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CHAPTER I 

INTRODUCTION 

The Antimicrobial Complaint System(ACS) located at the Texas Tech Uni

versity Health Sciences Center is a toll-free telephone service operated by the 

National Pesticide Telecommunication Network. It serves to receive complaints 

about the efficacy of antimicrobial products in the following areas: product inef

fectiveness, confusing directions, misuse, confusion about proper use, damage to 

medical equipment, injury to an individual and infection incidents. The reported 

problems gathered by the ACS will then be forwarded to the U.S. Environmental 

Protection Agency(EPA). The EPA uses the information received through the hot

line in the following manner: forming regulatory policies, conducting appropriate 

investigations and responding to inquires from users. 
The purpose of this project is to model the data collected by the ACS by time 

series analysis approach and to forecast the numbers of future incoming calls. A 

SAS program is developed for this purpose so that the user can use it to predict the 

numbers of future incoming calls if he/she provides most recent (therefore, most 

correlated) data set. It is suggested that the user should discard weekend's data 

since study shows that those data are most likely outliers. The program can handle 

as many as 2,000 data points. It is also suggested that the user should use no less 

than 100 data because parameter estimating will not be accurate if data less than 

that be used. First nine month data (01/1992- 09/1992) is used as an example to 

introduce the algorithm. Another three data sets (02/1992- 10/1992), (03/1992-

11/1992) and (04/1992- 12/1992) are used to check the forecast quality. The last 

data set (05/1992- 01/1993) is used to forecast into future. Forty five different 

ARIMA models are fitted for each data set and the best models are chosen based 

on the Akaike's information criterion (AIC) and the Schwartz's Bayesian criterion 

(SBC). 

The best forecasting models are developed by using the multistep model-building 

strategy: (1) model identification( or specification), (2) model fitting(parameter es

timating), (3) model diagnostics and ( 4) model compare. The autocorrelation and 

the partial autocorrelation functions are major tools in model identification. The 

correlogram studies indicate that all the five data sets are represented by some 
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moving average of order one MA(l) process. In model fitting step, one of the 

easiest methods for obtaining the parameters-the method of moments is employed 

to estimate the parameters of autoregressive models. On the other hand, because 

the method of moments is unsatisfactory for models with moving average terms, 

conditional least-squares method is used to estimate the parameters. In model 

diagnostic checking step, the residuals are first checked by the method of autocor

relation of the residuals and then by the Ljung-Box-Pierce statistic. Both methods 

fail to reject the hypothesis that the model is good for each time series observed. 

In the last step, the model compare, forty five different ARIMA models are fitted 

for each data set. Although residual analysis indicate otherwise, the best models 

are selected based on principle of parsimony, that is, the models used should re

quire the smallest possible number of parameters that will adequately represent 

the data. It is found that the AIC and the SBC criteria agree with the correlogram 

analysis. 



2.1.1 Introduction 

CHAPTER II 

ALGORITHM 

2.1 Model identification 

A time series is a collection of observations made sequentially in time. There are 

various approaches to time-series analysis. Such as simple descriptive techniques, 

which consist of plotting the data and looking for trends, seasonal fluctuations, and 

so on, and time domain analysis in which the autocorrelation function is a major 

diagnostic tool to describe the evolution of a process through time, still another 

approach is spectral analysis. Inference based on the spectral density function 

is often called an analysis in the frequency domain. In this project, the time 

domain analysis approach is chosen. The main stages in setting up an appropriate 

Box-Jenkins model are as follows: (1) model identification, (2) model fitting, (3) 

model diagnostics and ( 4) consider alternative models. The following are some 

terminologies we used in this approach. 

Trend-This may be loosely defined as 'long-term' change in the mean level. 

difficulty with this d~finition is deciding what is meant by 'long-term' . For example, 

climatic variables sometimes exhibit cyclic variation over a very long time period 

such as 50 years. If one just had 20 years' data, this long-term oscillation would 

appear to be a trend, but if several hundred years' data were available, the long

term oscillation would be visible. 

Stationary time series- Broadly speaking a time series is said to be stationary if 

there is no systematic change in mean(first moment), that is, no trend, if there is no 

systematic change in variance(second moment), and if strictly periodic variations 

have been removed. Most of the probability theory of time series is concerned with 

stationary time series, and for this reason time-series analysis often requires one 

to-liil'n a:-il-on-·stationary series into a stationary one so as to use this theory. For 

example, it may be of interest to remove the trend and seasonal variation from 

a set of data and then try to model the variation in the residuals by means of a 

stationary stochastic process. 

