




































































































9 4 : 1 0  9 4 : 1 1  94 : 1 2  9 5 : 1  9 5 : 2  9 5 : 3  9 5 : 4  9 5 : 5  9 5 : 6  
O C T O B E R  1 99 4 :  

3- month change 
G 2 . 6 0  3 . 04 3 . 03 2 .37 2 . 6 7  3 .4 2  3. 1 6  3 . 28 3 .35 
G ·  2 . 54 2 . 98 2 . 90  2 . 2 7  2 . 58 2 . 9 5  2 . 79 2 . 94 3 .04  
S 2 . 1 3 2 . 5 6  2 . 6 1  2 . 5 5  2 .69 2 . 9 2  2 .85 2 . 9 1  2 . 9 1  

6-month change 
G 2 . 53 2 .87 2.90 2 . 4 0  2 . 6 2  3 . 1 4  2 . 9 7  2 . 77 2 . 77 
G ·  2 .46  2 .83 2 . 78 2 . 32 2 . 53 2 . 78 2 . 68 2 . 45 2 .33 
S 1 .83 2 . 1 4  2 . 6 1  2 . 1 4  2 . 2 5  2 .39 2 .34 2 . 22 2 . 2 1  

1 2-month change 
G 3 . 9 7  4 .00 4 02 3 .63 3 .67  4 .0 1  3.89 3 .88 3 . 9 5  
G ·  3 . 9 7  4 . 0 1  4 .00  3 . 6 2  3 .67  3 . 9 5  3 . 8 5  3 . 8 7  3 94 
S 3 .82  3 .86  3 .86- 3.86 3.86 3 .87 3 .87 3.87 3.87 

N O V E M B E R  1 9 94: 

3-month change 
G 4 . 99 4 . 9 5  4 . 1 5  4 . 53 5 .4 7  5 . 1 3  5 . 28 5 .39 
G ·  4 .89 4 . 74 3 . 9 8  4 .37 4 . 8 1  4 . 6 1  4 .89 5 . 0 1  
S 4 . 97 5 . 0 5  4 . 98 5 . 2 0  5 .4 5  5 .32 5 .38 5 .38 

6-month change 
G 4 . 1 7  4 . 1 7  3 . 5 6  3 .83 4 . 5 2  4 . 28 4 .38 4 .36 
G ·  4 . 1 2  4 . 04 3 . 4 5  3 . 73 4 06 3 .92  4 . 08 3 . 93 
S 3 . 5 9  3 . 6 5  3 . 5 9  3 .74 3 . 93 3 .85  3.89 3.89 

1 2- m onth change 
G 4 .43 4 . 44 4 . 0 2  4 . 08 4 .4 5  4 .32 4 . 3 1  4 .39 
G ·  4 . 43 4 . 4 1  4 . 0 0  4 .07 4 . 37 4 . 26 4 . 29 4 .36 
S 4 .33 4 .33 4 .33 4 .34 4 .35 4 .35 4 .35 4 .35 

D E C E M B E R  1 99 4 :  

3-month change 
G 6 . 24 4 . 29 4 . 76 5 .89 5 . 4 7  5 . 6 7  5 . 8 1  
G ·  5 . 1 8 4 . 28 4 . 76 5 . 29  5 . 04 5 . 33 5 . 5 8  
S 5 . 74 5 . 64  5 .88 6 . 24 6 . 1 1 6 . 2 2  6 . 2 2  

6-month change 
G 4 . 2 7 3 .54  3 .88 4 . 73 4 . 43 4 . 56 4 . 6 6  
G ·  4 .33 3 .63 3 . 98 4 . 38 4 . 20 4 . 4 0  4 . 5 7  
S 4 . 1 4  4 . 0 7  4 . 26 4 . 50 4 . 40 4 .46 4".4 7  

1 2-month change 
G 4 .46 4 .00  4 .08 4 . 4 9  4 .34 4 .35 4 .43 
G ·  4 . 4 5  4 . 0 0  4 . 1 0  4 . 4 1  4 . 2 9  4 .33 4 .4 2  
S 4 .32 4 .32  4 .33 4 .35  4 .35 4.35 4 .35 

Table 6: Annualised rates of M4 in percentage points . Legend :  G = 
G LAS without trad ing days; G LAS· = G LAS with trading days;  S =  
STAMP. 



