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Opl Res. Q., Pergamon Press 1975. Vol. 26, 2, ii, pp. 397 to 412. Printed in Great Britain 

The Principles of the Box-Jenkins 
Approach 

PAUL NEWBOLD 
University of Nottingham 

This paper outlines the principles involved in the Box-Jenkins approach to 
forecasting. Attention is centred chiefly on the situation where future values of a 
time series are to be forecast exclusively in terms of its past record, although an 
extension of the method to allow inclusion of information provided by a leading 
indicator is briefly described. The Box-Jenkins methodology is outlined and 
illustrated by its application to a seasonal sales forecasting problem. Some 
practical experience in application is summarized, difficulties which may be 
encountered outlined and methods of overcoming them discussed. 

INTRODUCTION 
IN A SERIES of articles and a subsequent book, Box and Jenkins5 outlined 
in considerable detail a strategy for time series forecasting. In a very important 
sense their approach represented a radical departure in forecasting methodology. 
Earlier procedures for forecasting a time series from its own current and past 
values were of a somewhat ad hoc nature, though theoretical justifications for 
their use were generally available. In particular, there existed a group of 
techniques, classed under the heading "exponential smoothing", characterized 
by the property that for any one of these techniques a single model was employed 
for the production of forecasts from any time series. A computer program 
could be written in such a way that, for any particular series, forecasts could be 
immediately generated without manual intervention. Such a procedure can be 
described as fully automatic. 

In contrast, the Box-Jenkins approach is not fully automatic. These authors 
propose a class of models, and a strategy by which for any given series a 
particular model is chosen from this class according to the properties of the 
individual time series under study. Thus the form of the eventual forecast 
function is dictated, to a large extent, by the data-a principle known as "letting 
the data speak for itself". In contrast to the typical exponential smoothing 
approach, the user of the Box-Jenkins method is allowed a good deal of freedom 
of choice and, correspondingly, is required at various stages of the procedure 
to exercise judgement in the choice of an appropriate model. One might thus 
expect the Box-Jenkins procedure to be rather more versatile, in terms of its 
areas of applicability, than many of its competitors. Indeed, many exponential 
smoothing models are simply subsets of the general class considered by Box 
and Jenkins. 

The facility afforded by the Box-Jenkins approach for a choice of forecast 
function appropriate to the particular problem under consideration is, to my 
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mind, the most distinctive feature of the method and its principle virtue. 
Nevertheless, it is just this characteristic which has led, in some instances, to 
criticisms of the approach and difficulties in its practical application. In this 
regard five points might, with varying degrees of justifiability, be raised: 

(i) Box-Jenkins forecasts cannot be generated as quickly as can those 
based on the more simple exponential smoothing procedures. 

(ii) More expertise is required in applying the Box-Jenkins technique, and 
hence more skilled manpower must be employed if the approach is to 
be adopted. 

(iii) The freedom of choice afforded by the Box-Jenkins approach leaves 
the user free to make a bad choice and hence to produce forecasts of 
unnecessarily low quality. 

(iv) There is no guarantee that two people analysing the same set of data by 
Box-Jenkins methods will reach numerically identical conclusions. 

(v) The method requires a moderately long series of data for its satisfactory 
application. 

The first two points are unavoidable and, taken together, render the approach 
relatively expensive to apply. It is difficult to be specific on the question of cost, 
as much will depend on the frequency with which it is desired to use the method 
and the potential user's resources. Perhaps the best approach for the reader 
thinking of trying out Box-Jenkins would be to use the services of a computer 
bureau. The pay-off, of course, must be in the potential improvement in fore- 
casting accuracy which the method affords. The would-be user of Box-Jenkins 
methods has to balance the conflicting requirements of cost and accuracy in 
deciding whether or not to employ the technique. The third point has some 
validity, but it is almost certainly true to say that, on gathering experience in 
the practical application of Box-Jenkins methods, the user will be able greatly 
to increase his chances of success, while no amount of experience can help in 
the application of fully automatic techniques to inappropriate situations. The 
fourth point is perhaps of more theoretical than practical importance- 
the individual user's major concern, after all, is that he should produce 
forecasts of high quality. Finally, the requirement of a moderately long series 
is dictated by the obvious fact that in order to make use of freedom of choice 
one requires sufficient evidence on which a rational choice can be based. Even 
with shorter series, the situation is by no means impossible. It may well be, for 
example, that the previous analysis of a similar series suggests a possible model 
from the general class. Again, one might try two or three models from the 
general class and tentatively select the one which best fits the data in terms of 
error variance. As more data become available, the chosen model can be 
modified through a more thorough analysis. 

