Abstract. We estimate deseasonalized
monthly series for Swiss Gross Domestic
Product at constant prices of 1990 for
the period 1980-1997. They are
consistent with the quarterly figures
estimated by the State Secretariat for
Economic Affairs and obtained by
including information contained in
related series. We present a general
approach using the Kalman filter
technique nesting a great variety of
interpolation  setups. We evaluate
competing models and provide a time
series that can be used by other
researchers.
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1. Introduction

For economic studies using quarterly data, a low number of
observations can cause serious flaws in the quality of quantitative
analysis. In vector autoregressions (VAR) with relatively short
time series for example, many degrees of freedom are used up in
the estimation, reducing drastically its power. Moreover, monthly
frequency is sometimes implied by the assumptions of the model
to be estimated, while only quarterly data are released®.

Therefore, economists are sometimes forced to use variables that
proxy GDP and that are available at a higher frequency. In many
countries, a common proxy is industrial production (IP) which is
often recorded at monthly frequency. In Switzerland, it is difficult
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® The officia quarterly GDP figures for Switzerland are interpolated and
published by the State Secaetariat for Economic Affairs. Furthermore, an
official annuel GDP is cdculated by the Federal Statistics Office producing the
national income acounts. The quarterly estimates are then correded and
publi shed again to match the official annual statistics.
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to find such a monthly indicator for aggregate productive activity.
The IP index is a series at a quarterly frequency, and other series
like business surveys or filled orders can only be used as GDP
proxies with some reservations. Hence, in cases where adequate
proxies are not at hand, monthly estimates of GDP by
interpolation can provide a solution to this problem®.

Whether to replace a proxy variable by an interpolated one or not
depends on the available data series and on the empirica
economic model considered. The evaluation of the trade-off
between potential benefits and disadvantages of both approaches
is beyond the scope of this paper and is omitted. Our goa is to
provide a monthly deseasonalized real GDP series for empirical
research.

Chow and Lin (1971) were the first to present a coherent and
easily applicable econometric approach that handles interpolation
problems for stock and flow variables. Assuming a linear relation
between the series of interest (series for which observations are
missing, i.e. monthly GDP) and other data with more frequent
recording (related series), they estimate a univariate regression
equation. This multiple regression approach is flexible enough to
take into account heteroscedasticity and low-order autocorrelation
in the residuals. More recent studies make use of the Kalman filter
(Harvey and Pierse (1984) and Bernanke, Gertler and Watson
(1997)). This dynamic and flexible framework is capable of
nesting more models than the Chow and Lin framework.

Here, we focus on econometric issues such as stationarity and
cointegration in different Kalman filter configurations. Recent
innovative techniques are anayzed theoreticaly and then
evaluated empirically. We provide an overview of estimated
monthly GDP series produced by various model setups. Then, we
evaluate different combinations of methods and related series with
the aim to get the most appropriate monthly GDP. For this task,
several selection criteria as well as a simulated interpolation from
annual to quarterly data are used.

* Unlike other studies (e.g. Chow and Lin (1971)) our terminology does not
distinguish between interpolation and distribution depending on whether stock
and flow variables are used. The presented models exclusively serve for in-
sample interpolations and not for out-of-sample predictions.
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Before estimating the model, we evaluate mmpeting related series.
We identify the series containing the highest amournt of
information for the interpdation. The dcoice aiteria for the
related monthly series are based onthe expenditure definition o
GDP and ondtatisticd properties of the mmovement with GDP.
However, the death of Swiss data & higher frequency limits
severely the choice of these variables. Therefore, we @nsider
other related series, for example foreign aggregate eonamic
adivity, as dternatives for interpalation. In fad, al related series
that closely and robustly move together with quarterly GDP could
be gpropriate series helping to extraa monthly GDP. With these
related series available, it is then posgble to estimate monthly
GDP for Switzerland for 1980:1997in different model setups’.

The paper is organized as foll ows. It startsin sedion 2with ashort
survey of the interpdation literature. In sedion 3, we briefly
review the Kaman filter methoddogy and present the different
interpolation models. In sedion 4, \arious related series are
evaluated and described. We give an owerlook d our results in
sedion 5. We then evaluate the gpropriateness of these
interpolations. Sedion 6concludes.

2. Related Literature

As Lanning (1986 illustrates, ecnamists fadng missng data
have basicdly two dfferent ways to solve that problem. A first
approad is to estimate the missng data simultaneously with the
eonamist's model parameters, thereby considering the missng
observations as any other parameter. The sscondway is atwo-step
approach where in a first step the missng data, which could be
independent from the e®namist's model, are interpdated. In a
semnd step, the new augmented series are used to estimate the
eoonamist's model. Lanning foundthat the simultaneous approach
yields estimates of the eonamist's model parameters that have a
greder variance, and thus are less reliable, than the model

® We exclusively concentrate our investigation on the period 19801997 tecaise
these figures are mmpatible with the new national acounting system in
Switzerland, the European System of Integrated Economic Accourts (ESA) 78.
This standard was introduced in Switzerland in 1996 but the State Searetariat
for Economic Affairs cdculated quarterly GDP figures badk to 1980 See
Schwaller and Parnisari (1997 for a survey.
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parameters estimated with complete data in the second stage.
Based on these empirical findings, he suggests the use of the two-
step approach. Related literature on the latter procedure can be
subdivided in the following three classes.