Differencing filter- A special type of filter which is particularly useful for re

moving a trend. First-order difference is widely used and usually is sufficient to 
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attain apparent stationarity. Occasionally second-order difference is required for 

some data set. Over-differencing should be avoided because it magnifies the vari

ance. 

Autocorrelation-A important guide to the properties of a time series is pro

vided by a series of quantities called sample autocorrelation coefficients rk, which 

measure the correlation between observations at different distances apart. These 

coefficients often provide insight into the probability model which generated the 

data. 

Correlogram-A useful aid in interpreting a set of autocorrelation coefficients 

is a graph called a correlogram in which rk is plotted against the lag k. The 

correlogram is a important tool for model identification. It is very helpful in 

identifying which type of ARIMA model gives the best representation of observed 

time series. For stationary series, the correlogram is compared with the theoretical 

autocorrelation functions of different ARMA processes in order to choose the one 

which is most appropriate. For example, the autocorrelation function of a moving 

average of order q (MA( q)) process is easy to recognize as it cuts off at lag q in 

the correlogram. 

Short-term correlation-Stationary series often exhibit short term correlation. 

Its correlogni.m is characterized by a fairly large value of rt' followed by a few( or 

none) further coefficients which, while greater than zero, tend to get successively 

smaller. Values of rk for longer lags tend to be approximately zero. 

Random series- If a time series is completely random, then for large n ( ob

servations), autocorrelation coefficients at lag k are approximately equal to zero, 

for all non-zero values of k. In fact, for a random time series rk is approximately 

normal distribution with mean zero and variance 1/n, so that, if a time series is 

random, 19 out of 20 of the values (95% of the values) of rk can be expected to lie 

between ±2/ fo, i.e., within two standard deviations of the true value of zero. 

Outliers-If a time series contains one or more outliers, the correlogram may 

be seriously affected and it may be advisable to adjust outliers in some way before 

starting the formal analysis. 
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Figure 2.1: Time plot of numbers of calls from January 1992 to September 1992 

2.1.2 Data set 

The raw data collected by the ACS Health Sciences Center form January 1992 

to September 1992 is studied and it is found that Saturday and Sunday's incoming 

phone call are very few compared with that of weekday's. Therefore, those data 

are considered as outliers and are discarded. 

The following 176 data read by row are numbers of calls received in weekday 

during that time period. The time plot of this data set( observed time series Zt) is 

given by Figure 2.1. Notice that the time series is nonstationary at first moment( 

a trend is observed). 

2 2 4 8 8 2 3 3 6 1 3 3 1 3 4 7 3 3 7 8 4 4 5 6 4 8 7 4 3 1 11 5 1 4 5 5 4 1 5 7 2 

3 15 5 9 6 10 5 9 6 3 4 12 7 6 8 10 11 5 7 9 11 7 10 7 5 4 4 6 3 5 6 7 8 2 2 9 8 9 4 

10 6 14 8 10 11 11 23 28 29 25 17 25 41 39 22 50 50 39 37 28 34 33 41 25 30 34 32 

38 24 24 35 35 31 24 35 24 30 41 46 27 39 30 38 36 40 34 34 22 25 24 33 24 27 26 

31 15 29 28 21 30 21 18 25 20 23 27 15 25 26 22 18 23 14 23 12 19 17 9 18 20 19 

28 23 21 25 25 23 13 19 19 9 22 15 18 12 
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Figure 2.2: Differenced incoming call time series( Wt series) 

2.1.3 Differencing 

It is clear from the time plot that the observed series is nonstationary. A 

differencing filter is therefore used to remove the trend. The differenced time 

series Wt is obtained from the following equation. 

(2.1) 

Where Wt, w 2 , ... , Wn-I is a new series. Notice that there are only 175 data left in 

Wt series. One observation is lost because of differencing. The plot of Wt is shown 

in Figure 2.2. It appears that first-order difference is sufficient to attain apparent 

second order stationarity(from above plot we can see that the mean function is 

constant over time), and later Figure 2.4 confirms the stationarity of Wt senes. 

