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ABSTRACT 
This paper reviews some basic time series concepts then 
demonstrates how the basic techniques can be extended and 
applied to some interesting data sets. 

INTRODUCTION 
Data taken over time often exhibit autocorrelation, This is a 
phenomenon in which positive deviations from a mean are followed 
by positive and negative by negative or, in the case of negative 
autocorrelation, positive deviations tend to be followed by negative 
ones more often than would happen with independent data.   
 
While the analysis of autocorrelated data may not be included in 
every statistics training program, it is certainly becoming more 
popular and with the development of software to implement the 
models, we are likely to see increasing need to understand how to 
model and forecast such data.  
 
A classic set of models known as ARIMA models can be easily fit to 
data using the SAS@ procedure PROC ARIMA.  In this kind of 
model, the observations, in deviations from an overall mean, are 
expressed in terms of an uncorrelated random sequence called 
white noise. 
 
This paper presents an overview of and introduction to some of 
the standard time series modeling and forecasting techniques as 
implemented in SAS with PROC ARIMA and PROC AUTOREG, 
among others.  Examples are presented to illustrate the 
concepts.  In addition to a few initial ARIMA examples,  more 
sophisticated modeling tools will be addressed.  Included will be 
regression models with time series errors, intervention models, 
and a discussion of nonstationarity.  

WHITE NOISE 
The fundamental building block of time series models is a white 
noise series e(t).  This symbol e(t) represents an unanticipated 
incoming “shock” to the system.  The assumption is that the e(t) 
sequence is an uncorrelated sequence of random variables with 
constant variance.  A simple and yet often reasonable model for 
observed data is 
 

               )t(e))t(Y()t(Y +−−=− µρµ 1  

 
where it is assumed that ρ  is less than 1 in magnitude.   In this 

model an observation at time t, Y(t),  deviates from the mean µ  

in a way that relates to the previous, time t-1, deviation and the 
incoming white noise shock e(t).  As a result of this relationship, 
the correlation between Y(t) and Y(t-j) is ρ  raised to the power 

|j|, that is, the correlation  is an exponentially decaying function of 
the lag j.  
 
The goal of time series modeling is to capture, with the model 
parameter estimates, the correlation structure.  In the model above, 
known as an autoregressive order 1 model, the current Y is related 
to its immediate predecessor in a way reminiscent of a regression 
model.  In fact one way to model this kind of data is to simply 
regress Y(t) on Y(t-1).  This is a type of “conditional least squares” 
estimation.  Once this is done, the residuals from the regression 
should mimic the behavior of the true errors e(t).  The residuals 
should appear to be an uncorrelated sequence, that is, white noise.  
 
The term “lag” is used often in time series analysis.  To understand 

that term, consider a column of numbers starting with Y(2) and 
ending with Y(n) where n is the number of observations available.   
A corresponding column beginning with Y(1) and ending with Y(n-1) 
would constitute the “lag 1” values of that first column.  Similarly lag 
2, 3, 4 columns could be created.   
 
To see if a column of residuals, r(t), is a white noise sequence, 
one might compute the correlations between r(t) and various lag 
values r(t-j) for j=1,2,…,k.   If there is no true autocorrelation, 
these k estimated autocorrelations will be approximately normal 
with mean 0 and variance  1/n., Taking n times the sum of their 
squares will produce a statistic Q having a Chi-square distribution 
in large samples.  A slight modification of this formula is used in 
PROC ARIMA as a test for white noise.  Initially, the test is 
performed on residuals that are just deviations from the sample 
mean.  If the white noise null hypothesis is rejected,  the analyst 
goes on to model the series and for each model, another Q is 
calculated on the model residuals.  A good model should produce 
white noise residuals so Q tests the null hypothesis that the 
model currently under consideration is adequate. 

AUTOREGRESSIVE MODELS 
The model presented above is termed “autoregressive” as it 
appears to be a regression of Y(t) on its own past values. It is of 
order 1 since only 1 previous Y is used to model Y(t).  If additional 
lags are required, it would be called autoregressive of order p where 
p is the number of lags in the model. An autoregressive model of 
order 2, AR(2) would be written, for example, as  
 

)t(e))t(Y())t(Y()t(Y +−−+−−=− µαµαµ 21 21  

or as  
              )t(e))t(Y)(BB( =−−− µαα 2

211  

 
where B represents a “backshift operator” that shifts the time index 
back by 1 (from Y(t) to Y(t-1) ) and thus B squared or B times B 
would shift t back to t-2.  
 
Recall that with the order 1 autoregressive model, there was a 
single coefficient, ρ , and yet an infinite number of nonzero 

autocorrelations, that is, jρ  is not 0 for any j.  For higher order 

autoregressive models, again there are a finite number, 2 in the 
example immediately above, of coefficients and yet an infinite 
number of nonzero autocorrelations.  Furthermore the relationship 
between the autocorrelations and the coefficients is not at all as 
simple as the exponential decay that we saw for the AR(1) model.  
A plot of the lag j autocorrelation against the lag number j is called 
the autocorrelation function or ACF.  Clearly, inspection of the ACF 
will not show how many coefficients are required to adequately 
model the data.   
 
A function that will identify the number of lags in a pure 
autoregression is the partial autocorrelation or PACF.  Imagine 
regressing Y(t) on Y(t-1),…,Y(t-k) and recording the lag k 
coefficient.  Call this coefficient )k(π .  In ARIMA modeling in 

general, and PROC ARIMA in particular, the “regression” is done 
using correlations between the various lags of Y.  In particular, 
where the matrix X’X would usually appear in the regression normal 
equations, substitute a matrix whose ij entry is the autocorrelation at 
lag |i-j| and for the usual X’Y, substitute a vector with jth entry equal 
to the lag j autocorrelation.  Once the lag number k has passed the 

number of needed lags p in the model, you would expect ( )kπ  to 

be 0.  A standard error of 1/ n  is appropriate in large samples for 
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an estimated )k(π .   

MOVING AVERAGE MODELS 
We are almost ready to talk about ARIMA modeling using SAS, 
but need a few more models in our arsenal.  A moving average 
model again expresses Y(t) in terms of past values, but this time 
it is past values of the incoming shocks e(t).  The general moving 
average model of order q is written as 
 

   )qt(e...)t(e)t(e)t(Y q −−−−−+= θθµ 11  

or in backshift notation as  
 

        )t(e)B...B()t(Y q
qθθµ −−−+= 11  

 
Now if Y(t) is lagged back more than q periods, say Y(t-j) with j>q, 
the e(t) values entering Y(t) and those entering Y(t-j) will not 
share any common subscripts.   The implication is that the 
autocorrelation function of a moving average of order q will drop 
to 0, and the corresponding estimated autocorrelations will be 
estimates of 0, when the lag j exceeds q.   
 
So far, we have seen that inspection of the partial autocorrelation 
function, PACF, will allow us to identify the appropriate number of 
model lags p in a purely autoregressive model while inspection of 
the autocorrelation function, the ACF, will allow us to identify the 
appropriate number of lags q in a moving average model.  The 
following SAS code will produce the ACF, PACF, and the Q test 
for white noise for a variable called SALES 
 

 PROC ARIMA DATA=STORES;  
 IDENTIFY VAR=SALES NLAG=10;  

 
The ACF etc. would be displayed for 10 lags here rather than the 
default 24.  

MIXED (ARMA) MODELS 
The model  

 
( ) ( )( )
( ) ( )teB...B

tYB...B

q
q

p
p

θθ

µαα

−−−

=−−−−

1

1

1

1
 

is referred to as an ARMA(p,q), that is, an autoregressive model 
of orders p (autoregressive lags) and q (moving average lags).  
Unfortunately, neither simple function ACF or PACF drops to 0 in 
a way that is useful for identifying both p and q in an ARMA 
model.  Specifically, the ACF and PACF are persistently nonzero.  
 
 Any ARMA model has associated with it a “dual” model obtained 
by reversing the roles of the autoregressive and moving average 
parameters.  The dual model for 

tetYtY =−−−− )100)1((8.100)(  would be 

18100)( −−=− tt e.etY  and vice-versa.  The dual model for 

)2(25)1()()100)1((6100)( −+−−+−−−− te.tetetY.tY

would be )(61()100)()(251( 2 te)B.tYB.B −=−+− . 

 
 The autocorrelation function of the dual model is called the 
inverse autocorrelation function, IACF, of the original model.  It is 
estimated by fitting a long autoregressive approximation to the 
data then using these coefficients to compute a moving average 
and its autocorrelations. 
 
 There are some more complex functions, the Extended Sample 
Autocorrelation Function ESACF and the SCAN table due to Tsay 
and Tiao  (1984, 1985) that can give some preliminary ideas 
about what p and q might be. Each of these consists of a table 

with q listed across the top and p down the side, where the 
practitioner looks for a pattern of insignificant SCAN or ESACF 
values in the table.  Different results can be obtained depending 
on the number of user specified rows and columns in the table 
being searched.  In addition, a method called MINIC is available 
in which every possible series in the aforementioned table is fit to 
the data and an information criterion computed.  The fitting is 
based on an initial autoregressive approximation and thus avoids 
some of the nonidentifiability problems normally associated with 
fitting large numbers of autoregressive and moving average 
parameters, but still some (p,q) combinations often show failure 
to converge.  More information on these is available in 
Brocklebank and Dickey (2003).   Based on the more complex 
diagnostics PROC ARIMA   will suggest models that are 
acceptable with regard to the SCAN and/or ESACF tables.   