94 : 1 0  94 : 1 1  94 : 1 2  9 5 :  1 9 5 : 2  9 5 :3 9 5 :4 9 5 : 5  9 5 : 6  
J A N UARY 1 99 5 :  

3- month change 
G 5 . 6 1 6 . 1 8  7 . 5 2  7 .00 7 . 2 5  7 . 4 5  
G ·  5 . 54 6 . 1 3  6 . 74 6 . 44 6 . 79 7 . 1 2  
S 6 .32 6 .64  7 .03 6 .83 6 .9 4  6 . 9 4  

6-month change 
G 3.96 4 .39 5 . 4 2  5 . 04 5 . 2 1  5 . 3 5  
G ·  3.87 4 .32 4.80 4 . 5 8  4 .8 2  5 .03 
S 4 .40 4 . 63 4 . 93 4 .80 4 .88 4 .88 

1 2-month change 
G 3 .89 3 . 9 9  4 . 4 6  4 . 29 4 .30  4 . 39 
G ·  3 .88 3 . 9 9  4 .33 4 . 20 4 . 2 5  4 . 3 5  
S 4 . 22 4 . 2 5  4 . 28 4 . 26 4 . 2 7  4 . 2 7  

FEBRUARY 1 9 9 5 :  

3- month change 
G 5 . 1 9  6 . 73 6 . 1 3  6 .4 2  6 . 6 6  
G ·  5 . 4 1  6 . 1 0  5 . 75 6 . 1 4  6 . 5 3  
S 6 .43 6 . 95  6 . 74 6 . 9 1  6 . 9 1  

6-month change 
G 4 .83 6 .0 5  5 . 59 5 . 8 1  5 . 98 
G· 4 .86 5 . 4 2  5 . 1 5  5 .4 5  5 . 73 
S 5 . 77 6 . 1 5  5 .99 6 . 1 0  6 . 1 0  

1 2-month change 
G 4 . 1 2  4 . 6 5  4 .45 4 .48 4 .58 
G ·  4 . 1 3  4 . 5 0  4 .35 4 .4 2  4 . 54 
S 4 . 4 6  4 . 5 0  4 . 49 4 . 5 0  4 . 50 

M ARC H 1 99 5 :  

3-month change 
G 8 . 75 8 05 8 .39 8 .69 
G ·  9 . 5 8  9 . 1 6  9 . 6 6  1 0 . 1  
S 9 . 93 9 . 6 5  9 .83 9 .83 

6-month change 
G 7 . 2 5  6 .69 6 . 9 6  7 . 1 8  
G ·  7.35 7.02 7 . 4 1  7. 1 7  
S 7 .99  7 .79 7 . 93 7 . 93 

1 2- month change 
G 5 . 2 7  5 .05 5 . 09  5 . 2 1  
G ·  5 . 2 9  5 . 1 3  5 . 2 2  5 .35 
S 5 . 2 2  5 . 20 5 . 2 1  5 . 2 1  

Table 7 :  Annual ised rates of M4 i n  percentage points . Legend :  G -
-

GLAS without trading days; GLAS· = G LAS with trading days ; S =  
STAMP. 
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G ·  
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G 
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G 
G ·  
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G 
G ·  
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G 
G ·  
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G 
G ·  
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G 
G· 
S 

G 
G ·  
S 

9 4 : 1 0  94 : 1 1  94 : 1 2  95 : 1  9 5 : 2  9 5 : 3  9 5 : 4  95 :5  9 5 : 6  
APRIL 1 99 5 :  

3- mont h change 
7 . 79 8 . 1 9  8 . 5 5  
9 . 08 9 .68 1 0 .3 
9 . 66 9 .90 9 . 9 1  

6-month change 
7 .33 7.65 7.92 
7 .68 8 . 1 4  8 . 5 9  
8 . 1 6  8 .33 8 .33 

1 2- month ch ange 
5 . 08 5 . 1 3  5 , 2 6  
5 . 1 0  5 . 2 1  5 .36 
5 . 1 6  5 . 1 8  5 . 1 8  

M AY 1 9 9 5 :  