Further difference is unnecessary. 
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2.1.4 Autocorrelation 

An important guide to the properties of a time series is provided by a series of 

quantities called sample autocorrelation coefficients, which measure the correlation 

between observations at different distances apart. The autocorrelation coefficients 

can be derived as follows: 

Given n observations ZJ, z2, .. . , Zn for a discrete time series, the correlation 

coefficient between Zt and Zt+I is given by 

where 

and 

Note that 

and 

therefore 

n-1 

:l:(zt- Z(l))(zt+1 - Z(2)) 
t=1 

rl = r=============== 
n-1 n-1 

L(Zt- Z(1))
2 

L(Zt+I- Z(2))
2 

t=l t=1 

n 

n-1 
""' Zt Z(1) = LJ --1 
t= l n-

n z 
- ""' t Z(2) = LJ--. 

t=2 n- 1 

-----+1 asn~oo 
n-1 

n-1 

:l:(zt- z)(zt+1 - z) 
r 1 ::::::: ...;..t=-'

1=---n------ as n large 

I)zt- z)2 

t=1 

(2.2) 

Similarly, the correlation between observations k distance apart can be found 

as 
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n-k 

L':(zt- z)(zt+k- z) 
r~e ~ ..:.;t==..:l:___n _____ _ (2.3) 

L':(zt -z? 
t=l 

For the purpose of computing, we define the autocovariance coefficient at lag k to 

be 

(2.4) 

Therefore 

(2.5) 

Table 2.1 lists the computation results of correlation coefficients of Zt series 

and Table 2.2 lists the coefficients of Wt series. The plots of sample autocorrelation 

functions( correlograms) are presented in Figure 2.3 and Figure 2.4 for Wt series. 

The correlograms of the Wt series are most interesting. The study of the correl

ograms provides insight into the probability model which generated the data and 

indicates that the Wt series is second-order stationary. Which confirms that the 

first-order difference is enough to achieve the stationarity. 



Table 2.1: Correlation coefficients of incoming call series(zt) 

I Lag I Covariance I Correlation I 
0 150.257 1.00000 

1 128.082 0.85242 

2 125.322 0.83405 

3 125.021 0.83205 

4 124.703 0.82993 

5 121.057 0.80567 

6 119.227 0.79382 

7 113.221 0.75351 

8 111.572 0.74254 

9 108.173 0.71992 

10 105.523 0.70228 

11 100.906 0.67156 

12 98.655 0.65658 

13 93.137 0.61985 

14 93.373 0.62142 

15 89.597 0.59629 

16 88.586 0.58956 

17 81.669 0.54353 

18 79.546 0.52940 

19 79.818 0.53121 

20 74.358 0.49487 

21 72.937 0.48542 

22 71.692 0.47713 

23 66.993 0.44586 

24 64.475 0.42910 

9 
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Figure 2.3: Correlogram of incoming call time series ( Zt) 

The dotted horizontal lines are at a distance of ±2/ fo = ±2/ v'I76. Notice 

that the autocorrelation function (ACF) does not die out reasonably fast, which 

implies also that the series is not stationary. This is because an observation on 

one side of the overall mean tends to be followed by a large number of further 

observations on the same side of the mean because of the trend. It is difficult to 

infer from this type of correlogram as the trend dominates all other features. 



Table 2.2: Correlation coefficients of differenced phone-call series( Wt) 
I Lag I Covariance I Correlation I 

0 43.311 1.00000 

1 -19.382 -0.44752 

2 -2.386 -0.05510 

3 0.515 0.01190 

4 3.022 0.06978 

5 -2.125 -0.04908 

6 4.377 0.10107 

7 -4.586 -0.10589 

8 2.251 0.05198 

9 -1.122 -0.02591 

10 2.135 0.04931 

11 -2.486 -0.05740 

12 3.164 0.07305 

13 -5.505 -0.12712 

14 3.886 0.08973 

15 -2.513 -0.05802 

16 5.554 0.12825 

17 -5.047 -0.11655 

18 -1.883 -0.04349 

19 5.893 0.13607 

20 -4.568 -0.10549 

21 0.091 0.00209 

22 3.328 0.07684 

23 -1.891 -0.04368 

24 -3.713 -0.08574 

11 



12 

••••t!ar----------------------------------. 
•.• i ... . .. . . . : 
•.• ! 