First, the semina approach for the use of the univariate multiple
regression technique with related series was presented by Chow
and Lin (1971, 1976) in aunified framework which alows treating
the interpolation of stock and flow variables. This approach was
able to overcome the problems faced by Friedman (1962) who
treated stocks and flows in different ways. Specificaly, they could
deal with the requirement that if an observed flow value is
distributed among the corresponding subintervals, the higher
frequency estimates must add up to the original flow variable.
Until now, this univariate regression approach has been widely
used for interpolation due to its easier implementation than the
state-space approach. This argument seems to more than just
outweigh the potential advantages of more sophisticated
procedures. An annua GDP is for example interpolated for
Mexico by De Alba (1990). Schmidt (1986) gives a survey of this
method, interpolating personal income of USA regions.

Second, Denton (1971), Fernandez (1981), and Litterman (1983)
proposed a regression approach with related series that minimizes
a weighted quadratic loss function on the difference between the
series to be estimated and a linear combination of the observed
related series. This model is related to the Chow and Lin
regression and designed for the use of data in first difference. An
illustration with Portuguese datais given in Pinheiro and Coimbra
(1993).

Third, Bernanke, Gertler and Watson (1997) have used a state-
space model to interpolate real GDP inthe USA. Their approachis
to first estimate monthly components of nominal GDP plus the
GDP deflator and then to aggregate the individual estimates. They
followed the methodology suggested by Harvey and Pierse (1984)
who provide a general framework - state-space formulations for
stock and flow variables, for stationary and nonstationary series,
and with or without related series - to estimate missing
observations in economic time series. Solving such state-space
models requires the use of the Kalman filter. A Kaman filter
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interpolation is done for Canadian GDP by Guay, Milbourne, Otto
and Smith (1990).

Hereafter, we present a state-space framework introduced by
Harvey and Pierse (1984). This general formulation alows us to
rewrite al three classes of models using related series as well as
much simpler versions that do not make use of related series.

3. Models
3.1. Kalman Filter

A useful method for extracting signals is to write down a model
linking the unobserved and observed variables in a state-space
representation according to Kaman (1960, 1963). The
multivariate Kaman filter is an agorithm for sequentialy
updating a linear projection on the vector of interest. We present
various configurations of the state-space system in the next section
on interpolation models.

The state-space representation is given by a system of two vector
equations. First, the state or transition equation describes the
dynamics of the state vector (&,) containing the unobserved

variables we estimate. The second type of equation represents the
observation or measurement equation linking the state vector to

the vector containing the observed variables (y; ). The equations

of this system for t=1...,T where T is the number of monthly
observations are the following:

.1 =R& +CiXy TR UL, (1)

yt+ = A’;XtD+ H;at + Ntvt - (2)
In addition to the unobserved and the observed variables of
interest, vector equations (1) and (2) contain the so-called related

series (x,) and (x,’) as exogenous variables in each equation. Both
equations have multinormally distributed error terms:
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t

these orthogona disturbances transform into nonorthogonal
residuals within each vector equation. The coefficients matrices
F.C,,R,,A{,H;,N,, and the two variance-covariance matrices Q
and G are estimated by maximizing the log-likelihood function of
this system.

3.2. Interpolations M odels
3.2.1. Overview

In this section, we adapt the general state-space representation (1)
and (2) to our problem in different ways, specifically the inclusion
of related series and assumed stochastic processes for monthly
GDP. Theinterpolation framework® for t =1,..., T is:

§t+l = th + C'Xt+1 + Rut+1’ (3)

y, =ax, +hg, . @)

The state vector equation (3) describes the vector dynamics of the
unobserved variable, monthly GDP vy, , stacked in the state vector

£ =(y, Vo Y.,).The exact formulation of this state vector

equation is difficult, because there is no prior knowledge about the
true process driving monthly GDP. In order to shed light on this
issue, we compare results of various competing setups in section
5. We assume time-invariant coefficients for the matrices F,C',
and R.

®In al the models, quarterly GDP (y’) is given each month, y7 =0, y; =0,
y, =first quarterly value, y; =0, y; =0, y; =second quarterly value, etc.
Note that we observe T/3 quarterly values for T months to interpolate.

Contrary to the usual convention we do not include zero observations when
stacking monthly observations of quarterly values. The resulting column vector

y" has therefore the dimension [T/3x1].
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Equation (4) relates the state vedor to the observed quarterly GDP
y; . Following Harvey and Pierse (1984, this observation

equation represents the mnstraint that the sum of three monthly
GDP estimates within a quarter sum up to the quarterly data. The
sum-up constraint is introduced by the wefficients vedor a; and

h; depending on the models presented in the following sedion.

The identity charader of this equality implies that it does not have
to contain an error term.

All the spedfications of the state-spacemodels described heredter
correspondto dfferent assumptions depending on whether related

series (x, and x,') are used o not and onthe dharaderistics of the

data to interpoate (stochastic process and stationarity). The
properties of the data such as the order of integration and the
asumed stochastic driving processof monthly GDP influence the
representation d the state eguation. Posdble related series
influencethe setup of the state vedor equation and the observation
equation to in turn affed the wefficients contained in C' and a; .

We ad related series in oder to evaluate their statisticd
relevance The seleded assumptions are dso guided by simplicity
and tedhnicd considerations of the onstruction o the Kaman
filter.

Hence we focus on two broad classes of Kalman filter models
summarized in figure 1.

The first class of models is designed withou related series. We
asuume that there is enough information in the aitocovariance
function d the quarterly series and in the aumed low-order
autoregressve (AR) process of monthly GDP. Moreover, we
combine this asaumption with aternative ways to trea
norstationary series (models 1a-c).

Contrasting with these AR models are two ‘naive’ models that
neither follow an AR processnor include related series. However,
it is not necessary to run the Kaman filter, becaise smple
cdculus produces the same resullts.

