the same order as the parameter estimates are printed in the AUTOREG proce-
dure output. The order of values in the INITIAL= or START= option is as follows: the intercept, the
regressor coefficients, the autoregressive parameters, the ARCH parameters, the GARCH parameters,
the inverted degrees of freedom for Student’s ¢ distribution, the start-up value for conditional variance,
and the heteroscedasticity model parameters 7 specified by the HETERO statement.

The following is an example of specifying initial values for an AR(1)-GARCH(1, 1) model with
regressors X1 and X2:

/*—— specifying initial values —-%/
model y = w x / nlag=1l garch=(p=1,g=1)
initial=(1 11 .5 .8 .1 .6);

The model specified by this MODEL statement is
Yt = Bo + Prws + Bax; + vy
Vp = € — Prvi—1
€ = v hte,
h: = o+ 0616,2_1 + y1hi—1
& N(0.07)

The initial values for the regression parameters, INTERCEPT (f), X1 (81), and X2 (8>), are spec-
ified as 1. The initial value of the AR(1) coefficient (¢1) is specified as 0.5. The initial value of
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ARCHO () is 0.8, the initial value of ARCHI (1) is 0.1, and the initial value of GARCHI1 (yy) is
0.6.

When you use the RESTRICT statement, the initial values specified by the INITIAL= option should
satisfy the restrictions specified for the parameter estimates. If they do not, the initial values you
specify are adjusted to satisfy the restrictions.

LDW
specifies that p-values for the Durbin-Watson test be computed using a linearized approximation of
the design matrix when the model is nonlinear due to the presence of an autoregressive error process.
(The Durbin-Watson tests of the OLS linear regression model residuals are not affected by the LDW
option.) Refer to White (1992) for Durbin-Watson testing of nonlinear models.

MAXITER=number
sets the maximum number of iterations allowed. The default is MAXITER=50. When GARCH=
option in the MODEL statement and the MAXITER= option in the NLOPTIONS statement are both
specified, this MAXITER= option in the MODEL statement is ignored.

METHOD=value
requests the type of estimates to be computed. The values of the METHOD= option are as follows:

METHOD=ML specifies maximum likelihood estimates.
METHOD=ULS specifies unconditional least squares estimates.
METHOD=YW specifies Yule-Walker estimates.
METHOD=ITYW specifies iterative Yule-Walker estimates.

If the GARCH= or LAGDEP option is specified, the default is METHOD=ML. Otherwise, the default
is METHOD=YW.

NOMISS
requests the estimation to the first contiguous sequence of data with no missing values. Otherwise, all
complete observations are used.

OPTMETHOD=QN | TR
specifies the optimization technique when the GARCH or heteroscedasticity model is estimated. The
OPTMETHOD=QN option specifies the quasi-Newton method. The OPTMETHOD=TR option spec-
ifies the trust region method. The default is OPTMETHOD=QN.

HETERO Statement
HETERO variables / options ;

The HETERO statement specifies variables that are related to the heteroscedasticity of the residuals and the
way these variables are used to model the error variance of the regression.

The heteroscedastic regression model supported by the HETERO statement is

Ve =%B+e



354 4 Chapter 8: The AUTOREG Procedure

€ ~ N(O, Otz)
o’ = o’hy

hy = Z(Z,t n)

The HETERO statement specifies a model for the conditional variance /;. The vector z; is composed of the
variables listed in the HETERO statement, 7 is a parameter vector, and /(-) is a link function that depends
on the value of the LINK= option. In the printed output, H ET0 represents the estimate of sigma, while
HETI1 - HETn are the estimates of parameters in the » vector.

The keyword XBETA can be used in the variables list to refer to the model predicted value x'; 8. If XBETA
is specified in the variables list, other variables in the HETERO statement will be ignored. In addition,
XBETA cannot be specified in the GARCH process.

For heteroscedastic regression models without GARCH effects, the errors €; are assumed to be uncorre-
lated — the heteroscedasticity models specified by the HETERO statement cannot be combined with an
autoregressive model for the errors. Thus, when a HETERO statement is used, the NLAG= option cannot
be specified unless the GARCH= option is also specified.

You can specify the following options in the HETERO statement.

LINK=value
specifies the functional form of the heteroscedasticity model. By default, LINK=EXP. If you specify a
GARCH model with the HETERO statement, the model is estimated using LINK= LINEAR only. For
details, see the section “Using the HETERO Statement with GARCH Models” on page 368. Values
of the LINK= option are as follows:

EXP specifies the exponential link function. The following model is estimated when
you specify LINK=EXP:
hy = exp(z'tn)
SQUARE specifies the square link function. The following model is estimated when you
specify LINK=SQUARE:
he = (147m)°
LINEAR specifies the linear function; that is, the HETERO statement variables predict

the error variance linearly. The following model is estimated when you specify
LINK=LINEAR:

he = (1+12'¢n)

COEF=value
imposes constraints on the estimated parameters 7 of the heteroscedasticity model. You can specify
the following values:

NONNEG specifies that the estimated heteroscedasticity parameters 7 must be nonnegative.
UNIT constrains all heteroscedasticity parameters 7 to equal 1.

ZERO constrains all heteroscedasticity parameters 7 to equal 0.

UNREST specifies unrestricted estimation of 7.

If you specify the GARCH= option in the MODEL statement, the default is COEF=NONNEG. If you
do not specify the GARCH= option in the MODEL statement, the default is COEF=UNREST.
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STD=value
imposes constraints on the estimated standard deviation o of the heteroscedasticity model. You can
specify the following values:

NONNEG specifies that the estimated standard deviation parameter o must be nonnegative.
UNIT constrains the standard deviation parameter o to equal 1.
UNREST specifies unrestricted estimation of o.