... : 

I • I ~ 
•• ' • •••••••••••••••••••••••• 00 •••• Oo •••• •• ••••••••••••••••••••••••• •••••••••••••••••••••• ••o •••••• ! .. oo •••• 000 00 •• •• •• 00 ••••• 00 •• 00 ••••••••••• oo 

T l ~ ! ' ! •·• .. ······ ..... l .. ........ ·-r ........ T .... t ... ;.: ..... I ... l. l ...... .. .. :. ... T .... L . .. . .. r ....... ·-r- ........ .:. .... l .... ! . ~ 

Figure 2.4: Correlogram of Wt series 

This correlogram implies two things: (a) The differenced series achieves second 

order stationarity since all coefficients fall in the region of ±2/ fo = ±2/ v'ff5 
except coefficient at lag one (a short-term correlation is observed). (b) There is a 

clear cut at lag one which suggests that a moving average model of order one may 

be suitable for the differenced series. This can be partially explained by following: 

Given an MA(l) process 

(2.6) 

where 01 is parameter, and a/s are pure white noises, we find immediately that 

and 

/o Var(zt) 

a;(l + 02
) 



and 

fork> 2 

therefore 

It Cov(zt, Zt-d 

Cov(at- Oat-Il at-I- Oat-2) 

Cov( -Oat-b at-d 

-Ou2 
a 

/k Cov(zt, Zt-k) 

- Cov(at- Oat-bat-k- Oat-k+1) 

- 0 

Pk = /k = (1+82) 
{ 

- D if k = 1 

/O 0 if k > 2 

13 

(2. 7) 

It is clear from the Formula 2. 7 that as a special feature of an MA{1) process, the 

ACF cuts off at lag 1. 

2.1.5 Partial autocorrelation 

The second important guide for model identification is sample partial auto

correlation coefficients. A general method for finding the partial autocorrelation 

function for any stationary process with sample autocorrelation function rk was 

shown by Anderson{1971): For a given lag k, it can be shown that ~kk satisfies the 

following Yule-Walker equations. 

A -1 
<l>kt 1 rt r2 rk-1 rt 

~k2 r1 1 r1 rk-2 r2 
A 

</>k3 r2 rt 1 rk-3 r3 (2.8) 

A 

</>kk rk-1 rk-2 1 rk 
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Here r1, r2, ... , rk are calculated from formula 2.5. To solve for the unknowns 

4>kb 4>k2, ... , </>u, Levinson(1947) and Durbin(1960) gave an efficient method for 
obtaining the solutions recursively as follows: 

k-1 
rk- L ~k-1,;rk-j 

" j=1 
4>u = k-1 

1 - L ~k-1,jrj 
j=l 

where 

~ki = ~k-1,j- ~kk~k-1 ,k-j for j = 1, 2, ... , k- 1. 

For example, using ~11 = r 1 to begin with, we have 

With 

then 

" 
r2 - </>nr1 

1- ~nr1 
r2- r? 

1 - r? 

-0.44752. 

" " 
r3 - </>21 r2 - </>22r1 

" " 
1 - </>21 r1 - </>22r2 

-0.31932. 

" 

(2.9) 

We may thus numerically compute as many values for </>kk as desired. In our 

case, twenty four ~kk values are calculated. The computation results is presented 

in Table 3 and the plot of sample partial autocorrelation function (PACF) is shown 

in Figure 2.5. 



Table 2.3: Partial autocorrelation coefficients of Wt series 
I Lag I Partial Autocorrelation I 

1 -0.44752 

2 -0.31932 

3 -0.22771 

4 -0.07230 

5 -0.06408 

6 0.10565 

7 0.00908 

8 0.04604 

9 0.00166 

10 0.04351 

11 -0.01238 

12 0.05684 

13 -0.09112 

14 -0.03105 

15 -0.08769 

16 0.08800 

17 0.01527 

18 -0.09907 

19 0.09037 

20 -0.07213 

21 -0.04064 

22 0.02187 

23 0.03606 

24 -0.10556 

15 
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Figure 2.5: PACF of Wt series 

Notice that it dies out exponentially. Which is a typical pattern of an MA(1) 

process, therefore it supports the conjecture of an MA(1) model for the differenced 

time series. It can be shown that if one uses r 1 = -0/(1 + 02
) and r 2 = 0 in 

equation 2.9 then 

-02 
¢>22 = 1 + ()2 + ()4 

(2.10) 

Furthermore, it can be shown that in this case 

-(Ok)(1 - ()2) 
<l>kk = 

1 
_ 02(k+I) for k = 1, 2,... (2.11) 

which says that theoretically, the partial autocorrelation function of an MA(1) 

process decays at an exponentially rate. 

