


























































and, from (8.2), 

Hence the revision r, has the ACF of a stationary AR(t) process. 

8.2 Optimality of the Revisions 

(8.4) 

Revisions in preliminary estimators are implied by the use of a two-sided filter, 
as in 

(8.5) 

Starting with the concurrent estimator, if the observations are (x" ... , x,] , 

(8.6) 

and when the new observation (x,_,) arrives, the revised estimator is 

and so on. Two-sided filters are necessary to avoid phase effects; they are also 
implied by MMSE ("optimal") estimation of the components. Of course, to revise 
series is always disturbing and an inconvenience, and revisions can indeed be 
large (for a case study, see Maravall and Pierce, 1983). But revisions simply 
reflect the fact that knowledge of the future will help in understanding the 
present, a very basic fact of life. (Concurrent estimators are, like "first 
impressions", usually insufficient to form an accurate judgement). Thus 
revisions are necessary, and to suppress them is to ignore relevant information, 
to refuse to improve our knowledge, and to distort our timing of events. 

From (8.5) and (8.6), the revision r, = 5, - s'l' can be expressed as 

r, = ", (x,., - x"' I') + "2(X'.2 - x" 2I') + .. ' = L ", e,(j) (8.7) 
,-, 

where e,(j) is the j-th-period-ahead forecast error of the series. Expression 
(8.7) shows that the revision depends on the forecast errors and the weights 
of the WK filter. This justifies the interest in "small" forecast errors (in essence, 
the rationale behind the Xl 1ARIMA modification of Xl 1 ), but revisions still 
depends on the "I ' s .  which depend, in turn, on the stochastic structure of the 
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series (i.e., on the ARIMA model). For some series, the revisions should be 
large; for other series, they should be small. Also, for some series the revisions 
will last long; for others, they will disappear fast. Thus, for a given series, there 
is an appropriate amount of revision. The revision should not be larger than 
that, nor should it be smaller. 

In the MBSE approach, the revisions are "optimal" (both, in terms of size 
and duration) in the following way. They are implied by optimal ( MMSE ) 
forecasting, and optimal ( MMSE ) estimation of the components. Since the 
former implies minimum forecast errors, revisions will tend to be small. But the 
vague (and often made) recommendation of "small revisions" should be 
replaced by that of "optimal revisions", associated with optimal estimation of the 
components. 

9. INFERENCE 

9.1 Optimal forecasts of the components 

Similarly to the case of preliminary estimation, the k-periods-ahead forecast 
is given by 

hence, in practice, one simply needs to further extend the series with some 
additional ARIMA forecasts. The properties of the forecast error 

ST.k - ST.k IT can be obtained in exactly the same way as the error in the 
preliminary estimator which we discuss in the next section. Since, on occasion, 
one may wish to forecast the trend rather than the original series, a convenient 
feature of the MBSE method is that it provides optimal forecasts of the 
components, as well as their associated MSE. 

9.2 Estimation error 

An issue of considerable applied concern has been to obtain a measure of 
the precision of the component estimator, in particular of the SA series (see 
Bach et ai, 1976; Moore et ai, 1 981 ; Bank of England, 1 992). This need is 
specially felt for key variables that are (explicitly or implicitly) being subject to 
some type of targeting (for example, a monetary aggregate or a consumer price 
index). In these cases, intrayear monitoring and policy reaction is based on the 
SA series (for an example, see Maravall, 1 988). We consider now the precision 
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of the concurrent, successively revised, and final estimators, and of the 
forecasts. Bell and Hillmer (1 984), Burridge and Wallis (1985), and Hillmer 
(1985) have shown how to obtain standard errors for the component MMSE 
estimators in UCARIMA models of the type we consider. Here we sketch how, 
under the semi.", realization assumption, the models for the errors can be 
obtained and used in inference. 

Because of the stochastic nature of St ' its final estimation error St 
contains an error, et = St - 5t ( =  nt - nt ) ,  to be denoted "final estimation 
error". Although et is unobservable, it can be seen (Pierce, 1 979) as the 
output of the stationary ARMA model (6.8). Therefore the distribution of et is 
easily obtained. Since the ACGF of et is identical to the CCGF of the 
estimators 5t and nt , the final estimation error variance is equal to the lag-O 
covariance between the estimators. 