The default is STD=UNREST.

TEST=LM
produces a Lagrange multiplier test for heteroscedasticity. The null hypothesis is homoscedasticity;
the alternative hypothesis is heteroscedasticity of the form specified by the HETERO statement. The
power of the test depends on the variables specified in the HETERO statement.

The test may give different results depending on the functional form specified by the LINK= option.
However, in many cases the test does not depend on the LINK= option. The test is invariant to the
form of h; when h;(0) = 1 and /;(0) # 0. (The condition h;(0) = 1 is satisfied except when the
NOCONST option is specified with LINK=SQUARE or LINK=LINEAR.)

NOCONST
specifies that the heteroscedasticity model does not include the unit term for the LINK=SQUARE

and LINK=LINEAR options. For example, the following model is estimated when you specify the
options LINK=SQUARE NOCONST:

hy = (Z/t 77)2

NLOPTIONS Statement
NLOPTIONS < options > ;

PROC AUTOREG uses the nonlinear optimization (NLO) subsystem to perform nonlinear optimization
tasks when the GARCH= option is specified. If the GARCH= option is not specified, the NLOPTIONS
statement is ignored. For a list of all the options of the NLOPTIONS statement, see Chapter 6, “Nonlinear
Optimization Methods.”

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

The OUTPUT statement creates an output SAS data set as specified by the following options.

OUT=SAS-data-set
names the output SAS data set to contain the predicted and transformed values. If the OUT= option
is not specified, the new data set is named according to the DATAn convention.

You can specify any of the following options.
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ALPHACLI=number
sets the confidence limit size for the estimates of future values of the response time series. The
ALPHACLI= value must be between 0 and 1. The resulting confidence interval has 1-number confi-
dence. The default is ALPHACLI=0.05, which corresponds to a 95% confidence interval.

ALPHACLM=number
sets the confidence limit size for the estimates of the structural or regression part of the model. The
ALPHACLI= value must be between 0 and 1. The resulting confidence interval has 1-number confi-
dence. The default is ALPHACLM=0.05, which corresponds to a 95% confidence interval.

ALPHACSM=0.01 | 0.05| 0.10
specifies the significance level for the upper and lower bounds of the CUSUM and CUSUMSAQ statis-
tics output by the CUSUMLB=, CUSUMUB=, CUSUMSQLB=, and CUSUMSQUB= options. The
significance level specified by the ALPHACSM-= option can be 0.01, 0.05, or 0.10. Other values are
not supported.

You can specify the following values for keyword=name, where keyword specifies the statistic to include in
the output data set and name gives the name of the variable in the OUT= data set to contain the statistic.

BLUS=variable
specifies the name of a variable to contain the values of the Theil’s BLUS residuals. Refer to Theil
(1971) for more information on BLUS residuals.

CEV=variable

HT=variable
writes to the output data set the value of the error variance o2 from the heteroscedasticity model
specified by the HETERO statement or the value of the conditional error variance /; by the GARCH=
option in the MODEL statement.

CPEV=variable
writes the conditional prediction error variance to the output data set. The value of conditional predic-
tion error variance is equal to that of the conditional error variance when there are no autoregressive
parameters. See the section “Predicted Values” on page 401 for details.

CONSTANT=variable
writes the transformed intercept to the output data set. The details of the transformation are described
in “Computational Methods” on page 363.

CUSUM=variable
specifies the name of a variable to contain the CUSUM statistics.

CUSUMSQ-=variable
specifies the name of a variable to contain the CUSUMSAQ statistics.

CUSUMUB-=variable
specifies the name of a variable to contain the upper confidence bound for the CUSUM statistic.

CUSUMLB=variable
specifies the name of a variable to contain the lower confidence bound for the CUSUM statistic.
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CUSUMSQUB=variable
specifies the name of a variable to contain the upper confidence bound for the CUSUMSAQ statistic.

CUSUMSQLB=variable
specifies the name of a variable to contain the lower confidence bound for the CUSUMSAQ statistic.

LCL=name
writes the lower confidence limit for the predicted value (specified in the PREDICTED= option) to
the output data set. The size of the confidence interval is set by the ALPHACLI= option. See the
section “Predicted Values” on page 401 for details.

LCLM=name
writes the lower confidence limit for the structural predicted value (specified in the PREDICTEDM=

option) to the output data set under the name given. The size of the confidence interval is set by the
ALPHACLM= option.

PREDICTED=name

P=name
writes the predicted values to the output data set. These values are formed from both the structural
and autoregressive parts of the model. See the section “Predicted Values” on page 401 for details.

PREDICTEDM=name

PM=name
writes the structural predicted values to the output data set. These values are formed from only the
structural part of the model. See the section “Predicted Values” on page 401 for details.

RECPEV=zvariable
specifies the name of a variable to contain the part of the predictive error variance (v;) that is used to
compute the recursive residuals.

RECRES=variable
specifies the name of a variable to contain recursive residuals. The recursive residuals are used to
compute the CUSUM and CUSUMSAQ statistics.

RESIDUAL=name

R=name
writes the residuals from the predicted values based on both the structural and time series parts of the
model to the output data set.

RESIDUALM=name

RM=name
writes the residuals from the structural prediction to the output data set.

TRANSFORM=variables
transforms the specified variables from the input data set by the autoregressive model and writes
the transformed variables to the output data set. The details of the transformation are described in
“Computational Methods” on page 363. If you need to reproduce the data suitable for reestimation,

you must also transform an intercept variable. To do this, transform a variable that is all 1s or use the
CONSTANT= option.
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UCL=name
writes the upper confidence limit for the predicted value (specified in the PREDICTED= option) to
the output data set. The size of the confidence interval is set by the ALPHACLI= option. See the
section “Predicted Values” on page 401 for details.