EXAMPLE 1: RIVER FLOWS 
To illustrate the above ideas, use the log transformed flow rates 
of the Neuse river at Goldsboro North Carolina 
  

PROC ARIMA;  
IDENTIFY VAR=LGOLD NLAG=10 MINIC SCAN;  

 
(a) The ACF, PACF, and IACF are nonzero for several lags 
indicating a mixed (ARMA) model.  For example here is a portion 
of the autocorrelation and partial autocorrelation output.  The 
plots have been modified for presentation here: 
 

          Autocorrelations 
Lag Correlation 0 1 2 3 4 5 6 7 8 9 1 
 
 0 1.000 |     |********************| 
 1 0.973 |     |******************* | 
 2 0.927 |     |******************* | 
 3 0.873 |     |*****************   | 
 4 0.819 |     |****************    | 
 5 0.772 |     |***************     | 
 6 0.730 |     |***************     | 
 7 0.696 |     |**************      | 
 8 0.668 |     |*************       | 
 9 0.645 |     |*************       | 
10 0.624 |     |************        | 
 
    "." marks two standard errors 
 
       Partial Autocorrelations 
 
Lag  Corr.  -3 2 1 0 1 2 3 4 5 6 7 8 9 1 
 
 1  0.97 |       . |******************* | 
 2 -0.36 |  *******| .                  | 
 3 -0.09 |       **| .                  | 
 4  0.06 |       . |*.                  | 
 5  0.09 |       . |**                  | 
 6 -0.00 |       . | .                  | 
 7  0.06 |       . |*.                  | 
 8  0.02 |       . | .                  | 
 9  0.03 |       . |*.                  | 
10 -0.02 |       . | .                  | 

 
The partial autocorrelations become close to 0 after about 3 lags 
while the autocorrelations remain strong through all the lags 
shown.  Notice the dots indicating two standard error bands.  For 
the ACF, these use Bartlett’s formula and for the PACF (and for 
the IACF, not shown) the standard error is approximated by the 
reciprocal of the square root of the sample size. While not a dead 
giveaway as to the nature of an appropriate model, these do 
suggest some possible models and seem to indicate that some 
fairly small number of autoregressive components might fit the 
data well.  
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(b) The MINIC chooses p=5, that is, an autoregressive model of 
order 5 as shown: 
  

      Error series model:  AR(6) 
 Minimum Table Value: BIC(5,0) = -3.23809 

 
The BIC(p,q) uses a Bayesian information criterion to select the 
number of autoregressive (p) and moving average (q) lags 
appropriate for the data, based on an initial long autoregressive 
approximation (in this case a lag 6 autoregression).   It is also 
possible that the data require differencing, or that there is some 
sort of trend that cannot be accounted for by an ARMA model.  In 
other words, just because the data are taken over time is no 
guarantee that an ARMA model can successfully capture the 
structure of the data.  
 
(c) The SCAN table’s complex diagnostics are summarized in this 
table:  
 

       ARMA(p+d,q) Tentative 
       Order Selection Tests 
 
       ---------SCAN-------- 
       p+d     q         BIC 
 
         3     1    -3.20803 
         2     3    -3.20022 
         5     0    -3.23809 
      (5% Significance Level) 

 
Notice that the BIC information criteria are included and that p+d 
rather than p is indicated in the autoregressive part of the table.  
The d refers to differencing.  For example, financial reports on the 
evening news include the level of the Dow Jones Industrials as 
well as the change, or first difference, of this series.  If the 
changes have an ARMA(p,q) representation then we say the 
levels have an ARIMA(p,d,q) where d=1 represents a single 
difference, or first difference, of the data.  The BIC for p+d=5 and 
q=0 is smallest (best) where we take the mathematical definition 
of smallest, that is, farthest to the left on the number line.   
 
Competitive with the optimal BIC model would be one with p+d=3 
and q=1.  This might mean, for example, that the first differences 
satisfy an ARMA(2,1) model.  This topic of differencing plays a 
major role in time series analysis and is discussed next.  

DIFFERENCING AND UNIT ROOTS 
In the full class of ARIMA(p,d,q) models,  from which PROC 
ARIMA derives its name, the I stands for “integrated.”  The idea is 
that one might have a model whose terms are the partial sums, 
up to time t, of some ARMA model.  For example, take the 
moving average model of order 1,  Wtj) = e(j) - .8 e(j-1).  Now if 
Y(t) is the partial sum up to time t of W(j) it is then easy to see 
that Y(1) = W(1) = e(1)-.8 e(0),  Y(2) = W(1) + W(2) = e(2) +  
.2 e(1) - .8 e(0), and in general Y(t) = W(1) + W(2) + … + W(t) = 
e(t) + .2[e(t-1) + e(t-2) + ….+e(1) ] - .8 e(0).  Thus Y consists of 
accumulated past shocks, that is, shocks to the system have a 
permanent effect.  Note also that the variance of Y(t) increases 
without bound as time passes.  A series in which the variance 
and mean are constant and the covariance between Y(t) and Y(s) 
is a function only of the time difference |t-s| is called a stationary 
series.  Clearly these integrated series are nonstationary.  
 
Another way to approach this issue is through the model.  Again 
let’s consider an autoregressive order 1 model 
 
       )t(e))t(Y()t(Y +−−=− µρµ 1  

 

Now if 1<|| ρ  then one can substitute the time t-1 value  

 

       )t(e))t(Y()t(Y 121 −+−−=−− µρµ  

to get 

  ))t(Y()t(e)t(e)t(Y µρρµ −−+−+=− 11 2  

 
and with further back substitution arrive at  
 

               ∑
∞

=
−+=−

1i

i )it(e)t(e)t(Y ρµ  

 
which is a convergent expression satisfying the stationarity 
conditions.  However, if 1=|| ρ  the infinite sum does not 

converge so one requires a starting value, say µ=)(Y 0 , in 

which case ∑
−

=
−++=

1

1

t

i

)it(e)t(e)t(Y µ that is, Y is just the 

initial value plus an unweighted sum of e’s or “shocks” as 
economists tend to call them.  These shocks then are permanent.   
 
Notice that the variance of Y(t) is t times the variance of the 
shocks, that is, the variance of Y grows without bound over time.  
As a result there is no tendency of the series to return to any 
particular value and the use of µ as a symbol for the starting 

value is perhaps a poor choice of symbols in that this does not 
really represent a “mean” of any sort.   
 
The series just discussed is called a random walk.  Many stock 
series are believed to follow this or some closely related model.  
The failure of forecasts to return to a mean in such a model 
implies that the best forecast of the future is just today’s value 
and hence the strategy of buying low and selling high is pretty 
much eliminated in such a model since we do not really know if 
we are high or low when there is no mean to judge against. Going 
one step further with this, the model  
 

)t(e))t(Y(.))t(Y(.)t(Y +−−−−−=− µµµ 220121  

 
can be rewritten in terms of  
 
        ))t(Y()t(Y)t(Y µµ −−−−=∇ 1  

as 
 
        )t(e)t(Y.)t(Y +−∇=∇ 120 . 

 
Notice that the term µ  that usually denotes a mean drops out of 

the model, again indicating that there is no tendency to return to 
any particular “mean.”   On the other hand if one tries to write  the 
model  
 

)t(e))t(Y(.))t(Y(.)t(Y +−−−−−=− µµµ 2320121  

 

in terms of )t(Y∇  the closet they can get is  

 
)t(e)t(Y.])t(Y[.)t(Y +−∇+−−−=∇ 13201120 µ  

 
In general, if one writes the model in terms of )t(Y∇ , its lags, 

and ])t(Y[ µ−−1  then the forecasts will not be attracted 

toward the mean if the lag Y coefficient is 0.   
 
A test for this kind of nonstationarity (H0) versus the stationary 
alternative was given by Dickey and Fuller (1979, 1981) for 
general autoregressive models and extended to the case of 
ARIMA models by Said and Dickey (1984 ) .  The test simply 
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regresses )t(Y∇ on the lag level )t(Y 1− , an intercept (or 

possibly a trend) and enough lagged values of )t(Y∇ , referred 

to as “augmenting lags,” to make the error series appear 
uncorrelated.  The test has come to be known as ADF for 
“augmented Dickey-Fuller” test.    
 
While running a regression is not much of a contribution to 
statistical theory, the particular regression described above does 
not satisfy the usual regression assumptions in that the 
regressors or independent variables are not fixed, but in fact are 
lagged values of the dependent variables so even in extremely 
large samples, the distribution of the “t test” for the lag Y 
coefficient has a distribution that is quite distinct from the t or the 
normal distribution.  Thus the contribution of researchers on this 
topic has been the tabulation of distributions for such test 
statistics.  Of course the beauty of the kind of output that SAS 
ETS procedures provide is that p-values for the tests are 
provided.  Thus the user needs only to remember that a p-value 
less than 0.05 causes rejection of the null hypothesis 
(nonstationarity).   
 