For ead guarter, model 1d returns three eua monthly values,

namely the third of the mrrespondng quarterly observation.
Modd 1e prodwces for ead quarter three monthly GDP that
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follow a quarterly linear trend centered around the monthly mean
of the quarter’. We take model 1e as a benchmark because of its
intuitive setup.

Figure 1. Overview of Interpolation Models

AR(2) > | diag 1a

AR
| BGW > | diag 1b
no ‘ diag. 1c

no AR
no related Y no ‘ diag. 1d
series
‘ i le

7 no diag
interpol ation models no | diag 2a
;ated 1o | ARQ1) 2b
serie»‘\~ AR A | diag 2
A | ARQ) 2d

AR < AR(2) > | diag 2e

. BGW > | diag of

First arrow column displays correction of nonstationarity. Second arrow column
concerns the residuals form. Last column displays model numbers. AR(2) stands
for an AR(1) process in first difference rewritten as an AR(2) in level; BGW
means correction according to Bernanke, Gertler, and Watson (1997); A uses a
first difference operator; in absence of correction done by the model, we

" Model 1d needs a constant term as an explanatory variable in order to
calculate the third of the quarterly observation. Model 1e interpolates monthly
observations linearly within a quarter, where we assume that we can split each
quarter (except the first one) into an initial value y,_, which is the last month of

the previous quarter and a step d, for t=45,...,T according to the following
equation: (py, , +d,)+ (@y,, +2d,)+ @y, ,+3d,)=y; . As quarterly GDP y;,
the step d, is given each month, d, =0, d, =0, d, =monthly step of second
quarter, etc. ¢ is a scalar that takes on 1 for t=69,...,T and O for
t=457,...,T -1.
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mention ‘no’; ‘diag.’ indicates no autocorrelation in the residuals; AR(1) stands
for residuas following an AR(1) process

The seand class of models is an extension d the first group in
that it introduces related series in order to extrad information for
the interpolation d monthly GDP. Within this group, we
distinguish between the assumptions that monthly GDP does not
follow an autoregressve process (models 2a-d) and that it does
(models 2e-f). We further enrich this ssoond classof models with
different ways to trea norstationarity and with dfferent
asumptions about monthly residuals.

In the next paragraphs we show the various models 1a-c and 2af
in detail .

3.2.2. Modelswithout Related Series
Modd la

In ou first model, we asume that the first diff erence of monthly
GDP Ay, follows a stationary AR(1) process Ay, = @\y,_, +u, in
order to treat nonstationarity. Coefficient ¢ is constrained to lie
inside the unit circle and u, is an iid error term with dstribution
N(O,aj). In order to find a starting value for the GDP series, it is
imperative to write this AR(1) as an AR(2) of the seriesin level®:

Y, =1+ @)y — i, +u,. (5)

This equation written in  companion form, where
& =(Y, Y. Vi,).yiddsthestate euation (6) for t=1...,T.

e {20 79 Y B0

oy, Fol 0 Omy,r® O Omu ¢ (6)

Hat Ho 1 oy B o offli,f

8 This ‘transformation’ yields the same likelihood and the same estimator for @

as the original equation. However, this form has the charaderistic to produce a
system with explosive @genvalues.
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Note that this formulation sets C'=0 in equation (3). The
observation equation simply incorporates the sum-up constraint
without related series. This implies a; =0. h; takes on two

different values depending on the respective month. Namely, it isa
row vector of ones when quarterly values are observable and it
consists of zeros otherwise in order to cancel out the equation:

y; =hi&,, (7)

whee h'=(0 0 0), for t=12457...T, and where
hy=@1 1 1),fort=369,..,T.

Model 1b

Recently, an interpolation method was suggested by Bernanke,
Gertler and Watson (1997) who treat nonstationarity in an
alternative way than model 1a. It consists in using GDP integrated

of order one (I(1)) with a cointegrated series p, such that we
compute a new monthly stationary series’ Y. =VY,/P.- prisjust a
scaling variable such that y; is nontrending. This approach relies

on a caculated multiplicative cointegration that holds at both,
monthly and quarterly frequencies. For the dynamic specification

of y’, now forming the elements of state vector &,, we assume
AR(1) process y; =@y, ,+Uu,. Compared to model 1a y is
replaced by y' and the first row in F is (@ 0 0). The

observation equation also changes becaise we have to ‘ neutrali ze
the meaningless y; series. Redefining vedor h; restores the

familiar sum-up constraint:
Y, =hé&. (8)

where h;:(O 0 O), for t=12457,... T, and where
h=(p, p. P.,) fort=369,...T.

° The ratio y°=y,/p, is chosen as a general framework in that it avoids to

assume aparticular cointegrating vedor that we cainot estimate & the monthly
level.
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Mode€ 1c

Finally, Bomhoff (1994 suggests to use the seriesin level arguing
that the Kalman filter does not require the user to make adefinite
dedsion abou the need for differencing the data. The Kalman
filter offers automatic processng cgpadty for a wide range of
norstationary time series. Hence we write down the law
governing the process as if the series were stationary:
Y, =@, +U,. Thismodel is smilar to model 1a but with a first

row of matrix F definedas (p 0 0).

3.2.3. Modelswith Related Series and without AR Structure

The main criticism of models 1a-c is that they extrad signals only
from assumptions abou the stochastic process of the original
series withou adding new information. We wuld spes&k abou
‘fodl-yourself’” models to generate monthly GDP. It is obvious that
we ae better off enriching the model with some e@namic content.
For this purpose, we now include eplanatory series that are
related to the seriesto be interpolated.