In this paper, the Box-Jenkins approach to univariate time series forecasting 
is outlined, illustrated with an example and a brief description of an extension 
whereby information on a related time series can be utilized so as to improve 
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forecast accuracy is given. Finally, some practical experience in the application 
of Box-Jenkins techniques are summarized and some difficulties which may be 
encountered outlined, and methods of overcoming them discussed. 

UNIVARIATE TIME SERIES FORECASTING 

Consider first the case where the series under study does not exhibit seasonality. 
Box and Jenkins assume that such series are either stationary or can be reduced 
to stationarity by differencing some finite number of times (possibly after 
removing any deterministic trend). Let us denote the series under consideration 
by X,. Then it is assumed that there exists an integer d such that 

Wt = (1-B)dXt(1) 

is stationary, where B is a back-shift operator on the index of the time series, 
so that Bi XI = Xt-j. It is further assumed that w1 can be represented as a mixed 
autoregressive moving average process 

(1+-B01BB-02B2_...- OBP)wt = 0o+(l-01B Oq)a,, (2) 

where the at's are a sequence of identically distributed uncorrelated deviates, 
referred to as "white noise". In many situations where differencing is employed, 
a non-zero constant term 00 will not be required. For brevity, equation (2) is 
generally written as 

i(B) wt = So + 6(B) at. (3) 

Combining equations (1) and (3) yields the basic Box-Jenkins model for non- 
seasonal time series 

+(B) (1- B)d Xt = 00 + 0(B) at. (4) 

Equation (4) is said to represent an autoregressive integrated moving average 
process of order (p, d,q), denoted as ARIMA(p, d, q). It is required that the 
roots of the two polynomial equations in B 

+(B) = 0, (5) 

6(B) = 0 (6) 

all lie outside the unit circle. The condition on (5) ensures the stationarity of 
wt, while that on (6)-referred to by Box and Jenkins as the "invertibility 
requirement"-guarantees uniqueness of representation. 

Box and Jenkins fit models of the form (4) to a set of data by an iterative 
three-stage cycle of identification, estimation and diagnostic checking. At the 
identification stage, tentative values are chosen for the integers p, d and q of 
equations (1) and (2). Next, the coefficients 012, ..., p.f 60,W 0 02, 62,.., 6q of the 
chosen model are estimated using fully efficient statistical techniques. Finally, 
diagnostic checks on the adequacy of representation of the fitted model to the 
given data set are made. Any inadequacies found in this way might be expected 
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to suggest some alternative form for the equation, in which case the whole cycle 
of identification, estimation and diagnostic checking is repeated until a satis- 
factory model obtains. 

The two main tools in the identification procedure outlined by Box and 
Jenkins are the autocorrelation function and the partial autocorrelation function. 
Let w1 be a stationary process, with mean ,. The autocorrelation of order K 
is simply the correlation between wt and w,_K, i.e. 

= E{(w,- jt) (weK- Kt-)} and P-K = PK 

The Kth partial autocorrelation OEW is the partial correlation between w1 and 
wt1K and is given by the set of equations 

K 

Pi = Ki Pj-i, j = 1, 2, ..., K. 
*=1 

Note that, if 

(1 -1B - B-K) Bw,= at,, 

where a, is white noise, then 

OKK = Ox and K+cj,K+j = 0 for all j 1. 

It is fairly straightforward to derive the following results, which provide the 
core of Box and Jenkins proposed identification strategy. 

(i) If the Xt series is non-stationary, in the sense that d:A 0 in (4), the auto- 
correlations will fail to damp out quickly (that is, to become small) at 
high lags K (strictly speaking, the population values pK as defined above 
do not exist in this case, although the corresponding sample estimates 
will have this property). Hence differencing is required to produce 
stationarity in such a situation. 