Applying this test to our river flow data is easy.  Here is the code  

PROC ARIMA;  
   IDENTIFY VAR=LGOLD NLAG=10  
 STATIONARITY=(ADF=3,4,5);  

Recall that sufficient augmenting terms are required to validate 
this test.  Based on our MINIC values and the PACF function, it 
would appear that an autoregressive order 5 or 6 model is easily 
sufficient to approximate the model so adding 4 or 5 lagged 
differences should be plenty. Results modified for space appear 
below, where “Lags” refers to the number of lagged differences. 
 

  Augmented Dickey-Fuller Unit Root Tests 
 
Type     Lags    Tau  Pr < Tau         
Zero Mean   3   0.11    0.7184 
            4   0.20    0.7433 
            5   0.38    0.7932 
Single Mean 3  -3.07    0.0299     
            4  -2.69    0.0768     
            5  -2.84    0.0548     
Trend       3  -3.08    0.1132     
            4  -2.70    0.2378     
            5  -2.82    0.1892     

 
These tests are called “unit root tests.”  The reason for this is that 
any autoregressive model, like  

  ( ) ( ) ( ) ( )tetYtYtY +−+−= 21 21 αα  

has associated with it a “characteristic equation” whose roots 
determine the stationarity or nonstationarity of the series.  
The characteristic equation is computed from the autoregressive 
coeffients, for example  

  021
2 =−− αα mm which becomes  

( )( ) 048320212 =−−=+− .m.m.m.m  

or 

( )( ) 02120212 =−−=+− .mm.m.m  

in our two examples.  The first example has roots less than 1 in 
magnitude while the second has a unit root, m = 1.  Note that  

( ) ( ) ( ) ( )
( ) ( ) ( )tetYtY

tYtYtY

+−−−+
−−−−=−−

21

111

2

21

α
αα

 

so that the negative of the coefficient of Y(t-1) in the ADF 
regression is the characteristic polynomial evaluated at m=1 and 
will be zero in the presence of a unit root.  Hence the name unit 
root test.  
 
Tests labeled “Zero Mean” run the regression with no intercept and 

should not be used unless the original data in levels can be 
assumed to have a zero mean, clearly unacceptable for our flows. 
The Trend cases add a linear trend term (i.e. time) into the 
regression and this changes the distribution of the test statistic.  
These trend tests should be used if one wishes the alternative 
hypothesis to specify stationary residuals around a linear trend.  
Using this test when the series really has just a mean results in low 
power and indeed here we do not reject the nonstationarity 
hypothesis with these Trend tests.  The evidence is borderline using 
the single mean tests, which would seem the most appropriate in 
this case.  
 
This is interesting in that the flows are measured daily so that 
seasonal patterns would appear as long term oscillations that the 
test would interpret as failure to revert to the mean (in a reasonably 
short amount of time) whereas in the long run, a model for flows that 
is like a random walk would seem unreasonable and could forecast 
unacceptable flow values in the long run.  Perhaps accounting for 
the seasonality with a few sinusoids would shed some light on the 
situation.   
 
Using PROC REG, one can regress on the sine and cosine of 

frequency 253652 ./kπ  for a few k values to take out the periodic 
pattern.  Creating these sine and cosine variables as S1, C1, S2, 
etc. we have 

 PROC REG;  
 MODEL LGOLD=S1 C1 S2 C2  
  S3 C3 S4 C4 S5 C5;  
 

and a graph of the river flows and the predicting function are 
shown below  
 

 
 
Fuller, Hasza, and Goebel (1981) show that, for large samples, a 
function bounded between two constants, such as a sinusoid or 
seasonal dummy variables, can be fitted and the error series 
tested using the ADF test percentiles that go with a single mean.  
The test is, of course, approximate and we would feel more 
comfortable if the yearly wave had gone through several cycles 
rather than slightly more than 1, but as a rough approximation, 
the ADF on the residuals is shown below in modified output. 
 

 Augmented Dickey-Fuller Unit Root Tests 
 
 Type          Lags  Tau  Pr < Tau     
 
 Zero Mean       2  -4.97    <.0001 
                 3  -4.49    <.0001 
                 4  -3.95    <.0001 
 Single Mean     2  -4.96    <.0001                  

        3  -4.48    0.0003              
       4  -3.94    0.0021 
 Trend           2  -5.98    <.0001  
                 3  -5.49    <.0001 
                 4  -4.94    0.0003 

 
Using sinusoidal inputs to capture seasonality has resulted in 
rather strong rejections of nonstationarity on the residuals.  The 
series appears to be well modeled with the sinusoids and a 
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stationary error model, even accounting for the approximate 
nature of the tests.   
 
We next see how to correctly incorporate inputs into a time series 
model.  

MODELS WITH DETERMINISTIC INPUTS 
Our sines and cosines are deterministic in that we know exactly 
what their values will be out into the infinite future.  In contrast, a 
series like rainfall or unemployment, used as a predictor of some 
other series, suffers from the problem that it is stochastic, that is, 
future values of this predictor are not known and must 
themselves be forecast.    
 
How do we know how many sines and cosines to include in our 
regression above?  One possibility is to overfit then use test 
statistics to remove unneeded sinusoids.  However, we are not 
on solid statistical ground if we do this with ordinary regression 
because it appears even in the graph that the residuals, while 
stationary, are not uncorrelated.  Note how the data go above the 
predicting function and stay for a while with similar excursions 
below the predicting function.  Ordinary regression assumes 
uncorrelated residuals and our data violate that assumption.   
 
It is possible to correct for autocorrelation.  PROC AUTOREG, for 
example, fits an ordinary least squares model, analyzes the 
residuals for autocorrelation automatically, fits an autoregressive 
model to them with unnecessary lags eliminated statistically, and 
then, based on this error model, refits the regression using 
generalized least squares, an extension of regression to 
correlated error structures. 
 

PROC AUTOREG;  
MODEL LGOLD=S1 C1 S2 C2  
    S3 C3 S4 C4 S5 C5 / NLAG=5 BACKSTEP;  

 
for example fits our sinusoidal trend with up to 5 autoregressive 
lags.   
 
Testing these lags, PROC AUTOREG  ejects lags 3 through 5 
from the model, giving this output 
 

Estimates of Autoregressive Parameters 
                                                           
                   Standard 
Lag   Coefficient     Error   t Value 
  1     -1.309659  0.046866    -27.94 
  2      0.387291  0.046866      8.26 

 
so that the error term Z(t) satisfies the autoregressive order 2 
model  Z(t) = 1.31 Z(t-1) – 0.39 Z(t-2) + e(t) .  This is stationary, 
but somewhat close to a unit root model so there could be a 
rather strong effect on the standard errors, that is, sinusoids that 
appeared to be important when the errors were incorrectly 
assumed to be uncorrelated may not seem so important in this 
correctly specified model.  In fact all of the model terms except 
S1 and C1 can be omitted (one at a time) based on significance 
of the autoreg-corrected t statistics, resulting in a slight change in 
the autoregressive coefficients.   
 
The model for Y(t) = LGOLD at time t becomes 
        Y(t) = 7.36 + .78 S1 + .60 C1 + Z(t)  
where  
        Z(t) = 1.31 Z(t-1) - .37 Z(t-2) + e(t)  
 
Another interesting piece of output is this 
 

Regress R-Square      0.0497     
Total   R-Square      0.9636 

 

What this means is that the predictors in the model (S1 C1) 
explain only 4.97 percent of the variation in Y(t) whereas if they 
are combined with lagged residuals, that is if you use the 
previous 2 days’ residuals to help predict today’s log flow rate, 
you can explain 96% of the variability.  Of course as you predict 
farther into the future, the correlation with the most recent 
residuals dies off and the proportion of variation in future log 
flows that can be predicted by the sinusoids and residuals from 
the last couple of days drops toward 4.97% 
 
A plot of the predicted values using the sine wave only and using 
the sine wave plus 2 previous errors, are overlaid as lines along 
with the data plotted as plus signs. Note how the plus signs (data) 
are almost exactly predicted by the model that includes previous 
residuals while the sine wave only captures the long term 
seasonal pattern.   
 

 
 
The same kind of modeling can be done in PROC ARIMA, 
however there you have nice syntax for handling differencing if 
needed, you are not restricted to purely autoregressive models 
for the errors, and in the case of stochastic inputs PROC ARIMA 
has the ability to incorporate the prediction errors in those inputs 
into the uncertainty (standard errors) for the forecasts of the 
target variable. Here is the syntax that fits the same model as 
PROC AUTOREG chose.   
 

 PROC ARIMA;  
 IDENTIFY VAR=LGOLD CROSSCOR=(S1 C1);  
 ESTIMATE INPUT = (S1 C1) P=2;  

 
If you replace the INPUT statement with  
 

 ESTIMATE INPUT = (S1 C1) PLOT;  

 
you will get the ACF, PACF etc. for the residuals from the 
sinusoidal fit, thus allowing you to make your own diagnosis of 
the proper error structure for your data.  
 