For the concurrent estimator, the one of most applied relevance, let 
rT = ST - �IT denote the "revision error"; we already saw how its distribution 

can be obtained. The total estimation error, ET ' is 

Since eT and rT are orthogonal (Pierce, 1 980), the model for ET is 
immediately obtained.The derivation of the model for the error in any 
preliminary estimator or forecast, Et IT = St - 5t IT can be done in an identical 
manner. From this model, the variance and ACF of the error can be obtained. 

9.3 The precision of the rates of growth 

Short-term analysis of the evolution of economic variables, as well as the 
setting of targets, is often based on rates of growth, rather than levels. Assume 
we wish to obtain the MSE of the error in the concurrent estimator of the rate 
of growth over the last m months of a SA series. Since more often than not, 
ARIMA models are appropriate for the log of macroeconomic time series, let 
St = SA series and St = log (St) . The rate of growth of the SA series over 

the last m months is given by Rt = ( St - St_m ) f  St_m . Using the linear 
approximation Rt = St - St_m ' the concurrent estimator of Rt is 
Rtlt = St lt - 5t_m lt ·  To compute the estimation error variance, consider the 

identity 
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The left hand side is the difference in two concurrent estimators. 
Let " and " -m be the associated estimation errors. We saw how to derive 
their variance and ACF. As for the right hand side, the first term is R' I" and 
the second term is the m-period revision in the concurrent estimator. 

Replacing t by t-m in (8.1 ) ,  letting � (Fr = L�.o �j F j , and applying the 
operators E'_m and E, yields, after simplification, 

m 
St-m lt - St-mlt-m = E �1-1 8t_m+ 1  • 

1 - '  

and the identity (9. 1 )  can be rewritten as 
m 

S'I' - S'-m l,-m = 
R' I' + L �,_' a,_m_1 (9.2) 

1 - '  

Denote the error of interest by 0, = R' I' - R, . Subtracting S, - s'_m from 
both sides of (9.2) yields 

m 
Et - Et_m = 

Dl + E �i-1 8t_m+ 1  . 1-' 
(9.3) 

Because 0, is a function of a'_j ' j > 0, the two terms in the right hand side of 
(9.3) are orthogonal, and hence 

m 
V (D,) = 2V, ( 1  - p� ) - L 

i -1 
2 � , _ '  Va ' (9.4) 

where p� denotes the m - lag autocorrelation of " . Expression (9.4) can be 
derived from the UCARIMA model; in the AMB approach, simply from the 
ARIMA model for the series. 

As an example, consider the random-walk plus noise model, and assume 
we are interested in V (D)  for m = 1 ,  i.e., in the variance of the error in the 
measurement of the signal rate of growth for the last period. 

To compute (9.4) we need V, ' p� and �o ' The models for the 
uncorrelated r, and e, processes are (8.4) and, from (6.8), 

( 1  + 6 F) e, = bl ' with Vb = V, V, . From these two AR(I) models one 
trivially obtains Ve ' y� I Vr I y; where y� and y; are the lag-1 
autocovariances of e, and r" respectively. Thus V, = V. + V" 

p; = ( y� + y� ) IV" and �o is the coefficient in the expansion of (8.3), that 
is, �o = - 6 V, / ( 1  + 6 ) .  
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9.4 The gain Irom concurrent adjustment 

A point 01 concern lor data-producing agencies is the Irequency at which 
seasonal adjustment should be performed. Since concurrent adjustment is 
costly and implies changing the data Irequently. seasonal adjustment is often 
performed once a year (or twice a year). and lorecasted seasonal lactors are 
used until the next seasonal adjustment is done. 

