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Exploring Economic Time Series with PROC ARIMA

Joseph Earley, Loyola Marymount University, Los Angeles, Califomia

Abstract

This paper explains how the SAS procedure PROC ARIMA may

be used to identify, estimate and forecast economic time series.

The ACF, IACF and PACF functions are explsined and used to
identify an approptiaie Arima(p,d,q) model. Also discussed
differencing for stationarity. To illustrate these concepts,
several correlograms are presented for the economic time
series Gross Domeetic Product (=GDP) and Unempioyment
(=U).

Univariate ARIMA Modaeling

A univariate ARIMA (p,d,q) model may be representad as ':
¢ @®Z 5+ 0@

where: 6® = 1-¢B-..-¢,B,
6@ = 1-8,B-..-88,

& s aconstant

with v as the difference operator and B the backshift operator
v = 1-B
vY, = Y,-Yy
B*Y, = Y.

¢, are random shocks (errors) assumed to be
normally and independently distributed with mean
zero and constarnt variance

Modeling a univariate ARIMA time series involves three distinct
steps:

1. Identification of the type of time series process.
This is done by examining the ACF, IACF and PACF
functions.

2. Estimation of the parameters.

3. Forecasting the time series into the future.

identification of Univariate Arima Model

in order to identify the appropriate Arima model for a time
series, the first step is to run the PROC ARIMA SAS procedure
with the IDENTIFY statement. This yields three important
statistical functions which are integral to the selection

of the proper model. These functions are the ACF,
autocorrelation function, IACF, inverse autocormelation function,
and the PACF, partial autocorrelation function. A visual
examinetion of these platted functions gives a preliminary idea
es to the best fitting model. The autocorrelation function is a
piotted diagram varying from -1.0 to 1.0 on the horizontal exie
and 0 to 24 (he default) on the vertical axis. it measures the
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autocorrelation (correlation of the series with itself) at successive
lags. The dotted lines indicate confidence limits which are two
standard errors for the sample autocorrelation at each lag p,
derived from the nuil hypothesis thet a pure MA process of p-1
generated the series. |f the asterisks appeer outside the dotted
lines, the autocorrelation at that lag is called a spike. If the
autocormelations after lag p are nat significant, i is said to cut off
or drop off after lag p. Alternatively, a time series may show a
peitem in which the autocorrelations decline in an exponential
pattern. 1t is then seid to decay, dampen, tail off or die down.
This pattem of decay may also be transcendental such as a sine
wave paitem. The inverse autocomrelation function is the
autocorrelation function of an inverted model. For example, an
MA(1) model such as:

Z=¢-8,¢,
may be wrilten as:

L =-0,2, -0;2,5-0,7,-6,Z, -.. +¢&

which is an infinite number of autoregressive terms and no
lagged error terms. The importance of this is thet the sample
IACF operates like the sample partial autocorrelation function.
The IACF is generally thought to be useful in determining
whather or not a series has been overdiffersnced.” For
axample, if a series has been overdifferenced, the IACF will
appear as an ACF for a nonstationary series.

Finally, the partial autocorrelation function measures the
correlation between time series cbservations p units apar afier
controlling for the correlation or effacts of tha intervening
observations at intermediete lags. Essentially, the PACF eallows
us to summarize the effects of all the information in the ACF in a
small number of paramatars. For axample we need observe
only p pertial autocorrelations in order to identify an AR process,
whereas the autocorrelations for the process could stretch to
infinity. Like the ACF piat, the PACF pict aiso shows dots
indicating confidence intervels at each lag p used to evaluate
the null hypathesis thet the model is a pure AR process of p-1
order.

Estimation of the Model

Based on the resuits from the identification of the model, the
SAS ESTIMATE staternent is then used to fit the appropriate
model. SAS uses an Rerative process to estimate model
parameters. There are thrae methods available: conditional
lsast squares (CLS), uncondiional least squares (ULS) and
meocdmunm likelihood (ML), with CLS being the defauit. The
particuler choice of method is placed in the ESTIMATE
statament with the METHOD = option. See the SAS/ETS User's
Guide for more detaiis on the methods. Itisgommllyttnngm

hypothesis of white noise can be rejected. This statistic is a chi-
square type stetistic using the Ljung and Box form. Each row

gﬂnhvdmd&nﬁwcupbh@mmmmd
lags. Simply observing the p-values for the Q statistic indicates




whether or not to reject the null hypothesis of white noise for
lags up to thet number.