(ii) Suppose that the original series has been differenced a sufficient number 
of times as to produce a stationary series w,, then: 
(a) If q = 0, in which case wt is said to be an autoregressive process of 

order p, the autocorrelations will damp out according to the difference 
equation 

p 

PK- Oi PK-i for all K, 

that is, according to a mixture of damped exponentials and/or 
damped sine waves, and the partial autocorrelations will obey 

KK= 0 for all K>p. 

(b) If p = 0, in which case wt is said to be a moving average process of 
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order q, the autocorrelations will obey 

PK=? forallK>q, 

while the partial autocorrelations will damp out approximately as a 
mixture of damped exponentials and/or damped sine waves. 

(c) If both pO and q? 0, w1 is said to be a mixed autoregressive moving 
average process of order (p, q). For such processes, the auto- 
correlations damp out according to the difference equation: 

p 
PK= E2'iPK-i for all K>q, 

i=1 

that is according to a mixture of damped exponentials and/or sine 
waves for lags K greater than q -p. The partial autocorrelations damp 
out approximately according to a mixture of damped exponentials 
and/or sine waves for lags K greater than p - q. 

In practice, of course, one never knows the true autocorrelations and partial 
autocorrelations and must estimate them from the available sample data. 
Suppose one has a series w., w2, ..., wn of n observations on wt. Then PK is 
estimated by 

n n 
rK ne=E+(WI 17) (Wt_-K W/-E (WI _17)2, r 

n =Kfll=K+ 
If =1 

where wP is the sample mean of the w1's. ,Kw is estimated by :KE, given by the 
solution of the set of equations 

ri = E $,Ki rj-j j = 1,~2, ...,~K. 
i=l 

For practical computation, provided the roots of +(B) = 0 are not too close to 
the unit circle, an algorithm given by Durbin"- may be used. 

At the identification stage, then, one has to rely on the sample autocorrelation 
and partial autocorrelation functions imitating in behaviour the corresponding 
parent quantities. Clearly, the larger the sample the more likely in general this 
requirement is to hold, and for this reason one requires a moderately large 
sample in order to identify a model with confidence. 

As a rough guide for determining whether the parent autocorrelations are in 
fact zero after the qth, we have from Bartlett2 that the standard error of rK is 
approximately 

n-1{1 + 2(r2+ r2 +... + rq)}l for K> q. 

Quenouille'6 has shown that, for a pth-order autoregressive process, the 
standard errors of the partial autocorrelations $K are approximately n-* 
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for K>p. Appealing to a result of Anderson,1 one can assume Normality in 
moderately large samples, and hence the use of limits of plus or minus two 
standard deviations about zero should provide a reasonable guide in assessing 
whether or not the parent quantities are in fact zero. 

The coefficients of equation (2) are estimated by minimizing the sum of 
squared errors Ja2 utilizing a non-linear regression routine (e.g. Marquardt'3). 
Such a procedure will produce estimated (approximate) standard errors and 
confidence intervals for the parameter estimates, thus allowing approximate 
significance tests to be made. Typically, the non-linear regression routine will 
require initial "guesstimates" of the parameters to start off the iteration. These 
can be obtained, based on the sample autocorrelations, at the identification 
stage. (Box and Jenkins5 also describe a fully efficient maximum likelihood 
technique based on "back forecasting".) 

A number of diagnostic checks on the adequacy of representation of the 
estimated model can be applied. Perhaps the simplest approach is to fit a model 
which is rather more general (in the sense of containing more parameters) than 
that which has been identified. An examination of the statistical significance of 
the estimates of the additional parameters will indicate whether or not they 
should be included in the model. However, one should not add both extra auto- 
regressive and extra moving average parameters, since, if the originally identified 
model is the true one, the resulting estimates will be highly correlated, may have 
large standard errors and the estimation process may not even converge. Box 
and Jenkins propose a number of tests on the residuals from the fitted model. 
Denote these as at and their sample autocorrelations as rK(d). On the assumption 
that the true errors at are white noise, rK(d) has mean zero and standard error 
approximately n- (more accurate estimates are given by Box and Pierce8). 
These sample autocorrelations can indicate any departure from typical white 
noise behaviour in the residuals and may suggest an alternative model specifi- 
cation. An overall (though not terribly powerful) test for white noise due to 
Box and Pierce8 is provided by comparing 