Naturally. the use of forecasted factors increases the MSE 01 the SA series. 
and the question of what would be gained in practice moving Irom a once a 
year adjustment to a concurrent one is important. The MBSE approach 
provides a simple answer to the question. From (8.1). it is seen that 

k-' 
MSE (5' _k l' - 5' 1 ') = V. L �\ 

JoO 

where �o • ... • Ck_, are thelirst k coefficients in the polynomial �. (B) . Thus 
the loss in precision due to the use 01 forecasts can be easily measured. 

9.S Innovations In the components (pseudo-Innovations) 

If the UCARIMA model parameters are known and the semi"", realization 
is considered. then a, . the l -period-ahead forecast error of 

x, ( = x, - x'I' _' ) is eventually observed. But since s, and n, are never 
observed. neither will be a" and ani ' the innovations in the components of 
the models (5. 1 )  and (5.2). We refer to them as ·pseudo-innovations· (Harvey 
and Koopman. 1 992. use the term "cuasi-residuals"). Although unobservable. 
their MMSE estimators can be obtained. Taking conditional expectations in 
(5. 1 )  yields 

<I>, (B) 5, = 8, (B)a" 

where a" = E ( a" I X ). Using (5.2). (9.5) can be expressed as 

a = v 
8
, 
(F) <1>. ( F) 

a " 
, 8 (F) , . 

(9.5) 

(9.6) 

where. without loss of generality. we have set V. = 1 .  Compared to (5.5). 
expression (9.6) shows that the filter that provides the MMSE estimator of the 
standarized pseudo-innovation a" I 0, is the one-sided WK fitter for obtaining 5, .  
In other words. ACF ( a"l o.)  = ", ( B . F ) . therelore. although a" is white 
noise. the estimator a" can be highly correlated. Care should be taken thus 
when interpreting the series a" . lor example. when testing lor randomness 
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of a" or for detecting outliers. For the semi-oo realization, applying ET to (9.6) 
yields 

where a' iT = a, when T > t , and 0 otherwise. Therefore, the concurrent 
estimators are given by aS1 11 =: V $ al l and anI II = V n 8t ' so that both are a 
fraction of the series innovation. It is worth noticing that the models for the final 
estimation error, the revision error, the irregular estimator, and the p-innovation 
estimator, all have 6 (F) as the AR polynomial. As a consequence, as a 
general rule, large MA roots in the model for the observed series are 
associated with slowly converging revisions, and highly autocorrelated irregular 
and p-innovations. 

10, AN EXAMPLE 

We consider, as an example, the quarterly series of the Spanish Industrial 
Production Index (IPI) for the period 1981/1 - 1 997/1 ; the series is displayed in 
Figure 3a. To specify the UCARIMA model following the AMB approach we 
start with the ARIMA model for the observed series. A good fit is provided by 
the model 

17174 X, = ( 1  - . 1 1  6 ) (  1 - .9664 ) at '  (0. = 2.03) . 

Direct inspection of the MA parameters indicates the presence of a fairly 
stochastic trend and a very small or very stable seasonality. In the factorization 
of the AR polynomial, 

the factors 172 and S imply the presence of a trend and a seasonal 
component, respectively. Therefore we can decompOse the series into 

where <1>. (6) = 172 , <1>, (6) = S ,  u, is wMe noise, and 6. (6) and 6, (6) are 
polynomials in B of degree 2 and 1 1 ,  respectively, which satisfy the identity 
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A simple and efficient procedure to obtain the canonical decomposition (with 
noninvertible trend and seasonal components) is given in 8urman (1 980), using 
a partial fraction expansion of the model in the frequency domain. Easy 
procedures to compute the ACGF of an ARMA model and to factorize the 
spectrum of an MA model are given in Box, Hillmer and Tiao (1 978) and in 
Maravall and Mathis (1 993), respectively. The UCARIMA model obtained is 
given by 

S nt = { 1  + .508 - .3582 - .948 3 ) ant , ( V, = .oo01V. )  

and the irregular component has variance V" = .30V. . Notice that 
e. (8  = -1 ) = 0 ,  which implies a spectral zero for the trend at the 7t radians 

(twice-a-year) frequency, while the seasonal component displays a spectral 
zero for a frequency between the two seasonal ones. Looking at the variance 
of the component innovations, it is clear that seasonality will be very stable, the 
trend fairly stochastic, and the irregular relatively important. The SA series, 
equal to (pt + ut) , follows the model 