UCLM=name
writes the upper confidence limit for the structural predicted value (specified in the PREDICTEDM=
option) to the output data set. The size of the confidence interval is set by the ALPHACLM-= option.

RESTRICT Statement
RESTRICT equation, ..., equation ;

The RESTRICT statement provides constrained estimation and places restrictions on the parameter esti-
mates for covariates in the preceding MODEL statement. The AR, GARCH, and HETERO parameters are
also supported in the RESTRICT statement. Any number of RESTRICT statements can follow a MODEL
statement. Several restrictions can be specified in a single RESTRICT statement by separating the individual
restrictions with commas.

Each restriction is written as a linear equation composed of constants and parameter names. Refer to model
parameters by the name of the corresponding regressor variable. Each name used in the equation must
be a regressor in the preceding MODEL statement. Use the keyword INTERCEPT to refer to the inter-
cept parameter in the model. See the section “OUTEST= Data Set” on page 405 for the names of these
parameters.

The following is an example of a RESTRICT statement:

model y = a b ¢ d;
restrict a+b=0, 2xd-c=0;

When restricting a linear combination of parameters to be 0, you can omit the equal sign. For example, the
following RESTRICT statement is equivalent to the preceding example:

restrict a+b, 2xd-c;
The following RESTRICT statement constrains the parameters estimates for three regressors (X1, X2, and
X3) to be equal:

restrict x1 = x2, x2 = x3;

The preceding restriction can be abbreviated as follows:

restrict x1 = x2 = x3;

The following example shows how to specify AR, GARCH, and HETERO parameters in the RESTRICT
statement:

model y = a b / nlag=2 garch=(p=2,g=3,mean=sqrt) ;
hetero c d;
restrict _A 1=0,_AH 2=0.2, HET 2=1, DELTA =0.1;

Only simple linear combinations of parameters can be specified in RESTRICT statement expressions; com-
plex expressions that involve parentheses, division, functions, or complex products are not allowed.
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TEST Statement

The AUTOREG procedure supports a TEST statement for linear hypothesis tests. The syntax of the TEST
statement is

TEST equation, ..., equation / option ;

The TEST statement tests hypotheses about the covariates in the model that are estimated by the preceding
MODEL statement. The AR, GARCH, and HETERO parameters are also supported in the TEST statement.
Each equation specifies a linear hypothesis to be tested. If more than one equation is specified, the equations
are separated by commas.

Each test is written as a linear equation composed of constants and parameter names. Refer to parameters
by the name of the corresponding regressor variable. Each name used in the equation must be a regressor in
the preceding MODEL statement. Use the keyword INTERCEPT to refer to the intercept parameter in the
model. See the section “OUTEST= Data Set” on page 405 for the names of these parameters.

You can specify the following options in the TEST statement:

TYPE=value

specifies the test statistics to use. The default is TYPE=F. The following values for TYPE= option are

available:

F produces an F test. This option is supported for all models specified in MODEL
statement.

WALD produces a Wald test. This option is supported for all models specified in MODEL
statement.

LM produces a Lagrange multiplier test. This option is supported only when the

GARCH= option is specified (for example, when there is a statement like MODEL
Y =C D I/ GARCH=(Q=2)).

LR produces a likelihood ratio test. This option is supported only when the GARCH=
option is specified (for example, when there is a statement like MODEL Y =C D
1/ GARCH=(Q=2)).

ALL produces all tests applicable for a particular model. For non-GARCH-type models,
only F and Wald tests are output. For all other models, all four tests (LR, LM, F,
and Wald) are computed.

The following example of a TEST statement tests the hypothesis that the coefficients of two regressors A
and B are equal:

model y = a b ¢ d;
test a = b;

To test separate null hypotheses, use separate TEST statements. To test a joint hypothesis, specify the
component hypotheses on the same TEST statement, separated by commas.

For example, consider the following linear model:

ye = Bo + B1x1l; + B2ax2; + €

The following statements test the two hypotheses Hy : o = 1 and Hy : 1 + B2 = O:
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model y = x1 x2;
test intercept = 1;
test x1 + x2 = 0;

The following statements test the joint hypothesis Hy : o = 1 and 81 4+ B2 = 0:

model y = x1 x2;
test intercept = 1, x1 + x2 = 0;

To illustrate the TYPE= option, consider the following examples.

model Y = C D I / garch=(g=2);
test C + D = 1;

The preceding statements produce only one default test, the F' test.

model Y = C D I / garch=(g=2);
test C + D =1 / type = LR;

The preceding statements produce one of four tests applicable for GARCH-type models, the likelihood ratio
test.

model Y = C D I / nlag = 2;
test C+ D =1/ type = LM;

The preceding statements produce the warning and do not output any test because the Lagrange multiplier
test is not applicable for non-GARCH models.

model Y = C D I / nlag=2;
test C + D =1 / type = ALL;

The preceding statements produce all tests that are applicable for non-GARCH models (namely, the F and
Wald tests). The TYPE= prefix is optional. Thus the test statement in the previous example could also have
been written as:

test C + D =1 / ALL;

The following example shows how to test AR, GARCH, and HETERO parameters:

model y = a b / nlag=2 garch=(p=2,g=3,mean=sqgrt) ;
hetero c d;
test _A 1=0,_AH 2=0.2,_HET 2=1, DELTA =0.1;

Details: AUTOREG Procedure

Missing Values

PROC AUTOREG skips any missing values at the beginning of the data set. If the NOMISS option is
specified, the first contiguous set of data with no missing values is used; otherwise, all data with nonmissing
values for the independent and dependent variables are used. Note, however, that the observations containing
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missing values are still needed to maintain the correct spacing in the time series. PROC AUTOREG can
generate predicted values when the dependent variable is missing.