M 

Q=M E r2(aj) 
K=1 

with tabulated values of x2 for (M-p-q) degrees of freedom, where M is 
some integer greater than or equal to twenty. Finally, the cumulative periodo- 
gram of the residuals can provide a useful check against periodic forms of 
departure from white noise in the error series. 

Suppose that one has constructed an appropriate model from the data set 
X,X2, ..., Xw, and requires forecasts of future values X+ ( =1,2,3, ...). 
It can easily be verified that, standing at time n, the optimal forecast (in terms 
of minimum expected squared forecast error) of X.+, is simply its conditional 
expectation at time n. The conditional expectations of Xn, Xn_1, ... are just 
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their known values at time n, those for an, an.,, ... are the estimated residuals 
from the fitted model, those for an+L, an+2, ... are zero, and those for 
Xn+I Xn+2' ... are the forecasts of these quantities made at time n. The forecast 
generating procedure, given a fitted model of the form (4), is thus a step-by-step 
process, taking in turn I = 1, 2, 3, ..., substituting n + I for t in (4). 

For seasonal time series with period s (i.e. s = 4 for quarterly data, s = 12 for 
monthly data) Box and Jenkins propose the multiplicative model 

(1 - 1B-#2B2 _.. .-P BP) (1 -01S BS-02S B2S- ...-P8s B ) 
x (1-B)d(j- Bs)ds, Xt 

(1-01 B-02 B2- 0qBq)(1-OlsBs- 028 B2s- . 0q8s B12S) at. 

The assumption of multiplicativity can, though, be dropped in practice if the 
identification procedure suggests such a course. To illustrate consider the 
following two commonly occurring models, for monthly series. 

wt = (1 -B) (1 -B12) Xt = (1 - 0 B) (1 -012 B12) a,, (7) 

wt = (1 -B) (1-B12) XI = (1- 01 B-- 012B12 - 013 B13) at. (8) 
Models (7) and (8) are identical if 

013 =01 012 

However, if the autocorrelation structure of w1 suggests that this relationship 
does not in fact hold the more general formulation (8) is to be preferred. The 
principles of model fitting and forecasting in the case of seasonal time series are 
essentially the same as for non-seasonal series. 

AN EXAMPLE OF UNIVARIATE TIME SERIES FORECASTING 
In this section the application of the Box-Jenkins forecasting approach to a 
particular time series is discussed. Forecasts were required of future sales of a 
consumer durable, on a monthly basis, and while it was acknowledged that 
various market conditions whose effects were not readily quantifiable were 
likely to arise, it was thought that forecasts produced by the univariate Box- 
Jenkins procedure would be useful-at least as a rational starting point from 
which modified forecasts might be derived judgementally if this were thought to 
be desirable. The data, which were seasonal, consisted of 104 monthly 
observations, a figure considerably higher than one would propose as the 
minimum necessary for Box-Jenkins analysis to be workable. 

The sample autocorrelations of the original series XI, together with those of 
the three differenced series: 

(1-B) XI, 
(1 - B12) Xt, 

(1 -B)(1 -B12) X 
are shown in Table 1. 
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The example I have chosen here is most certainly not a "textbook" example. 
Indeed my first reaction on seeing the autocorrelations in Table 1 and the 
graph of the data (solid line in Figure 1) was that the series was likely to prove 
extremely difficult indeed to forecast. The choice of a series of this nature for 
purposes of illustration is deliberate, inasmuch as it is my belief that "textbook" 
cases are likely to be very rare in sales forecasting (although they may occur 
more frequently among macro-economic series, where movements through time 
can be expected to be rather more smooth). This particular example serves to 
illustrate how the Box-Jenkins framework facilitates the tailoring of a fore- 
casting model to the individual peculiarities of the series at hand. 