V2 st = { I - I .108 + .1 1 82 ) a" ,  (V. = .97V.) . (10.1) 

which can be expressed as 

'12 St = ( 1  - . 1 1  8 ) ( 1 - .99 B ) a" ' 

and hence the model is seen to be very close to the random-walk-plus-drift 
process. Further, since V, is close to Va ' seasonal adjustment will not 
reduce much the stochastic nature of the series. The spectra of the series and 
components are displayed in Figures 3b, c and d. 

From (5.5), the WK filters to obtain the final estimators of the SA series and 
seasonal component are given by 

v, (8, F) = .97 11(1 - 1 .108 + .1 1 82)S I12 
1 1 (1 - .1 1 8) ( 1 - .9684) 1 1 2

' 

v , ( 8 , F) = .0001 11(1 + .508 - .3582 - .9483) '12 Ii' 
I I  ( 1  - .1 1 8) ( 1  - .9684) 1 1 2 
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where, if Q (B) denotes a polynomial in B, I I Q (B) 1 1 2 = Q (B) Q (F) . Thetwo 
filters and the associated squared gains are displayed in Figure 4. The 
narrowness of the. dip for the gain function of the SA series and of the peak for 
the gain of the seasonal component reflects the fact that the seasonality in the 
series is of a highly stable nature. 

Using expression (6.2), the process generating the estimator of the SA 
series is given by: 

( 1 - .1 1 F) ( 1 - .96F4) V2 St = ·97 (1 - 1 .10B + 
+ .1 1 B2) (1 - 1 . 10F + .1 1 F2) S (F)a , .  (1 0.2) 

Tile spectrum of the SA series (s,) and of its estimator (5,) are shown in 
Figure 5a. It is seen how estimation induces spectral zeros for the seasonal 
frequencies, and hence noninvertibility of the estimator. The associated spectral 
dips imply some underestimation of the variance of the seasonal component. 
In particular, from (10.1) and (10.2), Var (v2s,) = 2.17 V. ,  while 

Var (V25,) = 2.12 V  • . 

The same comparison for the irregular component estimator is shown in 
figure 5b. The variance underestimation is now more pronounced and Table 3 
also exhibits the value of the lag·1 and lag-4 autocorrelations ( p, and p.) for 
the irregular component, its theoretical. MMSE estimator, and the estimate 
actually obtained. (One year has been removed at both end of the series to 
decrease the distortion due to preliminary estimators). 

p, 

P4 

Variance 
(in units of V.) 

IRREGULAR COMPONENT 
Comparison of the second moments 

COMPONENT MMSE ESTIMATOR 

0 -.44 

0 .02 

.30 .16 

Table 3 

ESTIMATE 

-.52 

.07 

. 15  

MMSE estimation induces a negative and large lag-1 autocorrelation. 
Comparison of the theoretical estimator of the irregular and the estimate 
actually obtained (computed as the residual) can be used as a diagnostic tool; 
the close agreement between estimator and estimate points towards validation 
of the results. 
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Expression (6.8) can be used to derive the covariance between the 
component estimators. Table 4 displays the correlations between the (stationary 
transformations) of the estimators and of the estimates actually obtained .. 

Table 4 
CORRELATION BETWEEN ESTIMATORS 

Trend and Seasonal Seasonal and Irregular Trend and Irregular 

Component Components Component 

Estimator -.06 .03 -.04 

Estimate -.09 .08 .01 

The correlations are, in all cases, negligible, the estimator and estimate 
provide, again, similar results. 

As for the estimation errors, the variance of model (6.8), particularized for 
the three components, yields the variance of the final estimation error. To look 
at the revision errors, the weights of the filter � (B, F) given by (6.5) need to 
be computed. Table 5 presents the estimation error variances of the trend and 
SA series, for the final and concurrent estimators. 

Trend 

SA series 

ESTIMATION ERROR VARIANCE 
(in units of V.) 