A second interesting example involves passenger loadings at 
RDU airport.  This is the airport that serves the Research Triangle 
area of North Carolina.  Data are taken form the RDU web page 
and represent passenger loadings for the airport.  This is an area 
with several universities and research oriented companies, 
including the SAS Institute world headquarters.  Thus we 
anticipate a seasonal travel pattern.   Either sinusoidal inputs or 
seasonal dummy variables might be appropriate.  A monthly 
seasonal dummy variable is 0 except when the date represents 
the particular month for that dummy variable,  say January.  
There the dummy variable is 1.  Multiplied by its coefficient, we 
see that this gives a January shift from some baseline pattern.  
With 12 months, we use 11 dummy variables leaving one month 
(often December) as the baseline.  
 
In order to account for a long run increase or decrease in 
passenger traffic, a variable DATE  will also be included as an 
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input.  Finally, imagine another dummy variable WTC that is 0 
prior to 9/11/01 and 1 thereafter.  Its coefficient would represent a 
permanent shift, we suppose downward, associated with the 
terrorist attacks on that date.  This model gives little flexibility to 
the attack response.  It can only be represented as a permanent 
shift in passenger loadings.  A bit of additional flexibility is added 
with a variable IMPACT that is 1 only for September 2001.   This 
allows a temporary one time only additional impact of the attacks.  
It could be positive, in that 10 days of business as usual 
occurred, but more likely it will be negative as the airport was 
actually closed for several days and there was an immediate 
negative reaction on the part of the flying public. 
 
Here is a plot of the data with a vertical reference line at 9/11/01. 
The passenger loadings were log transformed because of an 
apparent increase in variation as the level went up over time.  
The effect of the World Trade Center attacks is evident in the 
plot.   
 

 
We analyze this data as before, using the monthly dummy variables 
and an ARMA(1,2) error structure obtained by diagnosing the ACF 
etc. of the residuals along with some trial and error fitting.  Here are 
the estimated coefficients, showing a dropoff in air travel.  Again 
only partial output is shown:  
 

Parm   Estimate   Pr>|t| Lag Variable    
 
MU      9.298    <.0001  0   passengers      
MA1,1   0.233    0.1485  1   passengers      
MA1,2   0.317    0.0300  2   passengers      
AR1,1   0.904    <.0001  1   passengers      
NUM1   -0.135    <.0001  0   Jan             
NUM2   -0.121    0.0007  0   Feb             
NUM3    0.041    0.2586  0   Mar             
NUM4    0.071    0.0566  0   Apr             
NUM5    0.082    0.0298  0   May             
NUM6    0.096    0.0113  0   Jun             
NUM7    0.106    0.0054  0   Jul             
NUM8    0.055    0.1580  0   Aug             
NUM9   -0.099    0.0108  0   Sep             
NUM10   0.072    0.0492  0   Oct             
NUM11   0.022    0.4274  0   Nov             
NUM12   0.000    <.0001  0   date            
NUM13  -0.145    0.0363  0   impact          
NUM14  -0.374    <.0001  0   WTC  

 
Notice that the initial impact of the terrorist attack includes a drop 
-0.145 that is temporary and a permanent component  
-0.374 in the log transformed passenger loadings.  Both are 
significant.  The standard error associated with the permanent 
effect is .06871.  Thus the log transformed passenger loadings 
after the attack were 0.374 +/- 1.96(0.06871) less than before the 
attacks.  This gives a confidence interval [-0.2393,  -0.5087].  
Now if the logarithms of two numbers differ by x, the ratio of the 
two number is ex. Therefore the attacks cause a permanent 
dropoff in air travel down to between exp(-0.2392)= 78% and 
exp(-0.5087)= 60% of its former volume, according to the model.   
 

As one might anticipate from the nature of this region of the 
country, there is always a drop in travel in September as 
evidenced by the negative September dummy variable coefficient 
-0.099.  Because the variable DATE counts in days, its coefficient 
is small but yet significant (.0002911 per day increase in 
log(passengers) corresponding to exp(365(.0002911))=1.112, 
that is about 11% growth per year)  Note the importance of 
multiplying a regression coefficient times its X variable to assess 
the effect.  Recall that the seasonal dummy variable coefficients 
represent the difference between the month listed and December.  
Note the low traffic volume in January and February and the high 
summer volume.        
 
PROC ARIMA provides some very nice diagnostics.  The  Q 
statistics described in the white noise section of this paper are 
shown next for this model.   Replacing q=2 with q=(2) in the 
ARIMA ESTIMATE statement would put a moving average 
parameter only at lag 2, not 1 and 2.  Some researchers prefer 
not to skip over lags except in certain seasonal models.  We have 
followed that philosophy.    
 

  Autocorrelation Check of Residuals 
 
 To   Chi-       Pr > 
Lag Square  DF ChiSq  -Autocorrelations- 
 
 6  3.07   3  0.3808  -0.062 ... -0.071 
12  6.59   9  0.6797  -0.041 ... -0.074 
18  9.40  15  0.8558   0.074 ... -0.001 
24 22.66  21  0.3622   0.007 ... -0.296 

 
 Notice that there is no evidence of autocorrelation in the 
residuals.  That means our ARMA(1,2) model was sufficient to 
explain the autocorrelation in the residuals. 
 

Dynamic response to inputs  
Another possibility for responding to an input falls under the 
heading of distributed lags, that is, the effect is spread over 
several periods.  Take for example, an X variable that is 0 except 
at time t=8.   Now specify a model component  
 Y(t) =  5 X(t) / (1-.8 B)  
where as before, B is a backshift operator.  What is the meaning 
of this expression?  Algebraically we can write 
  (1-.8 B) Y(t) = 5 X(t)  
or  
 Y(t) = 5 X(t)  + .8 Y(t-1) 
Now this Y(t) component starts as a string of 0s. At time t=8 X is 
1 so Y(8) = 5.  Next Y(9) is 0 + .8(5) = 4, Y(10) = 3.2, Y(11) = 
2.56 etc. Thus there is an immediate impact of X (perhaps at time 
8 there was a major storm, an advertising blitz, etc.) and a 
lingering but exponentially decreasing effect for several periods 
thereafter.   
 
If instead X(t) is 1 at time t=8 and thereafter  then Y again starts 
as 7 0s and a 5. This time Y(9) = 5 + .8 Y(7) = 9 and Y(10) =  
5 + .8(9) = 12.2 etc.  Eventually the Y values approach 5/(1-.8) = 
25.  This might be the case with a new regulation like an anti-
pollution law that takes effect at time 8.  The response is only 
partially felt immediately and accumulates over time.  If the 
coefficient 5 is replaced by -5, this would represent an ultimate 
decrease of 25 in pollutants.  
 
We can specify such a component for our passenger loadings.  
Using a dynamic backshift multiplier for the IMPACT variable 
would allow an immediate negative impact on passenger travel 
which becomes smaller and smaller over time.  If this causes the 
permanent WTC variable to become insignificant then there is no 
permanent effect of the attacks on passenger loadings.  The 
syntax is  
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ESTIMATE INPUT= 
   (JAN … NOV DATE  /(1) IMPACT   WTC) P=1 Q=2;  
Notice the syntax /(1) IMPACT.  This indicates a denominator lag, 
because of the “/” and just one lag (1).  
Here is part of the output.  
 

Parm     Estimate Pr>|t|  Lag Variable 
NUM13   -0.30318  0.0219    0 impact          
DEN1,1   0.76686  0.0001    1 impact 
NUM14   -0.26236  0.0439    0 WTC  

 
The three values of interest are significant. The rate of “forgetting” 
as we might call it is 0.77.  That is, 77% of the initial impact of 
9/11/01 remains in October, 59% in November, etc.  That is 
above and beyond the permanent effect -0.26236.  Now that the 
initial impact is allowed to dissipate slowly over time rather than 
having to disappear instantly, the permanent effect is not quite as 
pronounced and its statistical significance not quite so strong, 
although at the standard 5% level we do have evidence of a 
permanent effect.     
 
This model displays excellent Q statistics just as the one before.  
In comparing models, one possibility is to use one of the many 
information criteria in the literature.  One of the earliest and most 
popular is AIC, commonly referred to as Akaike’s information 
criterion.  It trades off the fit, as measured by -2L, twice the 
negative of the log transformed likelihood function versus the 
number of parameters k in the model. We have AIC = -2L + 2k 
and the model with the smallest AIC is to be selected.  The AIC 
for the one time only impact model was -215.309 and for the 
dynamic impact response model it was a smaller (better) number  
AIC = -217.98.  Other information criteria are available such as 
the Schwartz Bayesian criterion SBC which has a penalty for 
parameters related to the sample size, thus a heavier penalty 
than AIC in large data sets. SBC is smaller in the dynamic model 
thus agreeing with AIC that the dynamic response is preferred.  

RAMPS  
Some analysts use a ramp function to describe a breaking trend 
in their data, that is, a linear trend that suddenly changes slope at 
some point in time.  We illustrate with data from the Nenana Ice 
Classic.  This is a very interesting data set.  In 1917 workers 
assembled to build a bridge across the Tanana River near 
Nenana Alaska, however work could not begin because the river 
was frozen over.  To kill time, the workers began betting on 
exactly when the ice would break up.   A large tripod was erected 
on the ice and it was decided that when the ice began to break up 
so that the tripod moved a certain distance downstream, that 
would be the breakup time and the winner would be the one with 
the closest time.  This occurred at 11:30 a.m. April 30, 1917, but 
this was only the beginning.  Every year, this same routine is 
followed and the betting has become more intense.  The tripod is 
hooked by a rope to an official clock which is tripped to shut off 
when the rope is extended by the tripod floating downstream.  
There is even a Nenana ice classic web site.  The data have 
some ecological value. One wonders if this unofficial start of 
spring, as the residents interpret it, is coming earlier in the year 
and if so, could it be some indicator of long term temperature 
change?   
 