A short conclusion from the model identification is: the Wt series can be repre

sented by a moving average process of order one. 
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2.2 Parameter estimating 

From the above model identification step, the classes of time series models are 

examined and we find that a moving average model of order one appears to be 

most appropriate for the differenced series. The second step in developing a best 

model is the parameter estimating. The parameter estimating consists of finding 

the best possible estimates of those unknown parameters within a given model. 

Several methods are available to estimate the parameters of an MA( 1) process. 

Here we consider the simplest one-method of least-square estimation. Given an 

MA(1) process: 

we can write 

Condition on a 0 = 0, we get 

Zt = at - Oat-1 

a2 - z2 + Oa1 

a3 Z3 + Oa2 

(2.12) 

(2.13) 

We approximate at(O) by a linear function of 0 around an initial estimate of 0, say 

orep by Taylor's expansion: 

(2.14) 

Note that dat(O)fdO can be computed recursively by 

dat(O) _ Odat-1(0) (O) 
dO - dO + at-t (2.15) 

with initial value dao(O)/dO = 0. 
Now the approximation is linear in 0, the sum of squares computed from it can 

be minimized analytically to get a new and improved estimate of 0. The process 

can then be repeated with orep replaced by the new estimate, and the computation 
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ends when the change in the sum of squares is sufficiently small. that is, we want 
to minimize S.(9). Where 

n 

s.(e) =I: lat(9)12 (2.16) 
t=l 

Set dS.(9)jd() = 0 and after some algebra we get 

tat(()) dat(()rep) 

() = ()rep _ t=l d() t [dat(()rep)l2 
t=l d() 

(2.17) 

The parameter() gotten from the above algorithm is 

() = 0.64502. 

Therefore the fitted model is 

Zt = at - 0.64502at-I· (2.18) 

2.3 Residual analysis 

After the model identification and the model fitting, the third step in the multi

step model-building is diagnostic checking. Which is concerned with analyzing the 

quality of the model that we have identified and estimated, i.e., put the model in 

jeopardy, examine the residuals form the fitted model to see if it is adequate. Are 

the assumptions of the model reasonably satisfied? How well does the model fit 

the data? If no inadequacies are found, the modeling may assumed to be complete, 

and the model can be used, for example, to forecast future values. Otherwise, we 

return to the model identification step and start over again. 
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If, however, the fitted ARIMA(0,1,1) model is correct and if the parameter esti

mate is close to the true values, then the residual should have nearly the properties 

of iid normal random variables. 

Residual = Observation - Fitted value. 

The residual is first checked by the method of autocorrelation of the residual and 

then by the Ljung-Box-Pierce statistic. Table 2.4 list the correlation coefficients 

of residual series and Figure 2.6 is the residual correlogram. It can be seen from 

the Figure 2.6 that none of the values are significantly different from zero at 5% 

level. Therefore, no evidence has been found by the method of autocorrelation that 

the wrong model has been fitted. Also, by using the Ljung-Box-Pierce statistic at 

5% level and with 29 degrees of freedom, we fail to reject the hypothesis that the 

residual is a white noise process. 

The Ljung-Box-Pierce statistic is given by 

(2.19) 

where M is chosen to be 30. If the correct ARIMA(p,d,q) model is fitted, then for 

large n, Q* has a chi-square distribution with (M-p-q) degrees of freedom. The 

result is, at M = 30, Q* = 21.97. From chi-square table, at 5% level and with 29 

degrees of freedom, the chi-square value is 42.557. It can be seen that Q* value is 

in the accept region. More precisely, if we want to reject the fitted model anyway, 

the probability that we will make a mistake is 82.2%. 
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Table 2.4: R .esidual correlation coefficie1 nts 
Lag Covariance Correlation I 

0 30.1583 1.0000 

1 -0.9725 -0.0322 

2 -1.6024 -0.0531 

3 1.1043 0.0366 

4 3.4390 0.1140 

5 1.2938 0.0429 

6 3.0687 0.1017 

7 -1.4361 -0.0476 

8 0.8007 0.0265 

9 -0.2709 -0.0009 

10 0.9704 0.0321 

11 -1.1936 -0.0395 

12 0.1996 0.0066 

13 -3.2779 -0.1086 

14 1.4150 0.0469 

15 -0.0077 -0.0002 

16 2.5632 0.0849 

17 -3.1563 -0.1046 

18 -1.8479 -0.0612 

19 2.3097 0.0765 

20 -2.2793 -0.0755 

21 -0.3504 -0.0116 

22 1.7185 0.0569 

23 -1.3868 -0.0459 

24 -1.5039 -0.0498 
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Figure 2.6: Residual correlogram 

Notice that none of the values are significantly different from zero at 5% level. 