Autoregressive Error Model

The regression model with autocorrelated disturbances is as follows:

yi =%+
Vr = € —@QP1Vi—1 — ... — PmVt—m
€ N(0,02)

In these equations, y; are the dependent values, x; is a column vector of regressor variables, 8 is a column
vector of structural parameters, and ¢; is normally and independently distributed with a mean of 0 and a
variance of 2. Note that in this parameterization, the signs of the autoregressive parameters are reversed
from the parameterization documented in most of the literature.

PROC AUTOREG offers four estimation methods for the autoregressive error model. The default method,
Yule-Walker (YW) estimation, is the fastest computationally. The Yule-Walker method used by PROC
AUTORERG is described in Gallant and Goebel (1976). Harvey (1981) calls this method the two-step full
transform method. The other methods are iterated YW, unconditional least squares (ULS), and maximum
likelihood (ML). The ULS method is also referred to as nonlinear least squares (NLS) or exact least squares
(ELS).

You can use all of the methods with data containing missing values, but you should use ML estimation if the
missing values are plentiful. See the section “Alternative Autocorrelation Correction Methods” on page 364
later in this chapter for further discussion of the advantages of different methods.

The Yule-Walker Method

Let ¢ represent the vector of autoregressive parameters,

0 =(01.02,.. . 0m)

and let the variance matrix of the error vector v = (vy,...,vy) be X,

EW') =X =02V

If the vector of autoregressive parameters ¢ is known, the matrix V can be computed from the autoregressive
parameters. X is then 62V. Given X, the efficient estimates of regression parameters 8 can be computed
using generalized least squares (GLS). The GLS estimates then yield the unbiased estimate of the variance

o2,

The Yule-Walker method alternates estimation of B using generalized least squares with estimation of ¢
using the Yule-Walker equations applied to the sample autocorrelation function. The YW method starts
by forming the OLS estimate of . Next, ¢ is estimated from the sample autocorrelation function of the
OLS residuals by using the Yule-Walker equations. Then V is estimated from the estimate of ¢, and X
is estimated from V and the OLS estimate of 02. The autocorrelation corrected estimates of the regres-
sion parameters 8 are then computed by GLS, using the estimated X matrix. These are the Yule-Walker
estimates.
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If the ITER option is specified, the Yule-Walker residuals are used to form a new sample autocorrelation
function, the new autocorrelation function is used to form a new estimate of ¢ and V, and the GLS estimates
are recomputed using the new variance matrix. This alternation of estimates continues until either the
maximum change in the ¢ estimate between iterations is less than the value specified by the CONVERGE=
option or the maximum number of allowed iterations is reached. This produces the iterated Yule-Walker
estimates. Iteration of the estimates may not yield much improvement.

The Yule-Walker equations, solved to obtain ¢ and a preliminary estimate of o2, are

Rp =-r

Here r = (ry,...,rm)’, where r; is the lag i sample autocorrelation. The matrix R is the Toeplitz matrix
whose i,jth element is r|;_ ;. If you specify a subset model, then only the rows and columns of R and r
corresponding to the subset of lags specified are used.

If the BACKSTEP option is specified, for purposes of significance testing, the matrix [R r] is treated as a
sum-of-squares-and-crossproducts matrix arising from a simple regression with N — k observations, where
k is the number of estimated parameters.

The Unconditional Least Squares and Maximum Likelihood Methods
Define the transformed error, e, as
e=L"'n
where n =y — Xf8.
The unconditional sum of squares for the model, S, is
S=n'Vin=~¢e
The ULS estimates are computed by minimizing S with respect to the parameters 8 and ¢;.

The full log likelihood function for the autoregressive error model is

S

N N o,

where |V| denotes determinant of V. For the ML method, the likelihood function is maximized by mini-
mizing an equivalent sum-of-squares function.
Maximizing [ with respect to o2 (and concentrating o2 out of the likelihood) and dropping the constant term
—%111(271) + 1 — In(N) produces the concentrated log likelihood function
N
le = == In(S|V|'™)

Rewriting the variable term within the logarithm gives

Sm1 = [LIVVele|L) N

PROC AUTOREG computes the ML estimates by minimizing the objective function S,,; = |L| UN o e|L| N,

The maximum likelihood estimates may not exist for some data sets (Anderson and Mentz 1980). This is
the case for very regular data sets, such as an exact linear trend.
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Computational Methods

Sample Autocorrelation Function

The sample autocorrelation function is computed from the structural residuals or noise ny = y; — x}b,
where b is the current estimate of 8. The sample autocorrelation function is the sum of all available lagged
products of n; of order j divided by £ + j, where £ is the number of such products.

If there are no missing values, then £ + j = N, the number of observations. In this case, the Toeplitz matrix
of autocorrelations, R, is at least positive semidefinite. If there are missing values, these autocorrelation
estimates of r can yield an R matrix that is not positive semidefinite. If such estimates occur, a warning
message is printed, and the estimates are tapered by exponentially declining weights until R is positive
definite.

Data Transformation and the Kalman Filter

The calculation of V from ¢ for the general AR (m) model is complicated, and the size of V depends on the
number of observations. Instead of actually calculating V and performing GLS in the usual way, in practice
a Kalman filter algorithm is used to transform the data and compute the GLS results through a recursive
process.