Final Estimation Revision Concurrent 

Error Error Estimation 

Error 

. 13  .08 .21 

.01 .01 .02 

Table 5 

% Reduction in revision 

S.E. after one year of 

data 

91 

4 

Because of the close-to-deterministic nature of the seasonal component, the 
estimation error of the SA series, be that the final estimation error or the 
revision, is very small. The error in estimating the trend is larger due to the fact 
that a relatively important irregular component has been removed. Still, the 
revision is of a moderate size, and the variance of the error in the concurrent 
estimator is approximately 1/5 of the innovation variance of the series. 
Concerning convergence of the revision, as is typically the case, the very small 
revision in the concurrent estimator of the SA series converges very slowly, 
while in just one year the trend has practically converged to the final estimator. 
The slow convergence of the SA series estimator to the final estimator 

- 43 -



suggests that very little would be gained from moving from a once-a-year 
adjustment to a concurrent one, and in fact the average decrease in Root­
MMSE would be 1 .5%. For this series, infrequent adjustment would imply little 
loss in precision for the SA series. 

Figure 6 displays the last two years of observations and estimates of the 
trend and seasonal component, as well as the next two years of forecasts with 
the associated 95% confidence intervals. Seasonality is seen to be highly 
significant and stable, and the forecast of the trend, more precise than that of 
the original series, is close to a straight line (this forecast would only be useful 
for short-term horizons.) 

Finally, analysis of the short-term evolution of the series is mostly based on 
changes, not on levels. Expressions (8.2) and (6.8) permit us to obtain the 
ACGF of the revision and final estimation errors, from which, proceeding as in 
Section 9.3, it is straightforward to find that, for example, 90% confidence 
intervals for the quarterly change implied by the last observation are equal to 
(±.47) when the trend is used, and to (±.19) when the SA series is used. 
Further, if the present rate of annual growth is measured as the rate of change 
over a year period centered at the present month (a measure that uses 2 
forecasts), the standard error of the annual rate of growth is 3.64 when 
measured with the original or the SA series, and 3.46 when measured with the 
trend. For longer spans, thus, the trend signal turns out to be more precise. 

1 1 .  RELATIONSHIP WITH FIXED FILTERS 

The MBSE approach we have outlined provides a rich procedure for the 
derivation of linear filters to estimate signals of interest and, often, fixed-type 
filters can be seen as the result of a particular MBSE application, at least to a 
reasonable approximation. A well known case is the approximation to the XI I 
filter developed by Cleveland and Tiao (1976) and Burridge and Wallis (1 984). 
The model found in these approximations for the aggregate observed series is 
broadly similar to a class of ARIMA models often found in practice, namely 
those of the type VV'2 X, = 8(B) a" where 8(B) displays moderately large 
negative values of p, and P'2 ' The spectral shape of this type of model 
presents the stylized features of the typical spectra of economic time series, as 
noticed by Granger (1 966). Other model-based interpretations of some ad-hoc 
filters can be found in Tiao (1 983), Tiao and Hillmer (1978), King and Rebelo 
(1993), and Watson (1986). 

To illustrate the relationship we consider a family of fixed filter of the low­
pass type (aimed at capturing low frequency Signals, i.e., long-term trends) 
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namely the Butterworth family of filters, popular in electrical engineering (often 
in the one-sided expression). For the 2-sided filter, the gain is defined by 

1 G ( ", )  = 

2d ' 

1 + ( sin(",/2) 1 
sin("'e/2) 

( 1 1 .1 ) 

when based on the sine function (BFS), and by the same expression ( 1 1 .1 ), 
with "sin" replaced by "tan", when based on the tangent function (BFT). The 
filter depends on two-parameters: "'e '  the frequency for which 

G ( "'e) = 1 /2 and d = 1 ,  2, 3 . . .  , where larger values of d produce sharper 
filters. 