In al the models, we may introduce the related series either in the
measurement equation (4) for the generali zed least squares (GLS)
estimator (models 2a-d), or in the state equation (3) for the
Kaman filter algorithm (models 2e-f).

Model 2a-b

Chow and Lin (1971, 197% show how related series can be used
to interpoate lower frequency data in order to get higher
frequency data with a GLS estimator. They assume that monthly

GDP y, is described by a linea regresson d y,on/ related series
X, In matrix notation yg¢=XP+uUgs, Where the variance-
covariance of the error term is V = E(ug cUls)*®. They also

19 1n order to get identical coefficients p for the monthly and the quarterly
regressions, the [T ><1] vector y, of Chow and Lin contains figures that are
three times larger than the monthly estimates of the Kalman filter setup.
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assume the same relationship a the quarterly level:
y" =X"g+u’, where X" is a matrix with quarterly average of
three months of related series and V™ the variance-covariance
matrix E(u*u*'). V* isthusafunction of V .

The Kalman filter configuration of the Chow and Lin mode is:

OOH B].OOH

&=l 0 0@, +® O Oy, 9)
b 1 0 H o of
Yo =ax +hig,, (10)

0 Ye=xc [ 1 t
where & =[y,, —X;,C[  With CZEB, X, = .in :

Hyt—z _X;—ZCE e
hy=(0 0 0), and a=0 for t=12457...T-1, and
hi=(1 1 1)and a =c for t=36,9,...,T. Asthe related series
and their coefficients are contained in the state vector equation, we
set C'=0 in equation (3) and reintroduce them as ax, in the
observation equation.

Chow and Lin (1971, 1976) directly calculate a best linear
unbiased estimator for the monthly series from the trace
minimization of the covariance matrix V[)“/GLS], where g s
denotes the [T ><1] vector of the monthly variables. Applying a

GLS method, they avoid numerical optimization problems
involved with the Kalman filter procedure™. The estimates of
monthly GDP are

Yois = XB"'A(V)lT- (1)

! See the appendix for the comparison of log-likelihood functions for both
Chow and Lin and the Kalman filter setups.
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This gedad fitted value onsist of two parts. a traditional fitted
value XB with the influence of related series and an interpolation-

correded residual term A(V)a*.
B is a GLS estimator of the regresson between quarterly GDP
data(y") andtheir ‘quarterly’ related series (X ™):

I _1 I
B:@cv“xﬂ XVt (12)

The weighting matrix in this regresson is the inverse of the
variance-covariance matrix V* of the quarterly residuals u”.
Hence the asamptions abou V diredly influence the

distribution o B and the [TxT/3] matrix A for the

dissemination d the quarterly residuals over the monthly
estimated GDP. These quarterly residuals are aucial for

interpolation, kecause the fitted monthly values Xp do nd sum up
to quarterly observations. To corred for this shortcoming, the

residuals u® must be ‘redistributed’ to the monthly GDP values
acording to the weighting matrix A .

Models 2a and 2b dffer in their assumptions abou V . In model
2a, we design the variance-covariance of the monthly residuals
V simply as a diagonal matrix o |, . It implies that V", the
variance-covariance matrix of quarterly residuas is equal to

2
UgLs I

7 and A isequal to I%D|3.

However, a diagonal variance-covariance matrix V is rarely
suppated by the data. One way to acount for this ortcoming is
to alow for seria correlation in the eror term. Hence, we aume
for the model 2b that the aror term follows an AR(1),
Uss =@PUg s, +E Where g isawhite nase, yielding a variance-

covariance matrix:
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(13

This sedficaion obvously changes p and the redistribution

matrix A which depends now on ¢ . The more ¢ tendsto zero, the

more the A matrix converges to IT/ Oi,. Hence if the serid
3

autocorrelation is ggnificant, redistribution is less‘rigid’ than in
model 2a and the quarterly residuals are not only spread ou over
their correspondng months but also influence monthly GDP of
surroundng quartersin a‘smoother’ way.

Model 2c-d

A variation d models 2a-b, as suggested by Denton (1971 and
Fernandez (198)), isto usefirst differences of atime seriesin the
regressoninsteal of levelsin order to acourt for norstationarity.
In model 2c, we asume that the variance-covariance of the aror

term V is ajGLSIT andin model 2d, that the eror terms follow an

AR(1) with a variance-covariance matrix V equal to matrix (13).
The weighting matrix to estimate p equals the inverse of the

quarterly equivalent of (D'V'D’)™, where

1 0 0.
ol 1 0O C
°T00 -1 1 E

el

Note that compared to models 2a-b, the introdwction o the first
difference operator D affeds matrix A, and hence the
redistribution o the quarterly residuals to the monthly GDP.

(14)
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3.2.4. Modelswith Related Seriesand AR Structure
Mode 2e

In addition to the introduction of related series explained in the
previous class of models, we assume here in addition that monthly
GDP is characterized by an autoregressive structure. The
nonstationarity correction is similar as in model la. After the
inclusion of related series to model 1a, the state equation becomes

equation (6) plus the term C'x,,, where Xx,,, includes / related
series.

Model 2f

This model is similar to model 1b with added related series. Asin
model 2e, matrix C' characterizes their impact on monthly GDP.

4. Data
4.1. Signal Extraction from Related Series

A key factor in the present interpolation problem is the signal
extraction from related series. Besides the assumption about the
dynamics of GDP, related series data represent the main
information source for interpolation. These data must fulfill two
requirements.