Hence there is no evidence from the residual correlogram that the wrong model 

has been fitted. 

2.4 Model comparison 

The last step in the multistep model-building is to compare alternative models. 

Although the autocorrelation and the partial autocorrelation functions suggest a 

moving average process, and the residual analysis fail to reject the ARIMA(O,l,l) 

model above fitted. However, the question left unanswered is: How well does the 

model fit the data? The model selected can be a good one but not necessarily the 

best one. Since the interpretation of correlograms is one of the hardest aspects 

of time-series analysis and there is always a chance that the correlograms are 

misinterpreted. Besides, the residual analysis fail to reject the fitted model does 

not mean that the best model is found. To play safe, many ARIMA models 

are fitted and the residual analysis as well as the Akaike's information criterion 
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analysis are conducted to confirm that what we have found is the best one. The 

followings are algorithms needed to estimate the parameters of AR(p ), MA( q) and 

ARMA(p,q) process. 

2.4.1 Autoregressive process 

An AR process of order p has the form 

(2.20) 

To fit an AR process by the method of moments, The Yule-Walker equations 

are used of gradually higher orders(from 1 to 10) to estimate the parameters 
A A A 

¢>1, ¢>2, . . . , ¢>'P. Where 

A i = Jl-1.;: (2.21) 

that is 

A - 1 

¢>1 1 T1 T2 Tp-1 T1 

J2 T} 1 T } Tp- 2 T2 

¢ 3 r2 r1 1 rp-3 T3 (2.22) 

J>'P Tp-1 Tp-2 1 Tp 

2.4.2 Moving average and mixed process 

Without loss of generality, we introduce the algorithm by usmg an MA(3) 

process. Given 

(2.23) 

we can write 

(2.24) 

Condition on ao = a - 1 = a - 2 = 0, we get 
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a1 z1 

a2 Z2 + 01a1 

a3 Z3 + 81 a2 + 02a1 

(2.25) 

Note that the system is nonlinear in parameters. Therefore we use Taylor's expan
sion. 

(2.26) 

Now the least square problem become: 

(2.27) 

Let 

8S.(ffrep) = 8S.(ffrep) = 8S.(ffrep) = 0 
8()1 802 8()3 

(2.28) 

Simplifying and putting it into a matrix form, 1 we get: 

E (;:)2 E 8atfJa, E 8a18a, 
8(}28(}1 8(}38(}1 

[ :: ] E 8a18a1 E (;;)2 E 8a18a, 
8(}18(}2 8(}38(}2 

E 8a,8a, E 8a,8a, E (;;)2 8(}18(}3 8(}28(}3 

lTo make the following equations easier to read, we write E instead of E~=l and all partial 
derivatives are evaluated at ifrep 
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Notice that we can use equation 2.25 to compute 8atf88i, i = 1, 2, 3 recursively. 
That is: 

8at 8at-1 8at-2 8at-3 
883 = 81 883 + 82 883 + 83 883 + at-3· 

In general, the algorithm for an MA( q) model is: 

Xi=g. (2.30) - ~ Where A is a q by q symmetric matrix. 8 and g are column vectors. 

Exactly same algorithm can be applied to the general ARMA(p,q) model. 
Where 

2.4.3 Residual comparison 

Zt - </>1Zt-1 - </>2Zt-2 - • • • - </>pZt-p 

+81 at-1 + 82at- 2 + · · · + 89 at-q· (2.31) 

Forty-five different ARIMA models are fitted and Table 2.5 illustrated the resid

ual comparison by the Ljung-Box-Pierce statistic, the Akaike's information crite

rion(AIC) and the Schwartz's Bayesian criterion(SBC). The AIC and the SBC are 

given by 

AIC = -2/og(L) + 2k (2.32) 

SEC= -2/og(L) + log(n)k. (2.33) 

Where L = maximum likelihood, k is the total numbers of AR and MA pa

rameters in the model, and n is the number of residual that can be computed for 



25 

the time series. The addition of the term 2k in AIC and log( n )k in SBC serve as a 

penalty function to avoid consideration of models with too many parameters and 

to help ensure the selection of parsimonious models. Since we use least squares es

timation, an approximation value of maximum likelihood based on the conditional 
sum of squares is used. 

The Q* values are calculated at lag equals 30. x2 table values are at 5% level 

and corresponding degrees of freedom. Prob. are probabilities of committing type 

I error to reject the hypothesis that the residual is a white noise process. 