To obtain the time domain expression of (1 1 .1 ) ,  we use the identity 
2 sin2 (",/2) = ( 1  - e -IO) (l - e lo) , and replace e -Io by B. This yields 

1 9 (B ,F) = , 

1 + k [ ( 1  - B) ( 1  - F) ]d 

where k = [ 2  sin2 ( "'e/2) ] -d .  It is easily seen that g(B,F) is the WK filter for 
estimating S, in the decomposition (4.1), with V"s, = a" and n, white 
noise (k = Vo / V,) . For the 8FT version of the filter, using 

tan2 (",/2) = (1 - e -IO) ( l - elO) l ( l  + e -IO ) ( l + elo) , the time domain 
expression becomes 

9 (B F)  = { 1 + k [ (1 - B) ( 1  - F) ]d }-' , 
(1 + B) ( l  + F) 

which is the WK filter to estimate s, in the decomposition (4.1), with 
V" s, = ( 1  + B)d a" and n, white noise. Therefore, both versions of the 

Butterworth filter accept simple MBSE interpretations. Notice that the signal 
provided by the BFT will be "canonical" in the sense of displaying a spectral 
zero for w = 1t • 

When d = 1 ,  the BFS yields the "random walk plus noise" decomposition. 
When d = 2 ,  for the appropriate value of Vo/ V" from results in King and 
Rebelo (1993), the BFS yields the HP filter. Since the HP was derived originally 
from the minimization of a function that attempts 'to balance the trade-off 
between fitting and smoothness criteria, the example also illustrates the 
relationship between MA filters derived in this way and the MBSE method. It is 
worth noticing that, although the same filter is obtained with the different 
approaches, only the MBSE one provides MSE of the estimators as well as 
forecasts, (for a more complete discussion, see G6mez, 1997b). 
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12. SHORT· VERSUS LONG·TERM TRENDS; MEASURING 
ECONOMIC CYCLES 

In the MMBE approach we have followed, the trend can be seen as a 
smoothed SA series, since it is obtained by removing additive white noise and 
perhaps some highly transitory effect as described in Section 4. As a 
consequence, the trend will, in general. have power over the range of cyclical 
frequencies (i.e .• the range between the zero and the fundamental seasonal 
frequency). Trends of this type are also called trend-cycle components or short­
term trends. 

From a long-term perspective. short-term trend are of lillie use since they 
will not separate the long-term growth from cyclical oscillations. In economics, 
the study of cycles is an important field, and a simple and standard way to 
estimate cycles has been by using some low-pass fixed filter, often the HP 
filter, to detrend an X1 1 -SA series. As mentioned in the previous section, the 
HP filter can be seen as the minimization of an ad-hoc function that allempts 
to balance filling versus smoothing. It can also be seen as an optimal signal 
extraction filter in the UCARIMA model 

(12.1 ) 

( 12 .. 2) 

where c, and b, are mutually orthogonal white-noise variables, with variances 
V, and Vb; the standard application of the filter to quarterly series sets 
V, : 1600 Vb ' Algorithms to obtain the filter based on the minimization 

approach and on the Kalman filter estimation of the signal can be found in 
Danthine and Donaldson (1 993) and in King and Rebelo (1993), respectively. 
An alternative algorithm estimates the signal through the WK filter. First, it is 
straightforward to find that (12.1)  and (12.2) imply that the observed series 
follows the model V2x, : 6H ( B) a" where 6H (B) : 1 - 1 .m1 B + .7994B2 , 
and V. : 2OOOVb • Denoting the HP filter to estimate the trend by H,(B,F) 

. 
and applying expression (5.5), it is found that 

1 1 1 Hp (B,
F) : 

2000 6H (B) 6H (F) . 
(12.3) 

Trivially, the detrended series are obtained through the filter 
H, (B,  F) : 1 - Hp (B,  F) . The squared gain of this last filter is displayed in 

Figure 7a. The numerical results obtained with the three algorithms are 
indistinguishable; the KF and WK procedure are about equally fast, and 
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considerably faster than the Danthine and Donaldson procedure. The WK 
representation (12.3) is convenient for analytical discussion. 