First, they need to be correlated with the series to interpolate. The
higher the systematic comovements with GDP are, the stronger is
the signa to fill the gaps. If however, there is only a modest
information content in the related series, this comes at the cost of a
lot of noise introduced in the interpolated series. The choice of the
related seriesistherefore crucial in order to successfully estimate a
series at higher frequency.

Second, the related series need to be available in the desired higher
frequency of the interpolated GDP. The fact that there are not
many macroeconomic series available at monthly frequency
imposes a strong restriction in Switzerland. This leads us to use
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also foreign variables that are crrelated with the desired related
series.

These two pdnts require athorough investigation for the task of
choasing the arred related series. Amemiya (1980 suggests a
joint strategy based onecnamic-theoretic considerations and m
statisticd evidence Econamic intuition can often indicae which
related series to choose and what functional form they shoud
have. Moreover, it is convenient to have a single statisticd
measure to chocse related series that produce the ‘best’ result.
These two aspeds, intuitive gproach and choice metrics, shoud
be viewed as forming a single evaluation package rather than
representing competitors. For the final choice of the related series,
presented in detail in the following sedion, we jointly use both
elements of the seledion process

4.2. Choice of Related Series
4.2.1. Economic I ntuition

The most natural way to approach the series sledion poblem is
to split up GDP into its expenditure @mporents, private

consumption (C) , private domestic investments () , government
expenses (G) , and net exports (X — M):

Y=C+l+G+X-M. (15

With the exception d exports and imports, nore of these seriesis
available & the higher frequency. Therefore, it is necessary to
identify related series that proxy for the desired comporents.

An dternative to bresking GDP into its expenditure comporentsis
to benefit from the dharaderistics of Switzerland as a small open
eonamy and the important comovement between damestic and
foreign businesscycles. Taking into consideration monthly foreign
eoonanmic indicators allows us to chocse the related series from a
broader data set as Switzerland's closest trade partners have
traditionally large statisticd databases.
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4.2.2. Statistical Evaluation

In this section, we describe the search for individua proxy
variables within an economic model. Suppose, we identify a set of

related data series X out of which variable x; is unobservable.
Furthermore, the variable y which is being interpolated depends
linearly on X .

Y =0 H0 X, +0%, H A X oty (16)

The goa is to choose the best observable proxy for x;. In cases
like this, an informal method often applied is replacing x; with the

variable z;, which yields the highest R* of al possible candidatesin
equation (16). Leamer (1983) shows that if the proxy variables are
assumed to depend linearly on x; and the error terms being

normally iid, the best proxy is the one that produces the highest R*.
In the univariate regression z , =9,X, + &, , the particular proxy z;
which yields the smallest variance afi can be defined as the best
one. Leamer uses a likelihood ratio test to show the

unambiguously negative relationship between the variance of the
error term and R*.

Another popular method which can be applied to a wider range of
competing models than the one R* criterion above is the method of

penalized likelihood. The best known examples in this class of
criteria are the Akaike (1974) Information Criterion (AIC) and the
Schwartz (1978) Information Criterion (SIC). In this class of
criteria, a term that acts to punish additional coefficients is added
to the negative of the likelihood function, and therefore, smaller
values are preferable.

4.3. Data Description
Over a long time, Switzerland has stayed far behind other
European countries in the development of economic statistical

data. In 1996, as part of a reform program, national accounting
was adapted to the European System of Integrated Economic
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Accounts (ESA) 78. Thereafter, GDP was calculated differently.
The Federa Statistics Office dated the series back to 1980 such
that there is now a data sample of more than 18 years or 73
guarterly observations. The figures to be interpolated are deflated
and deseasonalized.

The related series' in the national accounting approach have been
identified as retail sales x"* to proxy for private consumption and

as the non-utilized construction loans to proxy for investment x".

These monthly available proxies have been selected based on the
criteria described in the previous section. Furthermore, we include

exports x* and imports x. All the series are entered in levels,

because the models transform the level vectors into the desired
form. Government expenditure was dropped in the national
accounting approach due to its low covariance with the business
cycle. This would have introduced too much noise and moreover,
there is no sensible proxy for it at monthly frequency.

As foreign series, we use a composite IP index of the five major
trade partners of Switzerland x“"7, British IP x**, and German IP

x%. |P are the foreign monthly avail able series that move dosest

with the Swiss business cycle of al the related foreign series
considered (results not reported). Prior to estimation, we have
excluded several potential series based onemnamic aguments or
on the statisticd evaluation d the previous dion. French IP,
Italian IP, survey data by the Institute KOF for Business Cycle
Reseach o the Swiss Federa Institute of Tedhndogy Zurich,
labor market figures, exchange rates, and commodity prices were
statisticdly eliminated. We have neither included variables that
have proved to have predictive power for GDP such as the term
spread because of unredistic asumptions on the lead-lag
relationship that would have been necessary. Figure 2 and table 1
give an owverlook ower the related series used in this paper.

During the 18 yeas of observations, the state of the Swiss
eonany can be roughly divided in two parts. Figure 2 clealy
shows the phases of econamic growth and prosperity in the 1980s

12 All the series, with the exception of red GDP given by the State Seaetariat
for Economic Affairs, are provided by Datastream.
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and d stagnation in the 1990s. During its recesson, Switzerland
exhibited the lowest red GDP growth of all European courtries'™.

Table 1 reports basic summary statistics of the quarterly and
monthly series used for interpaation. Following the integration
results from figure 2 and from augmented Dickey-Fuller (ADF)
tests for al the variables (not reported), we find that all the series
in levels are norstationary. Hence, we report the results for growth
rates. The ADF tests and the AR(1) regressons on the growth
rates confirm that the level of the seriesis naot stationary.