Note that based on the residual analysis the ARIMA(O,l,l) is not the unique 

model that has good fitting to the Wt series. In fact, the best residual comes 

from ARIMA(1,1,4) with probability of 0.938. The reason that this model is not 

chosen is because it has higher order. The Akaike's information criterion and the 

Schwartz's Bayesian criterion punish those models which have high order. They 

agree with ACF and PACF analysis and suggest that ARIMA(O,l,l) is the best 

model since it has smallest values compared with other models. According to 

principle of parsimony, the best model is the one which has good fit and which 

also has the simplest form. 
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a e . : o e companson T bl 2 5 M d 1 
Model Q* value X2 value Prob.(a error) AIC SBC 

ARIMA(1,1,0) 48.49 42.557 0.013 1120.776 1127.105 
ARIMA(2,1,0) 33.52 41.337 0.217 1103.820 1113.314 
ARIMA(3,1,0) 19.72 40.113 0.842 1195.991 1108.651 
ARIMA(4,1,0) 18.39 38.885 0.861 1097.128 1112.952 
ARIMA(5,1,0) 17.10 37.652 0.878 1098.340 1117.329 
ARIMA(6,1,0) 15.35 36.415 0.910 1098.359 1120.513 
ARIMA(7,1,0) 15.34 35.172 0.882 1100.346 1125.664 
ARIMA(8,1,0) 14.99 33.924 0.862 1102.024 1130.507 
ARIMA(9,1,0) 14.96 32.671 0.825 1104.020 1135.668 

ARIMA(10,1,0) 15.27 31.410 0.761 1105.813 1140.625 
ARIMA(0,1,1) 21.97 42.557 0.822 1094.827 1101.157 
ARIMA(0,1,2) 21.45 41.337 0.806 1098.386 1105.880 

ARIMA(0,1,3) 18.63 40.113 0.883 1095.171 1107.829 

ARIMA(0,1,4) 17.31 38.885 0.899 1095.784 1111.528 

ARIMA(0,1,5) 17.12 37.652 0.877 1097.661 1116.650 

ARIMA(0,1,6) 17.07 36.415 0.846 1099.502 1121.656 

ARIMA(0,1,7) 15.29 35.172 0.884 1100.557 1125.875 

ARIMA(O,l,8) 15.30 33.924 0.849 1102.469 1130.952 

ARIMA(O,l,9) 15.15 32.671 0.815 1104.388 1136.036 

ARIMA(0,1,10) 15.09 31.410 0.771 1106.132 1140.945 

ARIMA(1,1,1) 21.60 41.337 0.799 1096.524 1106.017 

ARIMA(1,1,2) 21.41 40.133 0.767 1098.043 1110.703 

ARIMA(2,1,2) 17.53 38.885 0.892 1095.841 1111.665 

ARIMA(2,1,1) 20.03 40.113 0.829 1096.443 1109.102 

ARIMA(1,1,3) 17.89 38.885 0.880 1096.116 1111.940 

ARIMA(2,1,3) 17.32 37.652 0.870 1097.784 1116.773 
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Table 2.5 continue 

Model Q* value x2 value Pro b. (a: error) AIC SBC 

ARIMA(3,1,3) 15.81 36.415 0.895 1098.238 1120.391 
ARIMA{3,1,2) 17.30 37.652 0.871 1097.778 1116.776 
ARIMA{3,1,1) 18.07 38.885 0.873 1096.996 1112.790 
ARIMA{1,1,4) 15.13 37.652 0.938 1095.836 1114.824 
ARIMA{2,1,4) 15.23 36.415 0.914 1097.684 1119.887 
ARIMA(3,1,4) 13.98 35.172 0.927 1091.996 1117.314 
ARIMA(4,1,4) 14.57 33.924 0.880 1099.447 1127.930 
ARIMA(4,1,3) 18.52 35.172 0.729 1097.221 1122.540 
ARIMA{4,1,2) 16.74 36.415 0.860 1099.478 1121.632 
ARIMA{4,1,1) * * * * * 

ARIMA(1,1,5) 15.16 36.415 0.916 1097.737 1119.890 

ARIMA(2,1,5) 15.23 35.172 0.886 1099.657 1124.975 

ARIMA{3,1,5) 13.79 33.924 0.909 1099.113 1127.596 

ARIMA( 4,1,5) 16.20 32.671 0.758 1103.239 1134.887 

ARIMA{5,1,5) 13.10 31.410 0.873 1097.951 1132.764 

ARIMA(5,1,4) 13.19 32.671 0.902 1095.528 1127.176 

ARIMA(5,1,3) 21.00 33.924 0.521 1103.293 1131.776 

ARIMA(5,1,2) 15.39 35.172 0.880 1100.275 1125.593 

ARIMA{5,1,1) 18.53 36.415 0.777 1101.035 1123.188 

Notice that ARIMA(O,l,1) has the smallest SBC value and second smallest AIC 

value.(* means that algorithm does not converge.) 