A graph of the breakup time is shown with a vertical line 
appearing at a point where there seems to be a change from a 
somewhat level series to one with a decreasing trend, that is, 
earlier and earlier ice breakup.   
 

 
 
Now imagine a variable X(t) that is 0 up to year 1960 then is 
(year-1960), that is, it is 0, 0 , …, 0 , 1, 2, 3 …  Now this variable 
would have a coefficient in our model.  If the model has an 
intercept and X(t) then the intercept is the level before 1960 and 
the coefficient of X(t) is the slope of the line after 1960.  This 
variable is sometimes referred to as a “ramp” because if we plot 
X(t) against t it looks like a ramp that might lead up to a building.  
 
 If, in addition, year were entered as an explanatory variable, its 
coefficient would represent the slope prior to 1960 and its 
coefficient plus that of X(t) would represent the slope after 1960. 
In both cases the coefficient of X(t) represents a slope change, 
and in both cases the reader should understand that the modeler 
is pretending to have known beforehand that the year of change 
was 1960, that is, no accounting for the fact that the year chosen 
was really picked because it looked the most like a place where 
change occurred. This data derived testing has the same kinds of 
statistical problems as are encountered in the study of multiple 
comparison tests.  
 
For the Nenana Ice Classic data,  the ramp can be created in the 
data step by issuing the code  
 

 RAMP = (YEAR-1960)*(YEAR>1960);  
  
We can incorporate RAMP into a time series model by using the 
following PROC ARIMA code where BREAK is the variable 
measuring the Julian date of the ice breakup: 
 

PROC ARIMA;  
IDENTIFY VAR=BREAK CROSSCOR=(RAMP);  
ESTIMATE INPUT=(RAMP) PLOT;  

 
Some modified output from the partial autocorrelation function 
produced by the PLOT option follows.  No values larger than 0.5 in 
magnitude occurred and no correlations beyond lag 8 were 
significant.  The labeling of the plot uses 5, for example, to denote 
0.5.  Note that there is some evidence of correlation at around a 6 
year lag.   
 

      Partial Autocorrelations 
 
Lag  Corr.   -5 4 3 2 1 0 1 2 3 4 5 
 
  1 -0.029    |      .  *|   .      | 
  2  0.097    |      .   |** .      | 
  3  0.033    |      .   |*  .      | 
  4  0.025    |      .   |*  .      | 
  5 -0.187    |      ****|   .      | 
  6 -0.250    |     *****|   .      | 
  7  0.127    |      .   |***.      | 
  8  0.000    |      .   |   .      | 

 
The Q statistics test the null hypothesis that the errors are 
uncorrelated.  Here is the (modified) output:  
 

SUGI 28 Statistics and Data AnalysisSUGI 28 Statistics and Data Analysis



 

8 

 
     Autocorrelation Check of Residuals 
 
 To   Chi-      Pr > 
Lag Square DF   ChiSq  -Autocorrelations- 
 
 6   8.60  6  0.1972  -0.029 ... -0.221 
12  15.06 12  0.2380   0.102 ... -0.054 
18  18.81 18  0.4037  -0.033 ... -0.018 
24  20.81 24  0.6502  -0.037 ... -0.097 

 
The Q statistics indicate that the ramp alone is sufficient to model 
the structure of the ice breakup date.  Recall that Q is calculated 
as n times a weighted sum of the squared autocorrelations.  Like 
the partial autocorrelations, the lag 6 autocorrelation -0.221 
appears form the graph (not shown) to be significant.  I conclude 
that this one somewhat strong correlation, when averaged in with 
5 other small ones, is not large enough to show up whereas on its 
own, it does seem to be nonzero. There are two courses of action 
possible.  One is to state that there is no particular reason to 
think of a 6 year lag as sensible and to attribute the statistical 
result to the one in 20 false rejections that are implied by the 
significance level 0.05.  In that case we are finished – this is just 
a regression and we would go with the results we have right now:  
 

Parm.   Est.  t Value  Pr > |t|    
 
MU    126.24   164.59    <.0001      
NUM1  -0.159    -3.36    0.0012  

 
The slope is negative and significant (p=0.0012) indicating an earlier 
ice breakup in recent years.  
 
A second choice would be to put a lag 6 autoregressive term in the 
model.  To do this, issue the code  
 

ESTIMATE INPUT=(RAMP) P=(6);  
 
Note the parenthesized “lag list” format that is used when you want 
to include just some lags and skip over others.  With several lags in 
the list, comma separators are required.  
 
The results here are about the same.  The autoregressive 
coefficient is about -.24 and its t statistic -2.11 has a p-value 
between .03 and .04 so accounting for the fact that looking at lag 6 
is a data derived decision, there is not a very strong argument 
against the original simpler model shown above.  The Q statistics, 
of course, still look good – slightly better than those of the simpler 
model.  
 
 

  To      Chi-         Pr > 
 Lag    Square   DF   ChiSq  
  
   6      6.22    5  0.2854   
  12     12.56   11  0.3230    
  18     15.95   17  0.5274   
  24     18.80   23  0.7126   

  
In our modeling we have treated the trend break at 1960 as though 
we had known beforehand that this was the date of some change.  
In fact, this was selected by inspecting the data.  The data that has 
been shown thus far are up through 2000 and were popularized in 
the October 26, 2001 issue of Science, in an article by Raphael 
Sagarin and Fiorenza Micheli.  The next 2 years of data are now 
available over the web and rather than breaking up early, the last 
couple of years the ice has stayed frozen until May 8 and 7.  With 
that, the slope becomes -0.128, closer to 0 but still significant.  

ARCH MODELS 
Some financial data appears to have variance that changes locally.  

For example, the “returns” on the Dow Jones Industrials Average 
Y(t) seem to have this property.  Letting Y(t) be the day t Dow Jones 
level, the logarithm of the percentage gain over the previous day 
R(t) =  log(Y(t)/Y(t-1)) represents the overnight return on a dollar.   A 
graph of these returns over a long period of time is shown below.  
The vertical reference lines are: Black Friday, FDR assumes office, 
WW II starts, Pearl Harbor, and WW II ends. 
 

 
 
Note the extreme volatility during the great depression and the 
relative stability between Pearl Harbor and the end of WW II.   
 
Engle (1982) and Bollerslev (1986) introduce ARCH and GARCH 
models.  In these models. the innovations variance h(t) at time t 
is assumed to follow an autoregressive moving average model,  
with squared residuals where the uncorrelated shocks usually go.  
The variance model is   

∑∑
==

−+−+=
p

j
j

q

i
i )jt(h)it(e)t(h

11

2 γαω  

where e(t) is the residual at time t.  The model can even be fit 
with unit roots in the “autoregressive” part in which case the 
models are called Integrated GARCH or IGARCH  models.  
 
We fit an integrated GARCH model (TYPE = INTEG)  to these 
data in PROC AUTOREG as follows:  
 

PROC AUTOREG DATA=DOW;  
  MODEL DDOW = / NLAG=2  
  GARCH = (P=2, Q=1, TYPE=INTEG, NOINT );  
  OUTPUT OUT=OUT2 HT=HT 
  PREDICTED=F LCLI=L UCLI=U;  

 
Now the default prediction intervals use an average variance but by 
outputting the time varying variance HT as shown, the user can 
construct prediction intervals that incorporate the volatility changes.  
The output shows the 2 autoregressive parameters and the GARCH 
parameters, all of which are significant.   

                                      
Standard                 Approx 
Variable  DF  Estimate  t Value   Pr>|t| 
 
Intercept  1  0.000363     4.85   <.0001 
AR1        1   -0.0868    -8.92   <.0001 
AR2        1    0.0323     3.37   0.0008 
ARCH1      1    0.0698    17.60   <.0001 
GARCH1     1    0.7078    11.63   <.0001 
GARCH2     1    0.2224     3.88   0.0001 

 
Thus it is seen that the variance is indeed changing over time, 
the ARCH and GARCH parameters being significant.   
 
In closing, here is a graph of the default prediction intervals that 
use the average variance overlaid with user constructed intervals 
computed using the square root of HT from the OUT2 data set.   
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CONCLUSION  
PROC ARIMA and PROC AUTOREG allow the fitting of 
univariate time series models as well as models with inputs.  
Dynamic response models and models with nonconstant 
variances can be fit as illustrated.  These procedures provide a 
large flexible class of models for analyzing and forecasting data 
taken over time. 

REFERENCES  
Brocklebank, J. C. and Dickey, D. A.  (2003)  SAS System for 
Forecasting Time Series, SAS Institute (to appear).  
 
Dickey, D. A. and Fuller, W. A.  (1979) “Distribution of the Estimates 
for Autoregressive Time Series with a Unit Root,” J. American Stat. 
Assn., 74, 427-431.  
 
Dickey, D. A. and Fuller, W. A.  (1981) “Likelihood Ratio Statistics 
for Autoregressive Time Series with a Unit Root,” Econometrica,  
49, 1057-1072.  
 