The different values of the mntemporary crosscorrelations aso
confirm the requirement of the comovements of the related series
with quarterly GDP. Findly, these aosscorrelations also show
why we only consider contemporary relationships between the
related series and the quarterly GDP. It is difficult to find robust
leads and lags - the so-cdled stylized fads of the businesscycles
literature - between GDP and ou proxy variables.

Table 1: Data Description

Descriptive Satistics

N s AR() JB  ADF
gdp 133 295 025 005 -438*
o 320 4629  -0.65* 77.88* -11.04*
o 097 2139  0.25* 199.18* -2.98*
& 409 4903  -057* 5317* -7.91*
M 429 5111  -061* 8552* -8.06*
X9 140 2173  -043* 137058* -6.26*
i 131 1317 -0.22* 671* -5.30*
o 152 1216  -0.32* 6853* -563*

13 We decided not to take into account this structural break in the estimation of
the Kalman parameters which could be done by the use of time-varying
parameters or of dummy variables. As illustrated by our calculus models for
example, the Kalman filter itself takes changing trends over time into
consideration when computing monthly estimates.
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Table 1: Data Description (continued)

Cross-correlations with gdp
-3 -2 -1 0 1 2 3

XS 001 012 -001 009 013 012 0.02
P 030 037 030 023 023 014 O0.16
X 010 015 018 026 025 -0.02 -0.07
™ 016 017 020 009 026 -005 0.03
x7P 003 012 034 025 035 021 0.14
X ki 003 009 017 005 -001 -0.09 -0.17
xcomip 005 018 041 027 030 019 0.09

Annualized statistical figures are calculated for quarterly growth rates of GDP
and for monthly growth rates for al other variables. gdp = Gross domestic
product; x”* = Value of retail sales; " = Non-utilized construction loans; x* =
Exports volume; x" = Imports volume; x7 = IP in Germany; x“” = IP in UK;
X" = Composite index of IP. All variables except x“"” are seasonally
adjusted. p = Mean; o = Standard deviation; AR(1) = First-order autoregressive
coefficient; JB = Jarque-Bera test; ADF = Augmented Dickey-Fuller test. Null
hypotheses: i) first-order AR coefficient test, Hy: AR-coefficient = 0; ii) JB tedt,
Ho: norma distribution; iii) ADF test, Hq: unit root. Rejection of the null
hypothesis at the 1% significant level (*) and at the 5% significance level (**).

Dynamic correlations with gdp are cross-correlations of lags and leads (between

-3 and 3) of quarterly growth rate of related series with quarterly GDP growth
rate. Source: Datastream and State Secretariat for Economic Affairs

We dso perform a Johansen (1991) test in order to check for
cointegration that is needed for the evaluation of the applicability
of the Bernanke, Gertler and Watson (1997) approach. It is natural
to assume that x”* is moving along with GDP. We therefore test
the quarterly proxy for cointegration. The test results reject the
hypothesis of no cointegration at the 1% significance level. These
results are displayed in table 2.

Table 2: Cointegration Test of gdp and x

A Hob H; LR B Hy H; LR
Al 0 2 2511 B1 0 1 23.88*
A2 1 2 173 B2 1 2 173
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Cointegration tests are performed with quarterly data. gdp = Gross domestic

product; xX* = Value of retail sales. Hy = Null hypothesis, H, = Alternative

hypothesis; for each hypothesis, given figure is number of cointegration
relations; LR = Likelihood ratio statistic. Tests are run assuming linear trend in
data and an intercept in the cointegrating equation and in the vector

autoregression. Two lags are included. Test A, null hypothesis of &
cointegrating relations against the alternative of no restrictions. LR is the
weighted sum of the (3 — )-smallest eigenvalues. Test B, null hypothesis of &

cointegrating relations against the alternative of /1 +1 relations. LR is the

weighted /™ largest eigenvalue. Rejection of the null hypothesis at the 1%
significant level (*) and at the 5% significance level (**).

We do not report the tests of other potentialy cointegrated
variables with an economic interpretation. All the tests revea that

only the quarterly GDP and x"* are cointegrated. Hence, we use x"*

either as a related series or as the detrending series p in the

Bernanke, Gertler and Watson (1997) framework™. Since we
cannot directly test for multiplicative cointegration, an ADF test
on the quarterly equivalent of y®=y/x"™ reveasthat this ratio is
stationary at the 1% significance level.

¥ To prevent the detrending series from introducing excessive volatility in the
system, we take only the low frequency part of x™ after Hodrick-Prescott
filtering. The main objective of detrending GDP can still be maintained.
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Figure 2: gdp and Related Series
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5. Reaults
5.1. Overview

The interpalation results are displayed in table 3. For eaty modd,
it contains datisticd information abou the estimated series for the
period 19811997 namely, the related series, the information
criterion, the log-likelihood,and key indicators for the annuali zed
growth rate of the monthly interpolated GDP. Two mean-squared
errors (MSE) for the evaluation d the models are given. The first
ore is between the level of the interpolated benchmark (model 1€)
and the interpolated series of eaty modd, respedively. The second
ore is the MSE between the observed quarterly GDP and a
simulated quarterly interpolated GDP from annual data within the
model in question in ader to compare how the interpolation
model would have performed at a frequency where models can be
seleded ureambiguouwsly based on an avail able data set.

Note, that table 3 is constructed in order to evaluate the models
with resped to two basic diredions. First, it isimportant to know
whether the inclusion d related series (class 2) performs better
than the ‘fod-yourself’ class 1. Sewnd, we investigate the
appropriate treament of norstationarity and analyze whether
recent techniques perform better than traditional ones.