The HP filter to compute the cycle cannot be applied to the observed series, 
since the seasonality would be included in the cycle. It needs to be applied 
either to the SA series or to the (short-term) trend. Therefore, in general, the 
2-step estimator of the cycle can be written as 

al = Hc(B,F) v (B, F ) xl = " (B ,F) xl ' (12.4) 

where H,(B,F) denotes the HP filter, v (B ,  F) the WK filter that provides the SA 
series or the trend, and ,, (B, F) the convolution of the two. This last filter will 
be symmetric and centered and using the model for x . .  given by (4.7), one 
can proceed with model-based analysis in a straightforward manner. 

The squared gain of the ,, ( B ,  F) filter that estimates the cycle is given by 
the continuous line in Figure 7b when the SA series are used, and by the 
discontinuous line when the trend is considered. The dotted line in the figure 
displays the squared gain of the convolution of the XI I and HP filters. It is 
seen that the fi�er based on the trend is considerably more concentrated 
around the cyclical frequencies. 

As seen in expression (5.4), if the previous squared gain is applied to the 
spectrum of XI ' given in Figure 3b, the spectrum of the cycle estimator is 
obtained. Figure Sa displays the spectra obtained with the three series; the 
dotted line corresponds to the one based on the XI I -SA series, while the 
continuous and discontinuous lines correspond to the ones based on the 
model-based SA series and trend. They are seen to be similar in shape and the 
peak is associated, in the 3 cases, with a 7V2-year cycle. The spectrum of the 
difference between the two cyclical components computed with the model­
based SA series and trend is displayed in Figure 8b; it is close to a white-noise 
spectrum, and hence the cycle computed using the SA series is approximately 
equal to the cycle computed using the trend plus some additional noise. 

Figure 9a compares the cycle estimates obtained with the three methods 
(XI I  was applied, in the X1 1 ARIMA spirit, to the series extended at both ends 
with 3 years of forecasts and backcasts). The difference between using the 
X1 1 -SA series or the model-based SA one is seen to be minor. The difference 
between using a SA series or the trend-cycle is, on the contrary, remarkable. 
During the 65 quarters considered, the cycle based on the SA series crosses 
the zero ordinate line 21 times. The cycle estimator based on the short-term 
trend behaves in a more sensible manner: it crosses the zero line only -7 times 
and cyclical periods are neatly defined. Figure 9b plots the MB short-term trend 
of Section 1 0  (equal to the seasonally adjusted and noise clean series) and the 
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long-term trend obtained by applying the HP filter to the previous short-term 
trend; the figure illustrates well the difference between the two. 

The model-based structure can be useful in more ways. Even if the analyst 
using and ad-hoc filter has no model for the component in mind, and hence 
does not care about the final estimation error, he/she will still worry about 
revisions in the estimator (implied by the two-sided structure of the filter.) 
Because it considers a larger information set, the final estimator will be more 
accurate than the concurrent one, and the difference between the two 
estimators (I.e., the revision) can be considered an estimation error. Proceeding 
as in Section 8, and assuming the HP filter is applied to the short-term trend, 
from (12.3), (5.5), and (4.7), expression (12.4) can be rewritten in term of the 
series innovations, as 

C = k 
8. (B) 8. ( F) ( 1 - F4) (1 - F) 

a = 6 ( B F) a (12.5) • 
8HP (B) 8HP ( F) 8 (F) • ' . ' 

where k = V c V. I V: . It is straightforward to see that the revision in the 
preliminary estimator C._k l• can then be expressed as 

dk,t :::: ct - Ct_k 1k  = E � k ·l al.J ' 
j ••  

where invertibility of the denominator of (12.5) implies that the variance 
of dk .• can be computed using a finite number of terms. For the IPI example, 
the standard deviation of the revision error was computed for the estimator of 
the cycle based on the model-based trend. The 95% confidence intervals are 
shown in Figure 9c from which two clear facts emerge. First, historical 
estimation of the cycle is fairly precise. Second, estimation for recent periods 
is unreliable. This poor performance is mostly due to the large revisions.implied 
by the HP filter. One could exploit the model-based structure to obtain forecasts 
of the cycle (in a similar manner to that used in Section 9.1 ,) but considering 
the size of the associated standard errors, these forecasts are worthless. 
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