Fuller, W. A., Hasza, D. P., and Goebel, J. J. (1981) “Estimation of 
the Parameters of Stocahstic Difference Equations,” Annals of 
Statistics 9, 531-543. 
 
Said, S. E. and D. A. Dickey (1984) “Testing for Unit Roots in 
Autoregressive-Moving Average Models of Unknown Order,” 
Biometrika, 71, 599-607. 
 
Tsay, R. S. and Tiao, G. C.  (1984) “Consistent Estimates of 
Autoregressive Parameters and Extended Sample Autocorrelation 
Function for Stationary and Nonstationary ARMA Models,”  Journal 
of the American Statistical Association, 79, 84-76.  
 
Tsay, R. S. and Tiao, G. C.  (1985) “Use of Canonical Analysis in 
Time Series Identification,” Biometrika, 72, 299-315. 

ACKNOWLEDGMENTS  
Thanks to Karla Nevils and Joy Smith for help in putting this 
manuscript into final form and to Dr. John Brocklebank for useful 
discussions about ETS. 

CONTACT INFORMATION  
Your comments and questions are valued and encouraged.  
Contact the author at: 

David A. Dickey 
 Department of Statistics 
 North Carolina State University 
 Raleigh, NC  27695-8203 
 Work Phone:  919-515-1925 
 Fax: 919-515-1169 

 Email:  dickey@stat.ncsu.edu 
  Web:  www.stat.ncsu.edu/~dickey 
 
SAS and all other SAS Institute Inc. product or service names are 
registered trademarks or trademarks of SAS Institute Inc. in the 
USA and other countries. ® indicates USA registration.   
 
Other brand and product names are trademarks of their 
respective companies.  
 

SUGI 28 Statistics and Data AnalysisSUGI 28 Statistics and Data Analysis


	SUGI 28 Title Page
	SUGI 28 Conference Leaders
	Section Keynotes
	2003 SASware Ballot Results
	Upcoming SUGI Conferences
	Wrapup of SUGI 27
	Advanced Tutorials
	SUGI 28:  Multi-platform SAS(r), Multi-platform Code
	SUGI 28:  Reducing the CPU Time of Your SAS(r) Jobs by More than 80%: Dream or Reality?
	SUGI 28:  Indexing and Compressing SAS(r) Data Sets: How, Why and Why Not
	SUGI 28:  Hashing: Generations
	SUGI 28:  Version 9 Epiphanies
	SUGI 28:  Developing SAS/AF(r) Applications with Form Viewers and Table Viewers
	SUGI 28:  Fast and Easy Ways to Advance on Your Beginning SAS(r) Coworkers!
	SUGI 28:  Advanced Analytics with Enterprise Guide(r)
	SUGI 28:  Categorical Data Analysis with Graphics
	SUGI 28:  A Serious Look at Macro Quoting
	SUGI 28:  Generating Custom Excel Spreadsheets Using ODS
	SUGI 28:  The Power of Pictures and Paint: Using Image Files and Color with ODS, SAS(r), and SAS/GRAPH(r)
	SUGI 28:  Web Enabling Your Graphs with HTML, ActiveX, and Java Using SAS/GRAPH(r) and the Output Delivery System
	SUGI 28:  PROC REPORT: Doin' It In STYLE!
	SUGI 28:  Fancy MS Word Reports Made Easy: Harnessing the Power of Dynamic Data Exchange
	SUGI 28:  Using Different Methods for Accessing Non-SAS(r) Data to Build and Incrementally Update That Data Warehouse
	SUGI 28:  SAS/ACCESS(r) to External Databases: Wisdom for the Warehouse User
	SUGI 28:  Undocumented and Hard-to-Find SQL Features
	SUGI 28:  Tips from the Hood: Challenging Problems and Tips from SAS-L

	Applications Development
	SUGI 28:  %WINDOW: Get the Parameters the User Wants and You Need
	SUGI 28:  Next Generation Data _NULL_ Report Writing Using ODS OO Features
	SUGI 28:  Hot Links: Creating Embedded URLs Using ODS
	SUGI 28:  ODS to RTF: Tips and Tricks
	SUGI 28:  XML in the DATA Step
	SUGI 28:  Using SAS(r) Software to Analyze Web Logs
	SUGI 28:  Developing SAS/AF(r) Applications Made Easy
	SUGI 28:  The One-Time Methodology: Encapsulating Application Data
	SUGI 28:  SAS(r) Helps Those Who Help Themselves: Creating Tools to Aid in Your Application Development
	SUGI 28:  'Watch Your Language!' -- Using SCL Lists to Store Vocabulary
	SUGI 28:  Application Refactoring with Design Patterns
	SUGI 28:  Using IOM and Visual Basic in SAS(r) Program Development
	SUGI 28:  Using AppDev Studio(tm) and Integration Technologies for an Easy and Seamless Interface between Java and Server-Side SAS(r)
	SUGI 28:  A Pinch of SAS(r), a Fraction of HTML, and a Touch of JavaScript Serve Up a Grand Recipe
	SUGI 28:  Web Enable Your SAS(r) Applications
	SUGI 28:  Producing American Community Survey Edit Analysis Reports Dynamically Using SAS/IntrNet(r)
	SUGI 28:  Using a Dynamic SAS/IntrNet(r) Application to Create Statistical Comparison Reports and Download as SAS(r) Data Sets
	SUGI 28:  'The California Template' or 'How to Keep from Reinventing the Wheel Using SAS/IntrNet(r), JavaScript, and Process Reengineering'
	SUGI 28:  UNIX Meet PC: Version 8 to the Rescue
	SUGI 28:  A Table-Driven Solution for Clinical Data Submission
	SUGI 28:  A Programming Development Environment for SAS(r) Programs
	SUGI 28:  StARScope: A Web-Based SAS(r) Prototype for Clinical Data Visualization
	SUGI 28:  Dynamically Building SQL Queries Using Metadata Tables and Macro Processing
	SUGI 28:  Make Your SAS/ACCESS(r) Query More Efficient
	SUGI 28:  Building Metadata Repository for Data Sets
	SUGI 28:  Big Brother for SAS/IntrNet(r) Security and Tracking Agent
	SUGI 28:  Advanced CRM Solution Using Java Applications
	SUGI 28:  Automotive Warranty Data Analysis on the World Wide Web
	SUGI 28:  Developing Data-Driven Applications Using JDBC and Java Servlet/JSP Technologies
	SUGI 28:  GoodsHound -- Building Multi-functional Web-Based Applications with SAS/IntrNet(r) and JavaScript
	SUGI 28:  Developing Custom Analytic Tasks for SAS(r) Enterprise Guide(r)

	Beginning Tutorials
	SUGI 28:  A Beginner's Guide to Incorporating SAS(r) Output into Microsoft Office Applications
	SUGI 28:  Mouse Clicking Your Way to Viewing and Manipulating Data with Versions 8 and 9 of the SAS(r) System
	SUGI 28:  Connecting the SAS(r) System to the Web: An Introduction to SAS/IntrNet(r) Application Dispatcher
	SUGI 28:  Describing and Retrieving Data with SAS(r) Formats
	SUGI 28:  Nine Steps to Get Started Using SAS(r) Macros
	SUGI 28:  How Regular Expressions Really Work
	SUGI 28:  Beyond Debugging: Program Validation
	SUGI 28:  Errors, Warnings, and Notes (Oh My): A Practical Guide to Debugging SAS(r) Programs
	SUGI 28:  Introduction to the SAS(r) Custom Tag Library
	SUGI 28:  DHTML -- GUI on the Cheap
	SUGI 28:  Tips for Manipulating Data
	SUGI 28:  Data Warehouse Administrator: Step by Step
	SUGI 28:  Java Syntax for SAS(r) Programmers
	SUGI 28:  Java Servlets and Java Server Pages for SAS(r) Programmers: An Introduction
	SUGI 28:  Date Handling in the SAS(r) System
	SUGI 28:  SAS(r) System Options Are Your Friends
	SUGI 28:  Easy, Elegant, and Effective SAS(r) Graphs: Inform and Influence with Your Data
	SUGI 28:  SAS(r) Enterprise Guide(r) -- Getting the Job Done
	SUGI 28:  Getting Up to Speed with PROC REPORT
	SUGI 28:  SAS(r) Reporting 101: REPORT, TABULATE, ODS, and Microsoft Office