> Due to initial oscill ations using the Kalman filter, we discard twelve months
of observations which otherwise would have influenced the results.

'8 Note that we interpalate GDP with information that is avail able e post. This
ensures that monthly values aim to the quarterly observations. In certain
empiricd studies, the monthly indicaor should represent the information set of
dedsion makers in the respedive period. In Switzerland, quarterly GDP is
published about 10 weeks after the reference quarter. In this case, we
recommend to use a series not influenced by the sum-up constraint. The
presented methods generate such a series as a by-product (not reported).
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Table 3: Interpolation Results

Model 1,15 2,1c 3, 2a 4, 2a
Series ) ) xcomip X”[
AlC 8.05 10.08 14.66 17.31
log L -562.56 -573.41 -636.59 -733.33
v 132 133 1.20 1.25
c 4.30 511 9.93 5.22
AR(1) 0.21* 0.06 -0.37* -0.02
JB 308.06* 15.59* 12.09** 192.13*
ADF -5.47* -5.96* -5.79* -5.30*
MSE 1e 3307.38 4146.21 18659.04 7123.27
MSE AQ  196862.53 144095.19 206864.82 208184.95
Model 5, 2a 6, 2b 7,2b 8, 2b
Series X]‘S’ X]ll ’ XX ’ XM xcomip X”[ x/'s’ X”[, XX ’ XM
AlC 13.06 15.89 17.32 13.34
log L -575.38 -681.65 -733.97 -585.70
v 127 1.29 1.30 141
c 14.13 6.42 3.49 12.21
AR(1) -0.53* -0.14** 0.73* -0.53*
JB 2.77 17.93* 16.83* 0.52
ADF -6.40* -5.53* -4.20* -6.85*
MSE 1e 32328.09 8884.46 4245.59 23601.90
MSE AQ  248244.08 129891.30 97166.50 221468.03
Model 9, 2c 10, 2c 11, 2c 12, 2d
Series xcomip X]ll x/'s’ X”[, XX ’ XM xcomip
AlC 15.63 14.42 14.38 15.27
log L -677.97 -627.11 -623.52 -664.89
v 1.30 1.30 1.34 1.27
c 3.65 3.51 4.66 6.80
AR(1) 0.63* 0.72* 0.14** -0.23*
JB 6.58** 15.93* 9.62* 13.45*
ADF -4.30* -4.17* -5.57* -4.91*
MSE 1e 4394.56 4287.16 5674.41 10947.86
MSE AQ  139871.77 102001.75 79448.95 120193.62
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Model 13, 2d 14, 2d 15, 2¢ 16, 2¢e
Series &K, K M PR SN
AlIC 14.30 14.09 8.05 8.04
log L -622.86 -614.83 -562.55 -562.55
u 1.28 1.35 1.28 1.29
c 4.69 7.96 4.30 4.58
AR(1) 0.10 -0.36* 0.22* 0.11
JB 332.63* 15.08* 306.50* 156.83*
ADF -4.92* -5.63* -5.45* -5.56*
MSE 1e 6696.91 11778.87 3282.52 3701.94
MSE AQ 151188.26 141821.70 147968.33 163693.19

gdp = Gross domestic product; x* = Value of retail sales; x" = Non-utilized
construction loans; x* = Exports volume; ¥ = Imports volume; x"" =

Composite index of IP. All estimations include a constant, models 2c and 2d
transform time trend to constant. Descriptive statistics are for annualized growth
rates of the interpolated GDP for 1981-1997. log L = Vaue of log-likelihood
function; p = Mean; ¢ = Standard deviation; AR(1) = First-order autoregressive
coefficient; JB = Jarque-Bera test; ADF = Augmented Dickey-Fuller test. Null
hypotheses: i) first-order AR coefficient test, Hy: AR-coefficient = 0; ii) JB tedt,
Ho: norma distribution; iii) ADF test, Hq: unit root. Rejection of the null
hypothesis at the 1% significant level (*) and at the 5% significance level (**).
MSE with 1e is for 1981-1997 and MSE Annual-Quarterly (AQ) is for 1982-
1996.

5.2. Evaluation of Related Series

It is desirable that the interpolation not only relies on a purely
econometric and mechanical procedure but also on economic
intuition. Econometrically, the conclusion of whether to include
related series or not is ambiguous. AIC and likelihood ratio tests
show that introducing related series does not always enhance the
performance of the interpolation as it involves costs of additional
noise in the interpolated series. All the models generating too
much volatility relative to the annualized standard deviation of the
guarterly GDP estimates are not displayed in table 3 as they are
economically not meaningful *’.

7 We restrict ourselves to models that produce series with an annualized
standard deviation lower than five times the variability of the growth rate of the
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Related series could possibly break the regular pattern within a
guarter, produced by al interpolation procedures without related
series™. However, as shown in figure 3, series 16 for example is
not able to break the pattern. The figure shows monthly estimates
and the published quarterly GDP. The cyclical pattern within the
quarter, illustrated in the bottom panels, is an average difference
for the three months within the quarter between series 16 and the
benchmark (1€) for growth and decline periods, respectively.

The deviations are significant for the first and the last observation
within the quarter and lead us to rgject the model for economic
reasons. Moreover, we find that in all type 2e series the inclusion
of related series, relative to model la, even exacerbates the
pattern.