In all of the estimation methods, the original data are transformed by the inverse of the Cholesky root of V.
Let L denote the Cholesky root of V — that is, V = LL’ with L lower triangular. For an AR(m) model,
L~! is a band diagonal matrix with m anomalous rows at the beginning and the autoregressive parameters
along the remaining rows. Thus, if there are no missing values, after the first m — 1 observations the data
are transformed as

Zt =Xt FP1X—1+ ...+ OmXe—m

The transformation is carried out using a Kalman filter, and the lower triangular matrix L is never directly
computed. The Kalman filter algorithm, as it applies here, is described in Harvey and Phillips (1979) and
Jones (1980). Although L is not computed explicitly, for ease of presentation the remaining discussion is
in terms of L. If there are missing values, then the submatrix of L consisting of the rows and columns with
nonmissing values is used to generate the transformations.

Gauss-Newton Algorithms

The ULS and ML estimates employ a Gauss-Newton algorithm to minimize the sum of squares and max-
imize the log likelihood, respectively. The relevant optimization is performed simultaneously for both the
regression and AR parameters. The OLS estimates of 8 and the Yule-Walker estimates of ¢ are used as
starting values for these methods.

The Gauss-Newton algorithm requires the derivatives of e or |L| N e with respect to the parameters. The
derivatives with respect to the parameter vector 8 are

de

— =-L7'X

B’

IL 1/N

- a!ﬁ—/ © = —VLix

These derivatives are computed by the transformation described previously. The derivatives with respect to
¢ are computed by differentiating the Kalman filter recurrences and the equations for the initial conditions.
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Variance Estimates and Standard Errors

For the Yule-Walker method, the estimate of the error variance, s2, is the error sum of squares from the last
application of GLS, divided by the error degrees of freedom (number of observations N minus the number
of free parameters).

The variance-covariance matrix for the components of b is taken as s>(X’V~!X)™! for the Yule-Walker
method. For the ULS and ML methods, the variance-covariance matrix of the parameter estimates is com-
puted as s2(J'J)~!. For the ULS method, J is the matrix of derivatives of e with respect to the parameters.
For the ML method, J is the matrix of derivatives of |L|'/Ve divided by |L|”/". The estimate of the
variance-covariance matrix of b assuming that ¢ is known is s2(X’V~1X)~!. For OLS model, the estimate
of the variance-covariance matrix is s2(X'X) L.

Park and Mitchell (1980) investigated the small sample performance of the standard error estimates obtained
from some of these methods. In particular, simulating an AR(1) model for the noise term, they found that
the standard errors calculated using GLS with an estimated autoregressive parameter underestimated the
true standard errors. These estimates of standard errors are the ones calculated by PROC AUTOREG with
the Yule-Walker method.

The estimates of the standard errors calculated with the ULS or ML method take into account the joint
estimation of the AR and the regression parameters and may give more accurate standard-error values than
the YW method. At the same values of the autoregressive parameters, the ULS and ML standard errors
will always be larger than those computed from Yule-Walker. However, simulations of the models used by
Park and Mitchell (1980) suggest that the ULS and ML standard error estimates can also be underestimates.
Caution is advised, especially when the estimated autocorrelation is high and the sample size is small.

High autocorrelation in the residuals is a symptom of lack of fit. An autoregressive error model should not
be used as a nostrum for models that simply do not fit. It is often the case that time series variables tend to
move as a random walk. This means that an AR(1) process with a parameter near one absorbs a great deal
of the variation. See Example 8.3, which fits a linear trend to a sine wave.

For ULS or ML estimation, the joint variance-covariance matrix of all the regression and autoregression
parameters is computed. For the Yule-Walker method, the variance-covariance matrix is computed only for
the regression parameters.

Lagged Dependent Variables

The Yule-Walker estimation method is not directly appropriate for estimating models that include lagged
dependent variables among the regressors. Therefore, the maximum likelihood method is the default when
the LAGDEP or LAGDEP= option is specified in the MODEL statement. However, when lagged dependent
variables are used, the maximum likelihood estimator is not exact maximum likelihood but is conditional
on the first few values of the dependent variable.

Alternative Autocorrelation Correction Methods

Autocorrelation correction in regression analysis has a long history, and various approaches have been
suggested. Moreover, the same method may be referred to by different names.

Pioneering work in the field was done by Cochrane and Orcutt (1949). The Cochrane-Orcutt method refers
to a more primitive version of the Yule-Walker method that drops the first observation. The Cochrane-Orcutt
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method is like the Yule-Walker method for first-order autoregression, except that the Yule-Walker method
retains information from the first observation. The iterative Cochrane-Orcutt method is also in use.

The Yule-Walker method used by PROC AUTOREG is also known by other names. Harvey (1981) refers to
the Yule-Walker method as the two-step full transform method. The Yule-Walker method can be considered
as generalized least squares using the OLS residuals to estimate the covariances across observations, and
Judge et al. (1985) use the term estimated generalized least squares (EGLS) for this method. For a first-
order AR process, the Yule-Walker estimates are often termed Prais-Winsten estimates (Prais and Winsten
1954). There are variations to these methods that use different estimators of the autocorrelations or the
autoregressive parameters.

The unconditional least squares (ULS) method, which minimizes the error sum of squares for all observa-
tions, is referred to as the nonlinear least squares (NLS) method by Spitzer (1979).

The Hildreth-Lu method (Hildreth and Lu 1960) uses nonlinear least squares to jointly estimate the param-
eters with an AR(1) model, but it omits the first transformed residual from the sum of squares. Thus, the
Hildreth-Lu method is a more primitive version of the ULS method supported by PROC AUTOREG in the
same way Cochrane-Orcutt is a more primitive version of Yule-Walker.