CHAPTER III 

FORECAST AND USER'S INSTRUCTION 

3.1 Forecast 

In Figure 3.1 through Figure 3.5, we list the time plot, the autocorrelation, 

the partial autocorrelation functions and the corresponding forecasts for data sets 

01/92-09/92,02/1992-10/1992,03/1992-11/1992,04/1992-12/1992,05/1992-01/1993. 

One assumption made in the forecast algorithm is that the model parameters are 

known exactly. Although this is not true in any case, but since we have about 180 

data points, which is fairly large, therefore, the use of estimated parameters does 

not seriously affect forecast. Lead time of the forecast is set to be one month. The 

forecasts and the actual data are plotted in same figure for those time periods in 

which data become available later. The last forecast is made into February 1993. 

Table 3.1 listed forecast models for each data set and corresponding criteria. 

The minimum AIC and SBC values are chosen out of 45 different fitted models in 

each data set. 1 It can be seen in Figure 3.1 through Figure 3.5 that the AIC and 

the SBC criteria match the correlagrams analysis very well. 

1 Except for those model for which algorithm does not converge. Usually they are high order 

models. 
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Table 3.1: Forecast model 

Data set AIC/SBC Model Q*value Prob.(a error) Forecast model 

01/92-09/92 ARIMA(0,1,1) 21.97 0.822 Zt = at - 0.64502at-1 
02/92-10/92 ARIMA(0,1,1) 21.46 0.842 Zt =at- 0.64604at-1 
03/92-11/92 ARIMA(0,1,1) 22.41 0.803 Zt = at - 0.64400at-1 
04/92-12/92 ARIMA(O,l,l) 19.78 0.900 Zt =at- 0.64645at-l 
05/92-01/93 ARIMA(0,1,1) 16.59 0.968 Zt = at - 0.66409at-1 

3.2 User's instruction 

To use the program, the user needs to logon VAX and provides a data file 

named data. txt, and under the dollar sign, types ARIMA.SAS. The program will 

read the data file and give the AIC and the SBC values as well as the corresponding 

models. After the forecast model is selected, for example, it is a ARIMA(1,1,2) , 

the user then need to type ARMA112 under the dollar sign to get the forecasting 

values. It is suggested that the user provides most recent data for forecasting since 

they are most likely correlated. The program can handle as many as 2,000 data 

points, however, this will cost significantly more CPU time since the program has 

to compare 45 different ARIMA models. The lead time can be changed based on 

user's need. 
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Figure 3.1: Time plot, correlograms and forecast. Data 01/92- 09/92 

-
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Figure 3.2: Time plot, correlograms and forecast. Data 02/92- 10/92 
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Figure 3.3: Time plot, correlograms and forecast. Data 03/ 92- 11/92 
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Figure 3.4: Time plot, correlograms and forecast . Data 04/ 92-12/ 92 
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Figure 3.5: Time plot, correlograrns and forecast. Data 05/92- 01/93 



CHAPTER IV 

CONCLUSION 

One of the most difficult parts in model building is the correlogram interpreta

tion. A lot of practical experience is needed for one to interpret it correctly. One 

way to solve this difficulty( especially for those beginners like me) is to fit as many 

models as one can and find the model which has minimum residual. That is, the 

Q* is used as a major criterion and the model selected is called minimum residual 

model. Another way to solve the difficulty is to fit as many models as possible and 

to use the AIC and the SBC as major criteria. There are two advantages: (1) the 

model identification step is skipped and there is no need to read the correlograms 

for choosing the model and (2) it is easier to automate the program. Besides, we 

can see that the AIC/SBC model satisfies the principle of parsimony and agree 

with the correlogram analysis. The disadvantage, on the other hand, is that ex

tra work incurred in the parameter estimating. But thanks to the SAS package 

language, those troublesome and onerous work becomes very easy to handle. 
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