	Coders' Corner
	SUGI 28:  Space Odyssey: Concatenate Zip Files into One Master File
	SUGI 28:  The URL-y Show: Using SAS(r) LE and the URL Access Method to Retrieve Stock Quotes
	SUGI 28:  So Many Files, So Little Time (or Inclination) to Type Their Names: Spreadsheets by the Hundreds
	SUGI 28:  Splitting a Large SAS(r) Data Set
	SUGI 28:  Comparative Efficiency of SQL and Base Code When Reading from Database Tables and Existing Data Sets
	SUGI 28:  Automatically Combining the Data from a Variety of DBMSs with ODBC and PROC SQL
	SUGI 28:  Automatic Data File Retrieval from Different Database Engines
	SUGI 28:  UNLOADing Data from Informix
	SUGI 28:  Return Code from Macro; Passing Parameter by Reference
	SUGI 28:  If Only 'Page 1 of 1000'
	SUGI 28:  Don't Dither About Your Data, Let SAS/GRAPH(r) Trending Box Plots Drive Decision Making
	SUGI 28:  A Handy Use of the %LINE Annotate Macro
	SUGI 28:  A Drill-Down Diet: An Example of a Dynamic Detail Access on the Web Using SAS/GRAPH(r) and ODS
	SUGI 28:  Make Your Life and Little Easier:  A Collection of SAS Macro Utilities
	SUGI 28:  More _Infile_ Magic
	SUGI 28:  The Power of Recursive SAS(r) Macros -- How Can a Simple Macro Do So Much?
	SUGI 28:  Continuous or Not: How One Can Tell
	SUGI 28:  Identifying Continuity in Longitudinal Data
	SUGI 28:  Determining the Dimensionality of Data: A SAS(r) Macro for Parallel Analysis
	SUGI 28:  Using a SAS(r) Macro to Document the Database
	SUGI 28:  An Automated MS Powerpoint Presentation Using SAS(r)
	SUGI 28:  A Macro Using SAS(r) ODS to Summarize Client Information from Multiple Procedures
	SUGI 28:  Multiple Graphs on One Page: The Easy Way (PDF) and the Hard Way (RTF)
	SUGI 28:  Taking Control of Macro Variables
	SUGI 28:  PROC SQL vs. Merge -- The Miller Lite Question of 2002 and Beyond
	SUGI 28:  An Efficient Approach to Combine SAS(r) Data Sets with Voluminous Variables That Need Name and Other Changes
	SUGI 28:  Danger: MERGE Ahead! Warning: BY Variable with Multiple Lengths!
	SUGI 28:  The DOW (Not that DOW!!!) and the LOCF in Clinical Trials
	SUGI 28:  MACRO Function with Error Handling to Automatically Generate Global Macro Date Variables
	SUGI 28:  Report? Make It Easy -- An Example of Creating Dynamic Reports into Excel
	SUGI 28:  Another Shot at the Holy Grail: Using SAS(r) to Create Highly-Customized Excel Workbooks
	SUGI 28:  Combining Summary Level Data with Individual Records
	SUGI 28:  RETAINing Information to Identify Entity Characteristics
	SUGI 28:  Randomized Rounding
	SUGI 28:  Logicals from Libraries: Using Storage as a Bridge between Sessions
	SUGI 28:  %Fun &With %SYSFUNC
	SUGI 28:  Creating Display Manager Abbreviations and Keyboard Macros for the Enhanced Editor
	SUGI 28:  Build a SAS(r) Development Environment under Windows
	SUGI 28:  Using SAS(r) Catalogs to Develop and Manage DATA Step Programs
	SUGI 28:  Let's Play a Game: A SAS(r) Program for Creating a Word Search Matrix
	SUGI 28:  SAS/CONNECT(r): The Ultimate in Distributed Processing
	SUGI 28:  Run Time Comparison Macro
	SUGI 28:  Parallel Processing on the Cheap: Using Unix Pipes to Run SAS(r) Programs in Parallel
	SUGI 28:  Date Parameters for Interval Reporting
	SUGI 28:  Keep Those Formats Rolling: A Macro to Manage the FMTSEARCH= Option
	SUGI 28:  A Simplified and Efficient Way to Map Variables of a Clinical Data Warehouse
	SUGI 28:  Renaming All Variables in a SAS(r) Data Set Using the Information from PROC SQL's Dictionary Tables
	SUGI 28:  The BEST. Message in the SAS(r) Log

	Data Mining Techniques
	SUGI 28:  Modeling Customer Lifetime Value Using Survival Analysis - An Application in the Telecommunications Industry
	SUGI 28:  A Simple Bayesian Approach in Mining the Touch Point Data
	SUGI 28:  Shopping for Voters: Using Association Rules to Discover Relationships in Election Survey Data
	SUGI 28:  Monitoring, Analyzing, and Optimizing Waterflood Responses
	SUGI 28:  Multistage Cross-Sell Model of Employers in the Financial Industry
	SUGI 28:  The Use of Geographic Information Systems to Investigate Environmental Pollutants in Relationship to Medical Treatment

	Data Presentation
	SUGI 28:  Dynamic Behavior from Static Web Applications
	SUGI 28:  SAS(r) and the Internet for Programmers
	SUGI 28:  Web Communication Effectiveness: Design and Methods to Get the Best Out of ODS, SAS(r), and SAS/GRAPH(r)
	SUGI 28:  Regulatory Overview of Using SAS/IntrNet(r) to Collect Data from Thousands of Users
	SUGI 28:  Using Formats and Other Techniques to Complete PROC REPORT Tables
	SUGI 28:  Custom Map Displays Created with SAS/GRAPH(r) Procedures and the Annotate Facility
	SUGI 28:  What's in a Map? A Macro-driven Drill-down Geo-graphical Representation System
	SUGI 28:  Working with RGB and HLS Color Coding Systems in SAS(r) Software
	SUGI 28:  SAS/IntrNet(r) and Census Mapping: How Low Would You Like to Get
	SUGI 28:  Exporting SAS/GRAPH(r) Output: Concepts and Ideas
	SUGI 28:  Innovative Graph for Comparing Central Tendencies and Spread at a Glance
	SUGI 28:  A Plot and a Table Per Page Times Hundreds in a Single PDF File
	SUGI 28:  Why Data _Null_ When You Can RTF Faster?
	SUGI 28:  Business Intelligence Applications with JMP(r) Software
	SUGI 28:  ODS or DDE for Data Presentation -- A Preliminary Comparison of Output from Different Sources
	SUGI 28:  ODS PDF: It's Not Just for Printing Anymore!
	SUGI 28:  It's All in the Presentation
	SUGI 28: ODS LAYOUT: Arranging ODS Output as You See Fit
	SUGI 28:  Creating Drill-Down Graphs Using SAS/GRAPH(r) and the Output Delivery System
	SUGI 28:  Efficient Reporting with Large Numbers of Variables: A SAS(r) Method

	Data Warehousing and Enterprise Solutions
	SUGI 28:  Scaling SAS(r) Data Access to Oracle RDBMS
	SUGI 28:  Using SAS(r) Strategically: A Case Study
	SUGI 28:  Understanding SAS/Warehouse Administrator(r)
	SUGI 28:  How to Access PC File Data Objects Directly from UNIX
	SUGI 28:  SAS(r) in the Office -- IT Works
	SUGI 28:  Multi-Center Study Data Management With A Distributed Application
	SUGI 28:  Performance Tuning SAS/ACCESS(r) for DB2
	SUGI 28:  Using Information Effectively to Make More Profitable Decisions: The Ten Letter Solution for Finance
	SUGI 28:  The Value of ETL and Data Quality
	SUGI 28:  The Horror of Bad Data Quality
	SUGI 28:  'How Do I Love Thee? Let Me Count the Ways.' SAS(r) Software as a Part of the Corporate Information Factory
	SUGI 28:  Finding Time: SAS(r) and Data Warehouse Solutions for Determining Last Day of the Month
	SUGI 28:  New Ways and Means to Summarize Files
	SUGI 28:  Better Decisions Through Better Data
	SUGI 28:  Deploying Enterprise Solutions: The Business and Technical Issues Faced by SAS(r) Technologists
	SUGI 28:  Ring Charts
	SUGI 28: Next Generation Warehousing with Version 9
	SUGI 28:  Why SAS(r) is the Best Place to Put Your Clinical Data
	SUGI 28:  Transactional Records Access Clearinghouse: SAS(r) Based Warehouse and Mining Tools Keeps Tabs on U.S. Government

	Emerging Technologies
	SUGI 28:  XML? We do that!
	SUGI 28:  Extending SAS(r) Data Services via XML and Java
	SUGI 28: SAS Metadata, Authorization and Management Services -- Working Together for You
	SUGI 28:  Future Trends and New Developments in Data Management
	SUGI 28:  Flip the Bow Tie: Pushing Business Intelligence to Operational Applications
	SUGI 28:  A Successful Implementation of a Complicated Web-based Application Through webAF(tm) and SAS(r) Integration Technologies
	SUGI 28:  An Integrated View of the Customer
	SUGI 28:  Rapid Analytic Application Deployment
	SUGI 28:  Managing Clinical Trials Data with a SAS-Based Web Portal
	SUGI 28:  PROLAP -- A Programmatic Approach to Online Analytical Processing
	SUGI 28:  The Use of Scripting Languages, Database Technology, and SAS/IntrNet(r) to Revolutionize the Research Process
	SUGI 28: The SUGI Survey: A Case Study of Deploying a Web-Enabled SAS(r) Application to a Handheld
	SUGI 28:  SAS(r) Enterprise Guide(r) Future Directions -- Analytic Business Intelligence with SAS
	SUGI 28:  New Technologies for Delivering Data to Internal and External Clients