3-month ch ange 
9 . 24 9 . 6 7  
1 0 . 5 1 1 . 1  
1 0 .3 1 0 .3 

6- month change 
7 . 75 8.08 
8 . 20 8 . 7 1  
8 .50 8 .50 

1 2- month change 
5 . 9 7  6 . 1 2  
6 . 04 6 . 2 1  
6 . 09 6 . 0 9  

J U N E  1 99 5 :  

3-month change 
8 .96 
7.88 
8 . 23 

6-month change 
8 . 73 
8 .90  
8 . 93 

1 2- month change 
6 .58 
6 . 6 2  
6 .58 

Table 8:  Annual ised rates of M4 in percentage points . Legend :  G = 

G LAS without trad ing days; G LAS· = GLAS with trading days ; S = 

STAMP. 
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7. 1 An applicat ion to a longer M4 ser ies 

We consider a longer M4 (flow) series from 1983 : 1  to 1 995 :6  and look at 

the performance of GLAS and STAMP in the year 1 990 (we know that 

in this year there has been a turning point in M4 ,  with the beginning 

of a downward trend) .  We estimate the seasonal component by GLAS 

and STAMP using al l  the data and record the values in 1 990 .  Then , we 

estimate the seasonal factor in J anuary 1 990 using the data from 1 983: 1 

to 1 990: 1 ,  in February using the data from 1 983 : 1  to 1 990 :2 ,  etc . We 

obtain the results reported in Table 9 .  

It appears from the table that similar estimates of the seasonal com­

ponent in 1 990 are obtained when using both methods over the period 

1 983 : 1-1995 :6 ,  except for the values in November and December. We can 

interpret the numbers reported under the column "all obs" as a proxy for 

the "true" , unknown value of the seasonal , whereas the numbers under 

the column " l obs" can be interpreted as a first guess of the seasonal in 

January when the January unadjusted data is made available, in Febru­

ary once the February data is made available, etc. The discrepancy 

between the first guess and the proxy for the true value of the seasonal 

component in different months is expressed in percentage points in the 

second and the last columns. I t  appears that STAMP has larger revisions 

than GLAS on average. This is consistent with the findings previously 

reported in Figure 1 0 .  The reason for large revisions, far back in time, in 

STAMP is two-fold : (i) STAMP attaches non-zero weights to observa­

tions, even those in the distant past ; ( i i )  the ratios of the hyperparame­

ters (sometimes called q-ratios) estimated in the periods 1 983 : 1- 1989 : 12 

and 1 983 : 1- 1995 :6  are very different . In the period 1 983 : 1-1989 : 1 2 ,  the 

ratios are UT/U( = 0 . 280 and us/u( = 0 .2 19 ,  whereas in the period 

1983 : 1- 1995 :6  we have UT/U( = 0 . 300 and us/u( = 0 . 124 .  Revisions 

are a consequence , in STAMP, of wanting to compute optimal current 

estimates . 
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GLAS STAMP 
gap % l obs all ohs all obs l obs gap % 

Jan 90 4 -2476 -2577 - 2584 -2285 1 2  
Feb 90 37 -2808 -2052 - 1971 -271 7 38 
Mar 90 10  +4334 +4838 +4912  +4367 1 1  
Apr 90 71  -2839 - 1656 - 1957 -32 1 4  64 
May 90 97 + 1 5  +444 +496 - 1 54 131  
Jun 90 5 +3480 +3682 +3924 +4319 10 
Jul 90 1 4  - 1877 -2 192 -2712  -4131  52 
Aug 90 1 1  -863 -967 -766 - 1 1 1 0  45 
Sep 90 29 +1942  +2735 +2475 +1 792 28 
Oct 90 2 -2813 -2859 - 2969 -3981 34 
Nov 90 1 5  - 1001 -749 +78 -41 1 53 
Dec 90 56 +644  + 1 471 +806 -988 223 

Table 9: Values of the seasonal factor estimated by G LAS and STAMP 
with l imited or  ful l  information (that i s  using just one more or all avail-
able observations) . 

7 . 2  A Small Simulation Study 

It is sometimes difficult to judge about the relative performance of the 

different methods if the underlying data generating process is unknown . 