Forecast for the Model

Having estimated the model, the final stage is to forecast the
series using the FORECAST statement. Forecasts for sach
Arima model are based on the results from the ESTIMATE
stage. The model selected from this stage is then extrapcieted
ino the future using a forwerd shifting of the time series. In its
output, SAS presents the forecast, standard error of the
forecast and upper and lower 95% confidence intervals.

Differencing for Stationarity

A time series i said to be stationary if both its mean and
varience are constant over time. Many sconomic time series
such as GDP, Consumption and the Money Supply are
obviously not stationary with respect to this definition. In order
to use the thecretically known Arima models, a stationary series
can by derived by taking the difference in the time series. One
should be sure, however, not to over-difference the time series.
A way to detect the axistence of stationarity is to cbserve the
pattern of the ACF function. A nonstationary time series will
exhibit significant and large spikes for a long lag period. An
example of a stationary time series would be thet of a pure
white noise model:

Y, = &
if this series were over-differenced it would have the form:
YooY = & -&,
which in difference form would be:
Z = & -¢,
which is an MA(1) model with @, = 1.0°
AR(1) Modael for Unemployment

To illustrate the Arima process we examine an economic time
series which may be modeled as an AR(1) Arima model. The
series is annual data for Unempioyment of all workers over 16
yeers from 1950 to 1962. Examination of the visual functions
shows thet the ACF appears to tail off exponentially. The IACF
and the PACF both show one statistically significant spike at lag
1. This along with the ACF pattem indicates that an AR(1)
model may be an appropriate representstion for the time series.
The Q statistics in the autocorreletion check for residuals
indicate thet the white noise hypathesis may not be rejected.
The general form for an AR{1) model is:

Ye -1 = ¢V, H)+e
An alternative widely used way to write the AR(1) modal is:
Y, =8, + ¢V, +et
where the constant parameter 8, = u (1-¢,)
This version of the AR(1) model emphasizes that the vaiue of the
time series Y, is a constant plus a proportion of the previous

velue Y, pius random ermor. Numerous response variables in
economics tend toward this type of adaptive response behavior.
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Name of veriable = U

Mean of working series = 5.534654
Standard devision = 1.586345
Number of observations = 43
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Autocorrelation Check for White Noise

To Chi Autocorrelations
Lag Square OF Prob
8 55.37 6 0.000 0.757 0.513 0.379 0.326 0.243 0.160

Conditional Least Squares Estimation
Paramater Estimate Sid Errer T Ratio lLag
MU 581913 0.50653 942 ©
AR1.1 0.77879 0.10158 785 1t
Constant Estimate = 1.25422458

Variance Estimate = 1.10162504

Std Error Estimate = 1.04058327

AIC = 128,142523*

$8C = 131.064923"
Number of Residuals= - 43

Autocorrelation Check of Residuals

To Chi Autocorralations

Lag Square DF Prob

8 231 5 0.805 0.119 -0.114 -0.102 0.088 0.012 -0.053
12 36211 0880 0010 -0.071 0023 0.037 0.108 0.058
18 7.30 17 0979 0.052 0.019 -0.073 0.038 0.188 0.069
24 1577 23 0.865 -0.114 0,085 0.197 0.102 -0.124 -0.068
Modael for variable U

Estimated Mean = 5.61912621
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ive Factors

Factor 1: 1 - 0.77878 B**(1)

Forecasts for variable U

Obs Forecast Std Error  Lower 95% Upper 95%
44 09248 10406 48877 8980
45 66334 13290 40205 9.2383
48 64070 14722 35215 9.2925
47 6.2311 15528 3.1888 8.2735
48 6.0045 1.5088 29613 9.2277
49 596584 1.8259 2837 9.1752
50 5.9080 1.6422 26873 9.1248
51 5.8420 1.6519 26042 9.0797
52 57922 16578 25430 9.0414
53 57538 16813 24975 9.0007
54 57238 16834 24833 80838
56 57003 1.6647 24375 89630

Plot of U*YEAR Symbol usedis * .
Plot of FORECAST*YEAR. Symbol used is ‘f’.
Plot of LOS*YEAR. Symbol used is "+

Plot of USS*YEAR. Symbol used is ‘.
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MA(1) Model for GDP

The naxt exampie of the Arima procedure is that of a
moaving average model. The time series selected is annual data
for Gross Domestic Product in constant dollars from 1947 to
1992. A moving average model may in be described as:

Y. = 8, + € - 8,6, -0,6,..-€¢,
Thus an MA(1) model may be written as:
Yt = ao + € - 9'5“

meaning thet the time series is a constant vaiue pius random
arror pius a proportion of random error from the previous time
period. Initially the series was shown to be nonstationary. After
differencing, the identification of the moving average model
relies on the fact that the ACF of the differenced series has one
spike at lag 1 and both the IACF and the PACF appeer to tail off
exponentially.