The maximum likelihood method is also widely cited in the literature. Although the maximum likelihood
method is well defined, some early literature refers to estimators that are called maximum likelihood but
are not full unconditional maximum likelihood estimates. The AUTOREG procedure produces full uncon-
ditional maximum likelihood estimates.

Harvey (1981) and Judge et al. (1985) summarize the literature on various estimators for the autoregressive
error model. Although asymptotically efficient, the various methods have different small sample properties.
Several Monte Carlo experiments have been conducted, although usually for the AR(1) model.

Harvey and McAvinchey (1978) found that for a one-variable model, when the independent variable is
trending, methods similar to Cochrane-Orcutt are inefficient in estimating the structural parameter. This is
not surprising since a pure trend model is well modeled by an autoregressive process with a parameter close
to 1.

Harvey and McAvinchey (1978) also made the following conclusions:

* The Yule-Walker method appears to be about as efficient as the maximum likelihood method. Al-
though Spitzer (1979) recommended ML and NLS, the Yule-Walker method (labeled Prais-Winsten)
did as well or better in estimating the structural parameter in Spitzer’s Monte Carlo study (table A2
in their article) when the autoregressive parameter was not too large. Maximum likelihood tends to
do better when the autoregressive parameter is large.

* For small samples, it is important to use a full transformation (Yule-Walker) rather than the Cochrane-
Orcutt method, which loses the first observation. This was also demonstrated by Maeshiro (1976),
Chipman (1979), and Park and Mitchell (1980).

* For large samples (Harvey and McAvinchey used 100), losing the first few observations does not
make much difference.
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GARCH Models

Consider the series y;, which follows the GARCH process. The conditional distribution of the series Y for
time ¢ is written

Ve|We—1~N(0, hy)
where W;_1 denotes all available information at time ¢ — 1. The conditional variance A, is
q P
hy = o+ Zoc,'ytz_,- + Z Vihi—j
i=1 j=1
where
p=>0,qg>0

®>0,0;>0,7; >0

The GARCH(p, ¢) model reduces to the ARCH(g) process when p = 0. At least one of the ARCH param-
eters must be nonzero (¢ > 0). The GARCH regression model can be written

Vi =%Xp+¢

€ = \/h_tet

q p
hy = o+ Zaiétz—i + Z Yihe—;

i=1 j=1
where e; ~IN(0, 1).

In addition, you can consider the model with disturbances following an autoregressive process and with the
GARCH errors. The AR(m)-GARCH(p, ¢) regression model is denoted

Vi =X B+ v

Ve =€ —Q1Vr—1 — ... — OmVt—m

€ = \/h_let

q P
hy = o+ Zaief_i + Z Yihe—;
j=1

i=1

GARCH Estimation with Nelson-Cao Inequality Constraints

The GARCH(p, ¢) model is written in ARCH(co) form as

P q
hy = 1—Zij/ |:a)+2a,-6t2_i:|
Jj=1

i=1

o0
= "+ Z(ﬁief_i

i=1
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where B is a backshift operator. Therefore, i; > 0 if ®* > 0 and ¢; > 0, Vi. Assume that the roots of the
following polynomial equation are inside the unit circle:

p
> vz
=0

where Yo = —1 and Z is a complex scalar. — Z?:o V4 P~/ and Zl.qzl a; Z97" do not share common

factors. Under these conditions, |w*| < oo, |¢;| < 0o, and these coefficients of the ARCH(o0) process are
well defined.

Define n = max(p, g). The coefficient ¢; is written

$o = i
1 = Y190 + a2
Gn—1 = ViPn—2 + V2Pn—3 + -+ Yn—1¢0 + apn
bk = V1idk—1 T V2Pk—2 + -+ Yndr—_n fork > n

where a; = 0fori > g and y; = 0for j > p.

Nelson and Cao (1992) proposed the finite inequality constraints for GARCH(1, ¢) and GARCH(2, g) cases.
However, it is not straightforward to derive the finite inequality constraints for the general GARCH(p, q)
model.

For the GARCH(1, g) model, the nonlinear inequality constraints are

w > 0
yi =2 0
¢r > Ofork=0,1,--,g—1

For the GARCH(2, ¢) model, the nonlinear inequality constraints are

A; € Rfori=1,2
w* > 0
Al > 0

g—1
Y AVajp > 0
j=0

bk

v

Ofork=0,1,---,q

where A1 and A, are the roots of (Z2 — Y14 — y2).

For the GARCH(p, ¢) model with p > 2, only max(q — 1, p) + 1 nonlinear inequality constraints (¢ > 0
for k = 0 to max(q — 1, p)) are imposed, together with the in-sample positivity constraints of the condi-
tional variance h;.
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Using the HETERO Statement with GARCH Models

The HETERO statement can be combined with the GARCH= option in the MODEL statement to include
input variables in the GARCH conditional variance model. For example, the GARCH(1, 1) variance model
with two dummy input variables D1 and D2 is

€& = \/h_tet

hy = o+ a1ei_; + ythi—1 + 11 D1; + 2 D2

The following statements estimate this GARCH model:

proc autoreg data=one;
model y = x z / garch=(p=1,qg9=1);
hetero dl d2;

run;

The parameters for the variables D1 and D2 can be constrained using the COEF= option. For example, the

constraints 11 = 17, = 1 are imposed by the following statements:

proc autoreg data=one;
model y = x z / garch=(p=1,g=1);
hetero dl d2 / coef=unit;

run;

Limitations of GARCH and Heteroscedasticity Specifications

When you specify both the GARCH= option and the HETERO statement, the GARCH=(TYPE=EXP) op-
tion is not valid. The COVEST= option is not applicable to the EGARCH model.