For this reason ,  we conduct in this section some simulation experiments 

where we generate a series30 

Yt = Trendt + Seast + Irrt 

with Trendt = (Tt - mean(Tt ) ) /stand.dev . (Tt ) ,  where Tt is the trend of 

the series obtained by applying a smoothing spline to the M4 series over 

the period 1983 : 1  to 1990 : 1 2  and Irrt '" NI  D(O ,  0 . 52 ) .  In the different 

experiments we have then the fol lowing specifications for the seasonal : 

30 These experiments are very much exploratory in this relatively short section, and 
do not pretend therefore to provide comprehensive results on the ability of the various 
methods to extract the seasonal component from a series. 
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Exp I(a) : St = sin(t) for t = 1 ,  . . .  , 96; 

Exp I(b ) :  St = sin(t) + dt , with dt = do + 'L;=2 D.t, do 

D.t = 0.0 1 ;  

0 .1 and 

Exp II(a) :  St = - 1  for t = 1 , 4, 7, . . .  ; St 

St = +2 for t = 3, 6, 9, . . .  ; 

- 1  for t = 2, 5 , 8, . . . ; 

Exp II(b) :  St as in Exp I I (  a) , pi us a deterministic factor dt = do + 

'L,;=2 D.t with do = 0 .2 and D.t = 0 .005; 

Exp III(a) :  St as in Exp I (a) for t = 1, . . .  , 48 and as in Exp I I (a) for 

t = 49, . . .  , 96; 

Exp IV(a) :  we consider the PSBR series from 1987: 1 to 1994: 12 (we 

know that for these series trading day effects are absent) and seasonally 

adjust it using G LAS; then , the simulated series is generated as Yt = 

Tt + St + I rrt , where Tt and St are respectively the trend and seasonal 

components obtained by applying GLAS to the PSBR series and Irr '" 

N(O ,  1) . mean(Tt).31 On the series generated in such a way, we run the 

seasonal adjustment using GLAS and STAMP;  

Exp IV(b) :  As in Exp IV(a) , but  using STAMP to generate Tt and St, 

and with the same irregular component Irrt . 

31 In other words, the generated series differs from the actual PSBR series by sub­
stituting a white noise error component for the previous irregular component . 
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We stress that the seasonal component has a cycle of 6 months in Ex­

periment I and a cycle of 3 months in Experiment 1 1 .  The actual series 

with trend , seasonal and irregular components in experiments I( a) and 

I (b )  are shown in Figure 1 6 .  In Figure 17 ,  where the performance of 

G LAS and STAMP is evaluated by comparing the estimated with the 

true seasonal components , it  appears that G LAS gets closer to the true 

seasonal component than STAMP. In particular, this can be inferred 

based on the box plot charts summarising the distribution of the error 

series . In Figure 1 8 ,  concerning Experiment 1 1 ,  the opposite appears to 

be true, whereas a similar performance of the two methods is found in 

Experiment I I I  (see F igure 19 ) . 

The results for Experiment IV are reported in Figure 20.  It appears 

that STAMP can better estimate the seasonal component generated by 

G LAS ,  while GLAS can better estimate the seasonal component gener­

ated by STA M P.32 

32 These results are certainly counter-intuitive ,  as we would expect GLAS (STAMP) 

to perform better when the simulated series is the sum of the unobserved trend and 

seasonal components generated by GLAS (STAMP) .  Instead, we just have the op­

posite result !  However, Findley ( 1 983) ,  who was the first to suggest this type of 

experiment ,  found similar results when comparing two methods for seasonal adjust­

ment such as X-l l  and a Bayesian method developed by Ataite. 
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Figure 1 6 :  Simulated series with constant seasonal factor (left charts) 
and increasing seasonal factor (right charts ) .  
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Figure 1 7 :  Experiment I. True seasonal and seasonal estimated by G LAS 
(G ) and STA M P  (S) .  Gaps between true and estimated series are in abso­
lute value. Boxplots are of the gap series . Note: outliers are represented 
by horizontal l ines. 
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Figure 1 8 :  Experiment 1 1 .  True seasonal and seasonal estimated by 
GLAS (G ) and STAMP (S ) . Gaps between true and estimated in ab­
solute value . Boxplots of the gap series. 
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Figure 1 9 :  Experiment I l l .  True seasonal and seasonal estimated by 
GLAS (G ) and STAMP (S ) . Gaps between true and estimated in abso­
lute value. Boxplots of the gap series. 
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Figure 20 :  Experiment IV .  True seasonal and seasonal estimated by 
G LAS (G ) and STAMP (S) . Gaps between true and estimated in ab­
solute value. Boxplots of the gap series. Note : Seasonal generated by 
GLAS ( left column) and by STAMP ( right column ) . 
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8 Concluding Remarks 

8 . 1  Criticism of the Methods 

On the basis of the results obtained for the M4 series, we can point out 
some of the advantages and disadvantages of the methods , and make 
some recommendations to improve them . 