Examination of the sample autocorrelation functions in Table 1 suggests 
the following points: 

TABLE 1. AUTOCORRELATIONS FOR CONSUMER DURABLE SALES 

Original Series (Xt) 

X rK K rK K 

1 0.71 13 0.27 25 0.09 

2 0.46 14 0.01 26 -0.07 

3 0.20 1S -0.22 27 -0.26 

4 0.07 16 -0.34 28 -0.29 

5 -0.02 17 -0.41 29 -0.32 

6 -0.04 18 -0.42 30 -0.28 

7 -0.09 19 -0.43 31 -0.24 

8 -0.03 20 -0.36 32 -0.16 

9 0.00 21 -0.31 33 -0.11 

10 0.14 22 -0.17 34 0.07 

11 0.37 23 0.09 35 0.25 

12 0.48 24 O. 19 36 0.39 

K rK K KK 

1 -0.05 13 0.07 25 0.10 

2 -O.02 14 -0.04 26 0.05 

3 -0.221 15 -0.20 27 -0.28 

4 .0.08 16 -0.08 28 -0.00 

5 -0.12 17 -0.12 29 -0.11 

6 0.06 18 0.03 30 0.01 

7 -0.18 19 -0.14 31 *0.07 

8 0.04 20 0.04 32 0.06 

9 -0.20 21 -0.17 33 *0.25 

20 -0.114 22 -0.22 34 -0.02 

11 0.18 23 0.29 35 0.09 

12 0.59 24 0.36 36 0.37 
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TABLE 1-(cont.) 

K rK K K K r 

1 0. 80 13 -0.19 25 -0.36 

2 0.79 14 -0.27 26 -0.28 

3 0.69 15 -0.29 27 -0.27 

4 0.58 16 -0.37 28 -0.17 

5 0.52 17 -0.40 29 -0.12 

6 0.41 18 -0.40 30 -0.07 

7 0.30 19 -0.43 31 -0.03 

8 0.24 20 -0.45 32 0.01 

9 0.14 21 -0.44 33 0.04 

10 0.07 22 -0.52 34 0.11 

11 -0.03 23 -0.41 35 0.12 

12 -0.13 24 -0.45 36 0.17 

(1-B) (1-B12 

K rK K rK K r_ 

1 -0.47 13 0.03 25 0.03 

2 0.20 14 -0.15 26 0.16 

3 0.04 15 0.16 27 -0.19 

4 -0.12 16 -0.14 28 0.11 

5 0.12 17 -0.06 29 -0.01 

6 0.00 18 0.06 30 0.04 

7 -0.15 19 -0.04 31 0.02 

8 0.10 20 -0.04 32 -0.00 

9 -0.06 21 0.20 33 -0.09 

10 0.07 22 -0.44 34 0.13 

11 0.01 23 0.36 35 -0.07 

12 -0.09 24 -0.33 36 0.10 

(i) The autocorrelations of the original series XI fail to damp out, indicating 
that differencing is required. 

(ii) The autocorrelations of the series (1-B) XI are not damping out 
quickly around multiples of K = 12. 

(iii) The autocorrelations of the series (1-B12) XI are not damping out 
quickly. 

(iv) For the series (1-B)(1-B)2 X1, one finds high autocorrelations at 
lags K = 1, 2 and around K = 24. This suggests that a model of the form 

(1-B) (1-B12) X - = (1-01 B-02B2) (1-028 B24) a, 
might be appropriate. However, following the diagnostic checking 
principle of overfitting, we include a term in B12 in the second bracket 
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FIG. 1. Sales of a consumer durable. 

on the right-hand side of this expression-this modification appears to 
be an obviously plausible extension of the identified model. 

The model to be fitted is then of the form 

(1-B) (1-B12) XI = (1-01 B-02 B2) (1-Ols B12 -02s B24) a. (9) 

The parameters of this equation were estimated using a non-linear regression 
algorithm, yielding the estimates (with estimated standard errors in brackets): 

ff= 0*45 (0 10), 02 = -0-21 (0.11), 
A. 

0-29 (0.11), 28s = 0-36 (01 1). 