	Hands-on Workshops
	SUGI 28:  Getting PC SAS(r) to Do What You Want, When You Want, How You Want
	SUGI 28:  How SAS(r) Thinks or Why the DATA Step Does What It Does
	SUGI 28:  PROC DATASETS: Managing Data Efficiently
	SUGI 28:  Managing SAS(r) Libraries to Improve Your Programming Environment
	SUGI 28:  Macro Power
	SUGI 28:  XML Primer for SAS(r) Programmers
	SUGI 28:  Creating Dynamic Web Based Reporting
	SUGI 28:  SAS(r) with Style: Creating Your Own ODS Style Template
	SUGI 28:  So You're Still Not Using PROC REPORT. Why Not?
	SUGI 28:  The Simplicity and Power of the TABULATE Procedure
	SUGI 28: Introduction to JMP(r)
	SUGI 28:  Making the Most of Version 9 Features
	SUGI 28: A Gentle Introduction to SAS/GRAPH(r) Software

	Posters
	SUGI 28:  An Approach to Displaying Predicted Survival Data Based on the Level of a Continuous Covariate
	SUGI 28:  Accelerating the Construction of Data Entry Applications in UNIX Systems for Epidemiology and Healthcare Policy Researches
	SUGI 28:  Developing SAS(r) Ready Analyzable Data Systems: A Java Web Application for Creation and Management of SAS(r) Relational Databases
	SUGI 28:  Linkage of Patient Registries and Clinical Data Sets without Patient Identifiers
	SUGI 28:  Spectral Decomposition of Performance Variables for Dynamic System Characterization of Web Servers
	SUGI 28:  What's in a Map? A Macro-Driven Drill-Down Geo-graphical Representation System
	SUGI 28:  Analysis of Method Comparison Studies Using SAS(r)
	SUGI 28:  P-Value Generation Simplified with a Single SAS(r) Macro
	SUGI 28: ODS in an Instant!
	SUGI 28:  The Use of Formats, Concatenate, and Sum for Reporting on "Check All That Apply" Variables
	SUGI 28:  An Interactive Table for the Web Using SAS(r) and JavaScript
	SUGI 28:  Posting Project Status to the Web Through SAS(r) Programming
	SUGI 28:  Teaching Statistical Methods Courses with Case Studies and JMP(r)
	SUGI 28:  “From Data to Analysis, Results and Reports” -- A Researcher’s Dilemma but A Programmer’s Challenge
	SUGI 28:  Filling Report Templates with the SAS(r) System and DDE
	SUGI 28:  Creating Tables or Listings with a Zero-Record SAS(r) Data Set -- Basic Program Structure and Three Simple Techniques
	SUGI 28:  Creating Multiple Graphs to Link from a Dynamic Map Using SAS(r) ODS, SAS/GRAPH(r), PROC GMAP, and MACRO
	SUGI 28:  Scheduling Time with SAS(r): Project Proposal Examples
	SUGI 28:  Using SAS(r) Software and Visual Basic for Applications to Produce Microsoft Graph Charts
	SUGI 28:  Tell Them What's Important: Communication-Effective Web- and E-mail-Based Software-intelligent Enterprise Performance Reporting
	SUGI 28:  A SAS(r) Market Basket Analysis Macro: The Poor Man's Recommendation Engine
	SUGI 28:  Using SAS(r) to Automatically Generate Reports in Any Special Formats
	SUGI 28:  MVS Point-and-Click Access to IMS Data with SAS/ACCESS(r)
	SUGI 28:  Usage Statistics for Your Web Site: Leveraging the Flexibility of SAS(r) and Webhound
	SUGI 28:  Applied Population Genetics Using SAS(r) Software
	SUGI 28:  PROC FORMAT Supports PROC BOXPLOT to Handle Twofold Grouped Data
	SUGI 28:  Developing a Marketing Geographic Segmentation System Using SAS(r) Software
	SUGI 28:  'I'll Have What She's Having' -- Serving-up MetaData to Academic Research Teams
	SUGI 28:  Security Control System with SAS(r) Application Dispatcher
	SUGI 28:  %MONDRIAAN: Presenting 3D Information in 2D
	SUGI 28:  Advantages of Using a Web Based Reporting System Over Using SAS/CONNECT(r)
	SUGI 28:  Working with RGB and HLS Color Coding Systems in SAS(r) Software
	SUGI 28:  A SAS/IML(r) Program for Mapping QTL in Line Crosses
	SUGI 28:  An Automated Reporting Macro to Create Cell Index -- An Enhanced Revisit
	SUGI 28:  Metadata Application on Clinical Trial Data in Drug Development
	SUGI 28:  Enhancement of Survival Graphs

	Professional Development and User Support
	SUGI 28:  Practical Tips to Customize a SAS(r) Session
	SUGI 28:  SAS(r) Programming Conventions
	SUGI 28:  Programming Standards, Style Sheets, and Peer Reviews: A Practical Guide
	SUGI 28:  SAS(r) High-speed Automated Reporting Queue (SHARQ)
	SUGI 28:  Where to Go from Here: Learning More about SAS(r)
	SUGI 28:  An Overview of SAS Certification and the Test Development Process 
	SUGI 28:  Ten Things I Wish I Knew Before I Became an Independent SAS(r) Software Consultant
	SUGI 28:  SAS-L: A Very Powerful Free Resource for SAS(r) Users Worldwide
	SUGI 28:  Ask and Ye Shall Receive: Getting the Most from SAS-L
	SUGI 28:  Tinker, Tailor, Soldier, Spy: The Many Roles of the SAS(r) Consultant
	SUGI 28:  Not All Fish Eat Worms: A SAS(r) Programmer's Guide to MS Excel and Other Fish Stories
	SUGI 28:  Show-and-Tell: How to Use MS Office Products to Help with SAS(r) Applications

	Statistics and Data Analysis
	SUGI 28:  Case Studies in Time Series
	SUGI 28:  An Introduction to the Analysis of Mixed Models
	SUGI 28:  Survival Analysis Using Cox Proportional Hazards Modeling for Single and Multiple Event Time Data
	SUGI 28:  Let the Data Speak: New Regression Diagnostics Based on Cumulative Residuals
	SUGI 28:  Using the SAS(r) System to Construct and Operate Control Charts with Randomized Control Limits
	SUGI 28:  Logistic Regression Modeling -- JMPStart(tm) Your Analysis with a Tree
	SUGI 28:  STEPWISE Methods in Using SAS(r) PROC LOGISTIC and SAS(r) Enterprise Miner(tm) for Prediction
	SUGI 28:  An Introduction to Genomics and SAS(r) Scientific Discovery Solutions
	SUGI 28:  How to Use the SAS(r) System as a Powerful Tool in Biomathematics
	SUGI 28:  Cutpoint Determination Methods in Survival Analysis Using SAS(r)
	SUGI 28:  Complex Sampling Designs Meet the Flaming Turkey of Glory
	SUGI 28:  Multilevel Designs and Their Analyses
	SUGI 28:  Estimating Standard Errors for CLASS Variables in Generalized Linear Models Using PROC IML
	SUGI 28: SAS/STAT(r) Version 9: Progressing into the Future
	SUGI 28:  Fast and Easy Ways to Annoy a SAS(r) Programmer: A Statistician's Revenge!
	SUGI 28:  Application of the LOESS Procedure for Monitoring and Detecting Critical Movements in the US Automobile Market
	SUGI 28:  Smoothing with SAS(r) PROC MIXED
	SUGI 28:  Beyond PROC LIFETEST: Alternative Linear Rank Tests for Comparing Survival Distributions
	SUGI 28:  Estimation of Prevalence Ratios When PROC GENMOD Does Not Converge
	SUGI 28:  An Alternative to PROC MI for Large Samples
	SUGI 28:  Known Nonsense
	SUGI 28:  Analysis of Data from Recurrent Events
	SUGI 28:  Reliability, Exploratory and Confirmatory Factor Analysis for the Scale of Athletic Priorities
	SUGI 28:  SAS(r) Macros and Tools for Working with Weighted Logistic Regression Models That Use Survey Data
	SUGI 28:  Optimization with the SAS(r) System: What It Is, What's New, and Why You Should Be Using It

	Systems Architecture
	SUGI 28:  Accelerating Performance of SAS(r) Applications via Rapid Extraction and Multiprocessing
	SUGI 28:  Using a HOLAP Solution to Analyze Large Volumes of Data via the Web  
	SUGI 28:  Developing Client/Server Applications to Maximize SAS 9 Parallel Capabilities
	SUGI 28:  SAS(r) Application Performance Monitoring for UNIX
	SUGI 28: Multi-Lingual Computing with the 9.1 SAS(r) Unicode Server
	SUGI 28:  An Inside Look at Version 9 and 9.1 Threaded Base SAS(r) Procedures
	SUGI 28:  SAS(r), Linux/UNIX and X-Windows Systems
	SUGI 28:  Early Experiences with SAS(r) Release 9 on an OS390 Platform
	SUGI 28:  SAS(r) System on Network Appliance
	SUGI 28:  SAS(r) Performance Optimizations on Intel Architecture
	SUGI 28:  The Bleeding Edge -- The Effects of Hardware and Software Migration on the SAS(r) System
	SUGI 28:  PROC MIGRATE:  How to Migrate Your Data and Know You?ve Done It Right! 
	SUGI 28:  SAS 9.1 on Solaris 9 Performance and Optimization Tips
	SUGI 28:  Using the SAS(r) V9 Application Response Measurement System to Provide Metrics to HP-UX Workload Manager
	SUGI 28:  A Case Study of the Tools, Techniques, and High Level Model Used to Tune AIX Version 5L for the SAS(r) System