G L A S  

The strength of GLAS in our application appears to be  its ability to  per­
form seasonal adjustments with small and quickly converging revisions 
(see again Figure 1 0 ,  bottom panel , page 40) . This is l ikely �o be the 
effect of the Lane minimum revision algorithm. Nevertheless, substan­
tial improvements can be achieved in G LAS by adding an option for the 
estimation of trading day effects, as well as options for the creation of 

diagnostic p lots for a better interpretation of the results. An improved 

version of G LAS including such features has been programmed ( in the 

S-PLUS language) in the course of this study. 

STL 

The strength of STL is the abiltity to perform seasonal adj ustment on a 

large scale, providing all the relevant plots and diagnostic plots. Trading 

day effects can also be estimated . However , a disappointing feature of 

STL is the fact that revisions do not converge to zero as we go backwards 

in time. More work seems to be needed by the developers of STL to 

understand why revisions fai l  to converge and if something can be done 

here to correct the method .  

X- I I  A RIMA 

X- l l  ARIMA has a wide range of options and test statistics, but very 

l imited graphics facil ities . A major improvement would certainly be to 

incorporate the statistical methods within a modern environment for 

graphics .  Another difficulty with X- l l  ARIMA is its somewhat compli­

cated design . Moreover, in the presence of ex-ante balancing , or if the 
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series to be seasonally adjusted is difficult to forecast, the method col­

lapses to the less sophisticated X l I  method.  On the other hand ,  among 

the advantages of X- l l  ARIMA and its planned successor X- 1 2  ARIMA 

is the fact that being developed by prominent central statistical offices , 

they have been long accepted as an international standard . The CSO 

has recently chosen to adopt X- l l  ARIMA as its standard approach to 

the seasonal adjustment of all the series it produces . 33 

STA M P  

The appealing feature of STAMP is  that seasonal adjustment is  per­

formed within a well-defined and homogeneous framework , given by 

state-space modelling and the Kalman filter . The amount of smooth­

ing is endogeneously determined in a statistically optimal way, and plots 

and diagnostic p lots are easily available. Moreover , STAMP achieves ex­

ante  balancing by multivariate time series estimation , that is by making 

use of the information provided by all the component series , which en­

sures efficient estimates of the hyperparameters in the model .  Trading 

day effects , although not allowed in the current version of STAMP, will 

be available in the forthcoming version . In the presence of the balanc­

ing constraint ,  a disadvantage of STAMP with respect to G LAS is the 

larger amount of revisions and also the fact that revisions take longer 

to converge . We also recommend that STAMP should be used with hy­

perparameters estimated at the beginning of every calendar year (or, 

alternatively, by taking the average value of the hyperparameters esti­

mated from J anuary to December in the previous calendar year) , so as 

to ensure small revisions within a year (see, again ,  boxplots in Figure 1 1 ,  

page 46) .  

8 . 2  Conclusion 

Both STAMP and G LAS performed acceptably in the live test . G LAS 

has smaller and quickly converging revisions, is simple to use and ex­

plain ,  and has had a good record in operational use over the last four 

33 See the "Report of the Tast Force on Seasonal Adjustment" , Government Sta­
tistical Service Methods Committee, February 1996. 
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years . On the other hand , at the theoretical level STAMP should pro­

duce better seasonally adjusted estimates for the latest observation . If 

the estimation of the current trend and current seasonal is taken to re­

quire forecasting of future movements in the series, then STAMP uses 

much more sophisticated forecasting tools than GLAS.  

8 . 3  Some D irections for Future Research 

The results presented in  this paper constitute a basis for a further dis­

cussion of the comparison of seasonal adjustment methods, but they also 

implicitly suggest improvements and directions for further research that 

we could summarise as fol lows :  

1 . In  principle , whichever method is used for seasonal adjustment , it  

should  have the capacity to estimate trading day effects. As shown 

in our application on the M 4 and the Sterling Lending to Private 

Sector series , trading day effects may account for a substantial 

variation in the data .  Of course , the possibil ity of removing trad­

ing day effects raises an issue of compatibility with the balancing 

constraint . More investigation is clearly needed to understand how 

one can retain balancing with trading day adjustments. 