IGARCH and Stationary GARCH Model

The condition Y7 . a; + Zf — vj <1 implies that the GARCH process is weakly stationary since the

i=1
mean, variance, and autocovariance are finite and constant over time. When the GARCH process is station-
ary, the unconditional variance of €; is computed as

w

(1- Z?:l o5 — Z?=1 Vj)

where €; = /h;e; and h; is the GARCH(p, ¢) conditional variance.

V(e) =

Sometimes the multistep forecasts of the variance do not approach the unconditional variance when the
model is integrated in variance; thatis, Y 7_, o; + Z§=1 y; = 1.

The unconditional variance for the IGARCH model does not exist. However, it is interesting that the
IGARCH model can be strongly stationary even though it is not weakly stationary. Refer to Nelson (1990)
for details.

EGARCH Model

The EGARCH model was proposed by Nelson (1991). Nelson and Cao (1992) argue that the nonnegativity
constraints in the linear GARCH model are too restrictive. The GARCH model imposes the nonnegative
constraints on the parameters, «; and yj, while there are no restrictions on these parameters in the EGARCH
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model. In the EGARCH model, the conditional variance, /4, is an asymmetric function of lagged distur-
bances ¢;_;:

q p
In(h) =+ Y _eigz—i)+ Y yjn(h—;)

i=1 Jj=1

where
g(z¢) = Ozt + y[lze| — Elz¢]
Zr = €t/\/h_t

The coefficient of the second term in g(z;) is set to be 1 (y=1) in our formulation. Note that
E|z:| = (2/7)Y2 if z;~N(0, 1). The properties of the EGARCH model are summarized as follows:

* The function g(z;) is linear in z; with slope coefficient 6 + 1 if z; is positive while g(z;) is linear in
z; with slope coefficient 6 — 1 if z; is negative.

* Suppose that § = 0. Large innovations increase the conditional variance if |z;| — E|z¢| > 0 and de-
crease the conditional variance if |z;| — E|z;| < 0.

* Suppose that 8§ < 1. The innovation in variance, g(z;), is positive if the innovations z; are less than
(2/w)Y2/(6 —1). Therefore, the negative innovations in returns, €;, cause the innovation to the
conditional variance to be positive if 6 is much less than 1.

QGARCH, TGARCH, and PGARCH Models

As shown in many empirical studies, positive and negative innovations have different impacts on fu-
ture volatility. There is a long list of variations of GARCH models that consider the asymmetricity.
Three typical variations are the quadratic GARCH (QGARCH) model (Engle and Ng 1993), the thresh-
old GARCH (TGARCH) model (Glosten, Jaganathan, and Runkle 1993; Zakoian 1994), and the power
GARCH (PGARCH) model (Ding, Granger, and Engle 1993). For more details about the asymmetric
GARCH models, see Engle and Ng (1993).

In the QGARCH model, the lagged errors’ centers are shifted from zero to some constant values:

q p
hi=w+ Y aile—i—vi)>+ Y yih—j

i=1 j=1

In the TGARCH model, there is an extra slope coefficient for each lagged squared error,

q P
hy = w + Z (@ + le,_;<o¥i)er; + Z Yihe—j

i=1 Jj=1

where the indicator function 1¢, <o is one if €; < 0; otherwise, zero.



370 4 Chapter 8: The AUTOREG Procedure

The PGARCH model not only considers the asymmetric effect, but also provides another way to model the
long memory property in the volatility,

q p
ht =0+ ei(eil—vie)™ + Y yihl;
i=1 Jj=1

where A > Oand |y;| < 1,i =1,...,4.

Note that the implemented TGARCH model is also well known as GJR-GARCH (Glosten, Jaganathan, and
Runkle 1993), which is similar to the threshold GARCH model proposed by Zakoian (1994) but not exactly
same. In Zakoian’s model, the conditional standard deviation is a linear function of the past values of the
white noise. Zakoian’s version can be regarded as a special case of PGARCH model when A = 1/2.

GARCH-in-Mean

The GARCH-M model has the added regressor that is the conditional standard deviation:
Vr = X;ﬁ + 8\/]/1; +€t

€ = \/h—tet

where /1; follows the ARCH or GARCH process.

Maximum Likelihood Estimation

The family of GARCH models are estimated using the maximum likelihood method. The log-likelihood
function is computed from the product of all conditional densities of the prediction errors.

When ¢; is assumed to have a standard normal distribution (e; ~N(0, 1)), the log-likelihood function is given
by

1=y

t=1

N[ —

[—1n(27r) —In(h;) — Z—t2:|

where €, = y; — x} B and h; is the conditional variance. When the GARCH(p, ¢)-M model is estimated,
€ = Yt — X, B — 8+/h;. When there are no regressors, the residuals €, are denoted as y; or y; — 8+/h;.

If e; has the standardized Student’s ¢ distribution, the log-likelihood function for the conditional ¢ distribution

_ %{m (r (” er 1)) ~in (T (%)) - %ln((v —2)rhy)

t=1

1 €2
_E(V + 1)ln (1 + v —2) 2)):|

where I'(-) is the gamma function and v is the degree of freedom (v > 2). Under the conditional 7 distribu-
tion, the additional parameter 1/v is estimated. The log-likelihood function for the conditional ¢ distribution
converges to the log-likelihood function of the conditional normal GARCH model as 1/v— 0.
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The likelihood function is maximized via either the dual quasi-Newton or the trust region algorithm. The
default is the dual quasi-Newton algorithm. The starting values for the regression parameters  are ob-
tained from the OLS estimates. When there are autoregressive parameters in the model, the initial values
are obtained from the Yule-Walker estimates. The starting value 1.07¢ is used for the GARCH process
parameters.