The estimated error variance from the fitted equation (9) represented a 
reduction of 79 per cent in the variance of X1. The estimated autocorrelations 
of the residuals from the fitted model are shown in Table 2. Now, 13 of the 
original 104 observations were "lost" through application of the difference 
filter (1-B) (1-B12), leaving an effective sample size of 91. Since only one of 
the autocorrelations is bigger in absolute value than 2/191 there does not appear 
to be any significant evidence of departure from randomness in the residuals. 
This is further confirmed by the statistic 

36 
Q = 91 E r2 (d) = 30-64, 

K=4 

which can be compared with the tabulated x2 statistic for 32 degrees of freedom. 
In fact the test statistic is less than the tabulated value at the 50 per cent 
significance level. 
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TABLE 2. ESTIMATED AUTOCORRELATION r1((a) OF RESIDUALS 
FROM FITTED MODEL (9) 

K rK(a) K rK(a) K rK(a) 

I -0.00 13 -0.06 25 0.08 

2 0.02 14 -0.00 26 0.16 

3 .0.01 15 0.09 27 -0.13 

4 -0.13 16 -0.19 28 _0.03 

5 0.08 17 -0.17 29 0.03 

6 0.00 18 _0.04 30 0.06 

7 -0.20 19 -0.02 31 .0.01 

8 -0.07 20 0.02 32 -0.05 

9 0.02 21 0.01 33 _0.09 

10 0.08 22 .0.29 34 0.10 

.1 0.04 23 0.13 35 0.02 

12 -0.00 24 -0.02 36 0.06 

Examination of Table 2, moreover, is not suggestive of any alternative 
identification to model (9), and accordingly this equation was employed to 
generate forecasts. Forecasts up to 16 months ahead are shown by the dotted 
lines in Figure 1. Also shown are 95 per cent probability limits and actual 
values for the first 10 months of the forecast period. 

FORECASTING USING LEADING INDICATORS 
It is often the case that changes in some series Y are anticipated by changes in a 
related series X. In such a situation X is said to be a leading indicator for Y. 
Clearly possession of information on some leading indicator is potentially of 
great value in forecasting. 

The Box-Jenkins approach to forecasting in the presence of leading indicators 
is to construct a model linking the series to be forecast, Y, and the leading 
indicator X. A great deal of care is needed in the construction of models relating 
time series, as is illustrated by Box and Newbold.7 In particular, dangers of 
"discovering" spurious relationships must be circumvented. 

Let us suppose that Y depends on current and previous values of X and that 
we can express this dependence in a model of the form 

Ye = v(B) xt +?t, (10) 
where Yi and x1 are appropriately differenced forms of the original series Y, 
and X, where 

v(B) = vo+v1B+V2B2+... 
and el is an error term. It is often the case that there is some delay between the 
occurrence of X and its influence on Y. If this delay occupies b time periods, 
then the coefficients v0, vl, ..., Vbl in (10) will all be zero. As it stands, equation 
(10) is not in a convenient form for model estimation, as the parameters extend 
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into the indefinite past. However, parsimonious parameterization can generally 
be achieved by writing 

v(B) - cw(B)Bb 
8(B) 

where 
co(B) = coo + co1 B + ...+ c Bs 

and 
8(B) = I-81 B-...- Br. 

The error term el is taken to follow an ARMA(p, q) process of the form 

a(B) 
?t = 

O(B) a,, 

where a, is white noise. Thus equation (10) is written in the form 

Y (B) Xt-b + .(B) a,. 

Equation (11) is called a transfer function-noise model linking Y and X. Box and 
Jenkins outline a well-defined model-building procedure, consisting as in the 
univariate case, of an iterative cycle of identification, estimation and diagnostic 
checking, for the construction of equations of this type. 