2. Should we rethink the balancing constraint? How do other coun­

tries and central banks handle the problem in other applications 

(such as flow of funds data)? A reason for the perhaps disappoint­

ing performance of X- l l  ARIMA may be the balancing constraint . 

The CSO favour post-balancing and we are aware that some other 

central banks do not apply it fully in the seasonal adjustment of 

monetary data. The above questions will need to be addressed in 

future work . 

3 .  Despite the results presented in the paper and the effort made to 

shed l ight on different methods, a clear recommendation in favour 

of a particu lar method cannot be made here . This paper looks 

only at technical considerat ions, other factors such as cost of dis­

ruption , maintenance costs and availabil ity of support, and the 
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potential advantages of using an industry standard need also to be 

considered . 

4 .  As regards future technical research , we intend to carry out new 

l ive-tests using the improved version of GLAS,  the improved ver­

sion of STAMP, and the improved version of X- I I  ARIMA (the 

latter is actually called X- 1 2  ARIMA,  and it has just been offi­

cially released by the Bureau of Census in the US) .34 

5 .  Whichever method is chosen,  further consideration should be given 

to the estimation and the possible publication of trend series, since 

i t  is l ikely to be of particular interest to policy makers . 

6. The seasonal adjustment of the weekly (Wednesday-observed) MO 

series , which has not been looked at  in the  present study, would 

also need to be addressed in future work . 

34 Some main advantages of X-1 2  ARIMA with respect to X- l l  ARIMA are: a good 
instruction manual is available for X- 1 2  ARIMAj and ability to handle j umps in the 
series. 
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Appendix 

Diagnostic Plots 

The seasonal-related and irregular-related plots presented in Figures 6-7 
are a routine output in  STL and in the new GLAS program (both running 
under the S-PLUS package) and therefore deserve some explanation . 
The seasonal-related plots provide information on the seasonal pattern 
in the series and serve to facilitate the interpretation of the results of the 
seasonal adjustment . The irregular-related plots are designed , instead , 
for diagnostic checking purposes, or model adequancy. 

The seasonal-related plots are composed of: plot of the seasonal 
component , spectrum of the seasonal , p lot of the seasonal sub-series, 
month by month and over t ime . The spectrum of the seasonal reveals 

how much of the total variability in the seasonal factor is explained 

at different frequencies ,  labeled "cycles per unit of time" on the x-axis. 

These frequencies can be converted into months by taking the reciprocal ; 

thus, we have for example that 0 .0833333 cycles per unit of time is 

equivalent to a length of cycle of 1 /0 .0833333 = 12 months . Other 

important frequencies ,  corresponding to cycles with length of 6, 4 and 3 

months are stressed by the vertical dotted lines shown together with the 

plot of the spectrum.  The plot of the seasonal sub-series provides useful 

information about the mean value of the seasonal factor in different 

months ( represented by the horizontal lines) as wel l  as the variability 

about this mean value in different years (protrayed by the vertical l ines ) .  

I t  can be seen in  Figure 6 ,  for example, that February, March , June and 

J uly are months with large variability in the seasonal factor , as opposed 

to Apri l ,  M ay and December which are characterised by small variability. 

The p lots of each seasonal subseries over time provide another way of 

summarising the information given by the subseries plot , by focusing 

more on the evolution of the seasonal factors over time. 

The irregular-related plots are composed of: p lot of the irregular 

component with upper and lower bands (±2u(f))  for the identification 

of outliers, spectrum of the irregular component (with outliers clipped) 
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for a check of trading day effects ; correlogram and cumulative sum of 

squares of the irregular component for a check of the white noise process ; 

boxplot and normal-quantile (or density estimation) plot for a check of 

the normality of the irregular component . In view of the detection of 

possible trading day effects , the most important plot is given by the 

spectrum of the irregular component . In particular, for a series which 

has a weekly cycle but is recordered monthly, the weekly harmonic  occurs 

with frequency 
365 .25 

= 4 .348 
7 x 1 2  

which correspond to a frequency (called "critical frequency" ) of 0 . 348 .  