Name of variable = GDP

Period(s) of Differencing = 1.

Mean of working series = 65.04921

Standard deviation = 53.81904

Number of obeervations = 83

NOTE: The first obeervation was aliminated by differencing.

Autocorrelations
Lag Covariance Correlation -1 98765432101234587891
1 3035201 0.44708 | P A ehobdndinted H
2 233008 0.02847 | . Al H
3 -1555.380 -0.17671 | et H
4 -1980.737 -0.22503 ! Riainbaid H
5 1200948 -0.13748 | et |
6 481.984 -0.05478 ) .o !
7 887.947 007818 | P LA !
8 1547338 0.17579 ! R joees H
9 45204351 0.00514 | . H H
10 -723.809 -0.08223 | .o H
11 28.101873 0.00297 | . H H
12 329458 0.03743 | . el !
13 48198915 0.00548 | H H
14 828019 0.06384 ; . .- H
15 1112450 0.12836 | . (W !
*.* marks two standard errors

Inverse Autocorrelations
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Partial Autocorrelations

Lag Correlation -1 98785432101234567891
1 o.“m 1 PRI ERew 1
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To Chi Autocorrelations

Lag Square OF Frob

6 2044 6 0.002 0.447 0.026 -0.177 0.225 0.137 0.055
12 23.83 12 0.021 0.078 0.176 0.005 -0.082 0.003 0.037

Approx.
Parameter Estrmate Std Error T Ratio Lag
M 84.11972 15.68350 410 0O
MAT1,1 -0.48619 011438 425 1
Constant Estimate = 64.1197160
Variance Estmate = 7006.08148
Std Error Estimate = 84.2383018
AIC = 738.2030684*
SBC = 743.879054*
Number of Residualgs e3

Autocorrelation Check of Residuais

To Chi Autocorrelations
Lag Square DF Prob

8 3.74 5 0.588 0.050 0.058 -0.150 -0.145 -0.081 0.036
12 740 11 0.786 0.0268 0.190 -0.032 -0.050 -0.017 0.082
18 11.83 17 0.810 -0.062 0.122 0.035 0.141 0.007 -0.084
24 1491 23 0.888 -0.042 0,048 0.080 0.074 -0.017 0.120

Model for variable GDP
Estimatad Mean = 84.1197168
Period(s) of Differencing = 1.
Moving Average Factors
Factor 1: 1 + 0.48819 B8**(1)

Forecasts for variable GDP

Obs Forecast Std Emor  Lower 95% Upper 95%
5026.0205 84.2383 48009195 5191,1278
5000.1433 150.2063 4794.2020 5385.8945
5154.2000 196.0006 47009737 5538.5522
5218.3827 23283083 47624357 5674.3287
52625024 264.1788 4764.7214 5800.2834
5348.6221 202.3423 47736417 5919.8028
5410.7418 3180214 4787.4313 8034.0524
5474.8818 341.7708 48049018 6144.7313
5538.0813 363.9648 48255845 62523780
5603.1010 384.9135 48486844 8357.5178
5867.2207 404.78168 4873.9025 6460.5380
5731.3404 423.8810 4800.9410 8581.7390

FANINISIBESRR

Conclusion

The purpose of this paper was to present an introduction to
univariate model is a useful statistical tool, PROC ARIMA has
more advanced capabilities which allow us to model vastly
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more compiicatad time series. PROC ARIMA may be used to
modei a time series with explanatory variables. It allows the
user to identify the error process befora fitting the model. PROC
AUTOREG, in comparison, makes an implicit assumption about
the erTor process, i.e. that it is autoregressive in nature. PROC
ARIMA also allows for the use of Transfer Function modais, in
which forecasted values of the explanatory variables themselves
are used to forecast the dependent variabie. Finally PROC
ARIMA allows the user to develop whet is called an intervention
model, which is analogous 0 a regression model in which one
or mare of the regressors is a dummy variabie.
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SAS Institute, Cary, North Carclina, USA.

2 SAS/ETS User's Guide Second Edition, p. 136. See
Cleveland( 1872), Chatfleld (1980) and Priestly (1981) for more
information conceming the IACF.

* Vandeels, Applied Time Series and Box~Jenkins Models, p.
7. .
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