PRACTICAL EXPERIENCE WITH BOX-JENKINS METHODS 

Over the past 2 years we have acquired at Nottingham a good deal of experience 
in the application of the Box-Jenkins techniques, particularly the univariate 
forecasting models. In one particular investigation we compared the perform- 
ance of the Box-Jenkins approach with that of various ad hoc procedures over 
a wide range of economic time series, including both seasonal and non-seasonal 
series, broad macro-economic aggregates and micro-sales data. We assembled 
a collection of 106 time series, 80 of which were monthly and 26 quarterly. 
Each series was divided into two parts; the first part was employed to build 
an appropriate forecasting equation which was then used to generate forecasts 
over the second part of the series. Table 3 compares the performance of the 

TABLE 3. PERCENTAGE TIMES BOX-JENKINS FORECASTS OUT-PERFORM HOLT-WINTERS 
FOR VARIOUS LOAD TIMES 

Lead Time 1 2 3 4 5 6 7 8 

Percentage 73 64 60 58 58 57 58 58 

Box-Jenkins approach with that of the commonly employed Holt-Winters 
exponential smoothing technique (see Holt'2 and Winters'8) in terms of mean 
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squared forecast error for various lead times (i.e. for forecasting different 
numbers of steps ahead). The superiority of the Box-Jenkins approach is 
particularly marked in forecasting with very short lead times, and, indeed, we 
noted that for seasonal series this superiority tended to extend rather further 
into the future. This table tells only a partial story inasmuch as for some series 
the Box-Jenkins approach outperformed its competitor by a very considerable 
margin. Thus, for one step ahead forecasts, the ratio of the mean squared error 
of the Box-Jenkins forecast to that of the Holt-Winters forecast was less than 
0&5 for 16 of the series in our sample and less than 0&7 for 31 series. The geo- 
metric mean of this ratio over all 106 series was 0f80. Thus it can be seen that 
the gains to be obtained in employing Box-Jenkins methods can be, and 
frequently are, quite considerable. (A more detailed summary of our results is 
contained in Newbold and Granger.15) 

Published empirical work in which forecasts based on leading indicators are 
derived through Box-Jenkins methods is rather more sparse. However, the 
work of Bray9 and Wall et al.'7 gives a good indication of the power of the 
method as applied to economic time series data. 

In concluding this survey of the Box-Jenkins approach to time series fore- 
casting, it is appropriate to acknowledge that attempts to apply the method in 
practice can lead (and, in fact, have led) on occasion to certain difficulties. 
Four particular problems which we have met in our own work might be 
mentioned: 

(i) It is, at times, extremely difficult from a given set of data to identify an 
appropriate model from the general ARIMA(p, d, q) class of models. 
Up to a point, one finds this happening less often the more experience 
one has in using the technique, but nevertheless difficulties of this 
nature do on occasion still arise. It would be extremely rash. for example, 
to claim that on the basis of sample autocorrelations and partial auto- 
correlations from a series of length which is likely to occur in practice 
one could immediately identify complex models such as: 

(1-01B-02B2-03B3-04B4)XI = (1- 61B- 02B2- 63B3)a,. (12) 

In situations where one suspects a complex structure, the best strategy 
is to begin by constructing a fairly simple model, which one may then be 
able to modify on the basis of the autocorrelation structure of its 
residuals. Thus the construction of models like (12) might take as many 
as three or four iterations in the cycle of identification, estimation and 
diagnostic checking. It should further be added that such complex 
models occur very rarely in practice, or at any rate are rarely identified 
in practice. 

(ii) A related point is made by Chatfield and Prothero.10 It is sometimes the 
case that multiple identifications are thought possible-that is the 
identification procedure might suggest two or more possible models 
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from the general class for a particular set of data. It is further contended 
that, on the basis of available data, it might prove impossible to 
distinguish at acceptable levels of statistical significance between the 
alternatives. A possible solution to this difficulty might be to construct 
a model which incorporates as subsets the possibilities being entertained. 
As a simple illustration, suppose for a time series of length 80 the first 
two sample autocorrelations were r1 = 0-32, r2= 007, and that the 
remainder were small. If we regard r2 as being close to zero, then the 
appropriate identification is 

XI= a,- Oa,-, 

but if we regard r2 as being approximately equal to r2, and r1 ri for 
j = 3,4,5, ... then the appropriate model is 

Xt - Xt1 = a,. 

Perhaps the best approach is to fit the more general model 

Xt - Xt- = at-at-,.. 

The statistical significance of the estimated coefficients would then 
help determine which (if any) of the simple models was appropriate. 