Another critical frequency for trading day effects is  0 .432 (see Cleveland 

and Devlin ,  1 982) . Vertical dotted l ines corresponding to these two 

frequencies are drawn with the spectrum of the irregular component 

in our graphical representation ; peaks in the spectrum at the critical 

frequencies 0 . 348 and 0 .432 indicate the presence of trading day effects . 

More on the Balancing Constraint 

It is argued in the paper that the potential conflict between inclusion 

of trading day effects and balancing has to be addressed more deeply. In 

principle, there are a number of possible ways of addressing this in the 

seasonal adjustment of M4 and its counter parts : 

O .  Drop the balancing constraint. 

1 .  Balancing by prior adjustments. Trading day effects are treated 

like prior adjustments, that is they are estimated and removed 

from the Sterling Lending to Private Sector series, which is then 

redefined accordingly. The seasonal adjustment with balancing is 

then applied to M4 as the sum of the five counter parts , with SLPS 

redifined as indicated . 

2 .  Balancing by neglecting a series. The series of total external trans­

actions , a less monitored series among the M4 counter parts , could 

be seasonally adjusted in a residual manner (that is ,  in practice , 
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the seasonal adjustment program is not applied to this series) . This 

might be a workable solution if we think that ,  both from a statis­

tical (seasonality test) and an economic viewpoint , it is not clear 

at all whether this series is seasonal .  

3 .  Indirect balancing. This method is recommended by the CSO in 

those situations where component series , say A, B,  C add up 

to a single series D. The method consists of seasonally adjust­

ing each of the component series individually using the best pos­

sible options ( i .e .  accounting for trading days where necessary, 

using different smoothing parameters for different seasonal sub­

series , etc) . From the seasonal component obtained in this way, 

SeA) , S(B) ,  S(C) , the seasonal component for the aggregate is 

defined as the sum of the seasonal for the components , that is 

SeD) = SeA) + S(B) + S(C). The seasonally adjusted series for 

the aggregate is obtained as D - S( D) . Since the aggregate series 

is adjusted in an indirect way, a check for the absence of residual 

seasonality in the D series is in order . If residual seasonality is 

detected, the seasonal adjustment of the component series is re­

vised again and again ,  using different options , until no residual 

seasonali ty is left . 

4 .  Balancing through a residual component. This type of balancing 

can be used in a situation l ike :  A + B + C = D + E. Here, all the 

components from A to E are individually seasonally adjusted and 

a residual series is created as: R(S) = [A(S) + B(S) + C(S)] -

[D(S) + E(S)J . The residual series is then redistributed to al l 

individual series in a way which is proportional to the variance of 

the series in comparison to the trend . We have therefore A"' (S) + 
B" (S) + C" (S) = D" (S) + E" (S) ,  where A" (S) = a · R(S) + A(S) ,  

B" (S) = b ·  R(S) + B(S) ,  etc . ,  with a + b + c + d + e = 1 .  A check 

for residual seasonality is run on al l series A - A"' (S) , B - B+ (S) ,  

. . .  , E - E+ (S) .  
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Among the different possibility, options 0 and 3 are apparently in use 

at the Bundesbank ,  whereas options 3 and 4 are recommended by the 

CSO. 

Effect of the balancing constraint in STAMP 

Figure 2 1  presents the absolute revisions obtained for the M4 se­

ries by STAMP (relative to G LAS) when estimating the model under 

the balancing constraint (that is using the "homogeneity" option in the 

STAMP multivariate model estimation menu) or unconstrained for bal­

ancing (univariate estimation with fixed hyperparameters) .  The figure 

reveals a somewhat substantial price to be paid for the accounting bal­

ancing in STAMP, in terms of larger absolute revisions . A practical 

solution in applications could be to cut down on revisions by not doing 

them after a certain point .  

� r--------------------------------------------, 

Figure 2 1 :  Rev isions ( in absolute value) obtained for the M4 series when 
subtracting the seasonally adjusted series obtained when running the 
seasonal adj ustment in the samples 1 987 : 1- 1992 : 1 2  and 1 987 : 1- 1 994 : 12 .  
Note : G LAS (solid l ine) is taken as the reference method . 
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