The variance-covariance matrix is computed using the Hessian matrix. The dual quasi-Newton method
approximates the Hessian matrix while the quasi-Newton method gets an approximation of the inverse of
Hessian. The trust region method uses the Hessian matrix obtained using numerical differentiation. When
there are active constraints, that is, q(6) = 0, the variance-covariance matrix is given by

V(@) =HI-Q(QH Q) 'QH ]

where H = —02[/0606’ and Q = dq(0)/ d0’. Therefore, the variance-covariance matrix without active
constraints reduces to V(9) H!.

Heteroscedasticity- and Autocorrelation-Consistent Covariance Matrix
Estimator

The heteroscedasticity-consistent covariance matrix estimator (HCCME), also known as the sandwich (or
robust or empirical) covariance matrix estimator, has been popular in recent years because it gives the
consistent estimation of the covariance matrix of the parameter estimates even when the heteroscedasticity
structure might be unknown or misspecified. White (1980) proposes the concept of HCCME, known as
HCO. However, the small-sample performance of HCO is not good in some cases. Davidson and MacKinnon
(1993) introduce more improvements to HCO, namely HC1, HC2 and HC3, with the degrees-of-freedom or
leverage adjustment. Cribari-Neto (2004) proposes HC4 for cases that have points of high leverage.

HCCME can be expressed in the following general “sandwich” form:

¥ =B"'MB™!
where B, which stands for “bread,’ is the Hessian matrix and M, which stands for “meat,” is the outer
product of gradient (OPG) with or without adjustment. For HCO, M is the OPG without adjustment; that is,

T

Mruco = Z 818t
=1

where T is the sample size and g; is the gradient vector of 7th observation. For HC1, M is the OPG with
the degrees-of-freedom correction; that is,

T
Muc: = T % Z 818
=1

where k is the number of parameters. For HC2, HC3, and HC4, the adjustment is related to leverage,
namely,

T , T /
gg gtgl 818
Mpe, = S 88y § Moy = :
HC2 HC3 = (1 — htt)z HC4 ; (1 o htt)mm 4,Ths/ k)

The leverage h;; is defined as h;; = jt/(ZtT:1 jtj[)_ljt, where j; is defined as follows:
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* For an OLS model, j; is the 7th observed regressors in column vector form.
* For an AR error model, j; is the derivative vector of the 7th residual with respect to the parameters.

» For a GARCH or heteroscedasticity model, j; is the gradient of the #th observation (that is, g;).

The heteroscedasticity- and autocorrelation-consistent (HAC) covariance matrix estimator can also be ex-
pressed in “sandwich” form:

r=B"'MB™!
where B is still the Hessian matrix, but M is the kernel estimator in the following form:

T T-1 . T—j

Muac =a thg; + Z k(é) Z (glg;—i-j + g;+jg;)

where T is the sample size, g; is the gradient vector of fth observation, k(.) is the real-valued kernel
function, b is the bandwidth parameter, and a is the adjustment factor of small-sample degrees of freedom
(that is, a = 1 if ADJUSTDF option is not specified and otherwise a = T /(T — k), where k is the number
of parameters). The types of kernel functions are listed in Table 8.2.

Table 8.2 Kernel Functions

Kernel Name Equation
1—|x| |x]| =<1

Bartlett k(x) = 0 . LtlLe;wise
1—6x246|x]> 0<|x|<1/2

Parzen k(x) =14 2(1—x])? 1/2<|x| <1
0 otherwise

Quadratic spectral k(x) = uigxz (Siné;’;jcs/ 3) _ cos (6rx/ 5))
1 x| =<1

Truncated k(x) = % 0 Ltllle;wise

. 1 4+cos(rx)) /2 |x| <1
Tukey-Hanning k(x) = % (() (x))/ Ltl|lerwise

When you specify BANDWIDTH=ANDREWS91, according to Andrews (1991) the bandwidth parameter
is estimated as shown in Table 8.3.

Table 8.3 Bandwidth Parameter Estimation

Kernel Name Bandwidth Parameter
Bartlett b = 1.1447(ax(1)T)/3
Parzen b =2.6614(a(2)T)!/*

Quadratic spectral b =1.3221(x(2)T)'/?
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Table 8.3 continued

Kernel Name

Bandwidth Parameter

Truncated
Tukey-Hanning

b =0.6611(x(2)T)'/5
b = 1.7462(x(2)T)/°

Let {g4:} denote each series in {g;}, and let (pg, 03) denote the corresponding estimates of the autoregres-
sive and innovation variance parameters of the AR(1) model on {g,:},a = 1, ..., k, where the AR(1) model
is parameterized as g,r = pgar—1 + €ar With Var(eq;) = 05. The factors (1) and «(2) are estimated with
the following formulas:

Zk 4p2od Zk 4p20l
a=1 (1-pa)°(1+pa)? a=1 (1-p,)8
a(l) = o) = ————— =47

(1) k o ) k ag
a=1 (1—pa)* a=1 (1—pg)*

When you specify BANDWIDTH=NEWEYWEST94, according to Newey and West (1994) the bandwidth
parameter is estimated as shown in Table 8.4.

Table 8.4 Bandwidth Parameter Estimation

Kernel Name

Bandwidth Parameter

Bartlett

Parzen

Quadratic spectral
Truncated
Tukey-Hanning

b = 1.1447({s1/s0}*T)'/3
b = 2.6614({s1/s0}2T)'/>
b = 1.3221({s1/s0}2T)/5
b = 0.6611({sy/s0}2T)/5
b = 