A further point, noted by Box and Jenkins,6 is that the competing 
models may well in fact be very similar to one another. This point can 
be illustrated by reference to one of the series studied in Newbold and 
Granger.15 One of our series consisted of 204 monthly observations on 
the index of help wanted advertisements in the United States. The 
identification procedure suggested that either an ARIMA(2, 1,1) or an 
ARIMA(3, 1,0) model might provide a reasonable fit to the data. The 
respective fitted models were 

(1 -0-45B-0-31B2) (1-B) Xt = (1 -036B) at (13) 
(014) (0 08) (015) 

and 
(1-0 11B-0034B2-0 16B3) (1-B) XI = at (14) 

(0-07) (0 07) (0 07) 

with error variances 14-483 and 14-486 respectively. In fact, we can 
write (13) as 

(1 -0 36B)-1(l -0-45B-0-31B2)(1 -B)X= 1at 
or 

(1 ~ ~ ~ 2- 3 .)(I -B)Xt = 01, (1-0-09B-0-34B 0-012B -0-04B4-0-02B5- )(-)X t 
which differs only very slightly from (14). 

(iii) One occasionally finds time series in which there is an odd outlier. 
Extreme observations can have a very drastic effect on the identification 
process, and genuine outliers should be removed before model building 
is attempted. 

410 

This content downloaded from 90.201.231.41 on Tue, 9 Apr 2013 02:31:21 AM
All use subject to JSTOR Terms and Conditions

http://www.jstor.org/page/info/about/policies/terms.jsp


Paul Newbold - Principles of the Box-Jenkins Approach 

(iv) A point which has received a good deal of discussion recently, stimulated 
to some extent by Chatfield and Prothero,'0 concerns the possibility of 
applying a power transformation to the original data, that is to say the 
class of models (4) is extended by writing XA in place of Xt, where A 
is regarded as another parameter to be estimated. The model can be 
estimated by employing the maximum likelihood approach, as described 
by Box and Cox.3 The adoption of such a procedure will, of course, add 
to costs of computation. Further, it is difficult to conceive of many 
values for A which would provide a natural metric for the analysis of 
sales data, thus rendering the models achieved difficult to intepret. 
There is very little published material containing empirical work 
evaluating the potential gains from the use of power transformations in 
a Box-Jenkins analysis and my own experience is rather limited. My 
feeling at present is that it will be very often sufficient to build a model 
to the raw data, and that only if this fails to give adequate forecasts 
would one contemplate this further extension. The simple graphical 
approach described by Box and Jenkins6 might then well prove adequate. 

SUMMARY AND CONCLUSIONS 

I have attempted in this paper to describe the Box-Jenkins forecasting technique, 
to illustrate its use, to demonstrate its potential power and to outline some of 
the practical difficulties which may arise in applying this approach. Further 
discussion can be found in Box and Jenkins,4 Chatfield and Prothero'0 and 
Naylor et al.'4 

Box-Jenkins methods have, over the past few years, attracted a good deal of 
attention and, perhaps inevitably, certain misconceptions have arisen. It is 
hoped that some of these will have been cleared up by this paper. It is perhaps 
worth reiterating that the Box-Jenkins approach does allow the user a good 
deal of freedom, and also the possibility of misusing this freedom. Cases where 
unsatisfactory results follow from the use of the method are bound to arise on 
occasion. However, in such situations, it may well be more profitable for the 
user, before asking "What is wrong with Box-Jenkins?" to ask "What is 
wrong with the way I have applied Box-Jenkins ?" 

In concluding this paper, it is appropriate to emphasize what the Box-Jenkins 
univariate time series forecasting method is and what it is not. It is an excellent 
method for forecasting a series from its own current and past values, that is, 
for the extrapolation of local trends. It is not the universal solution to be 
blindly applied to all forecasting problems, since the information it takes into 
account is very limited indeed. The Box-Jenkins approach, however complex 
it may seem, is no substitute for thinking about the individual peculiarities of a 
given forecasting problem-it is simply a very powerful tool which can be of 
great help in the solution of many practical forecasting problems. 
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