The suggestion of Bomhoff (1994) that the Kalman filter accounts
for nonstationarity cannot be generalized for interpolation with AR
structure in the state equation. Explosive eigenvalues, responsible
for the pattern, are introduced in models la and 2e by
construction. In model 1c, the pattern isimplied by estimating a ¢

close to one. We eliminate the pattern by removing its source, the
presumed inertia in GDP growth, and we use models 2a-d which
assume no AR process.

Regarding the two sets of related series, one observes that in
general, related series based on the open economy assumption
introduce less volatility in the generated growth rates than the

national accounting variables. For the related series ™% and x"!
this relation is reversed™. However, including additional variables

official quarterly GDP estimates (15%). Comparisons between monthly and
quarterly values of industrial production growth in various countries show that
the annualized values of monthly standard deviation are two to five times higher
than quarterly ones which serve as areference.

18 The pattern is systematically convex or concave if the model has an AR
structure, depending on growth state of the economy. Monthly GDP estimates
produced by model le are linear and model 1d produces monthly estimates
which equal one third of the corresponding quarterly GDP.

9 Of al the series that could not be distinguished by statistical evaluation in
section 4.2.2, x*™ is found to be the most useful related series of the open

economy approach. Results using x** and x** are therefore not reported in
table 3.
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in the national accounting approach increases the volatility
considerably. To further investigate the characteristics of the most
appropriate related series, note that within each model the log-
likelihood values show that the national accounting approach is
preferable even if not always significantly.

Figure 3: Pattern of Series 16
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Interpolated monthly GDP (right-hand scale) is displayed as solid line. Squares
represent quarterly GDP values. The bars in the bottom panels represent the
average deviation of the monthly interpolated values from the benchmark during
GDP growth (bottom left) and decline periods (bottom right). The dashed bars
indicate the 5% critical values. All figuresin mio CHF.
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Another evaluation criterion is the MSE of a model series with
respect to the benchmark 1e. The results indicate that in genera
adding related series increases the M SE reflecting an increase in
volatility as the models deviate more from the smooth benchmark.
As this criterion is rather soft and as there are models with the
contrary effect, it does not seem suitable for model evaluation.
Moreover, our benchmark is mainly founded on practical reasons
and it proves not to be suitable as an objective measure for model
evaluation.

5.3. Evaluation of Techniques

The comparison between different interpolation setups and the
guestion whether modern setups perform better than traditional
ones are closaly linked to the treatment of stationarity. First of all,
within the regression-based methods the correction for
nonstationarity proposed by Denton (1971) and Fernandez (1981)
(DF, model 2c) produces results that are qualitatively only slightly
better than the classic Chow and Lin method using level series
(CL, model 2a).

The effect of modelling AR(1) error terms in the CL-model
(model 2b) and in the DF-model (model 2d) is not clear. In the
CL-models, the likelihood falls while for the DF-models it
increases, when AR(1) error terms are considered. The standard
deviation of the generated series rises in the CL-models and
behavesirregularly in the DF-setups.

Models constructed following Bernanke, Gertler and Watson
(1997) are clearly worse than the ones reported in table 3, both in
terms of cyclical regularity and volatility. This procedure neglects
the fact that the Kalman filter already corrects the nonstationarity
of the data.

Generaly, regression-based models yield good estimators while
Kaman filter routines sometimes struggle with the numerical
optimization. In case of model equivalence, we recommend for
practical reasons the use of analytical solutions. However, due to
its flexibility, the Kalman filter is able to model a much richer set
of assumptions about the properties of monthly GDP while the
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GLS approach utterly fails to model any stochastic behavior. This
makes the Kaman filter an unavoidable tool when analyzing
competing interpolation models.

5.4. A Monthly GDP Estimate
Based on this mixed evidence concerning the two directions, we
recommend the setup and series 5 for further research. Due to the

absence of AR structure, it does not display a regular pattern and
the series exhibits moderate volatility as shown in figure 4.

Figure 4: Monthly GDP Series
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Monthly GDP estimates in mio CHF. The corresponding figures are displayed
in appendix D.

Can this extensive selection procedure be confirmed by first
interpolating annua to quarterly data and then comparing the
resulting quarterly series with the official GDP estimates? If yes,
then we would have a very handy tool for the evaluation of
competing interpolation models.

Of course, the underlying assumption that the best annual
interpolation model is aso the best quarterly one is strong, but if
this criterion does well, it could be used as suggestive evidence in
similar problems. Moreover, there is no reason to think that the
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frequency change has a fundamental impact on the performance of
the models™.

Surprisingly, the results show that it is not always the case that
models with highest likelihood are the best interpolating models at
the lower frequency. Within the GLS-based class just model 2c
confirms our expectations. For all models with a pattern, applying
this method makes no sense. Therefore, we conclude that this
approach may be used as an indicator only but certainly not as a
selection criterion.

6. Conclusion

The goal of this paper is to evaluate aternative interpolation
models for Swiss GDP and to produce a monthly deseasonalized
real GDP available for researchers and practitioners. We use a
Kaman filter method which alows formulating a setup that nests
awide range of interpolation models in the literature. With respect
to the nonstationarity and to the usefulness of related series, it is
difficult to a priori present a clear-cut answer how these issues
should be considered most suitably. Our results show that treating
the nonstationarity problem with a second-order AR structure
(models 1a, 2e) or with a detrending method (models 1b, 2f) is not
appropriate for Swiss data. These two methods impose
econometric characteristics on the produced data that cannot be
carried further for an economic interpretation. The nonstationarity
correction made by the filter itself (models 1c, 2a-b) seems to be
sufficient.

Our results further show that in particular cases, related series can
be useful. In these cases, the evaluation of series backed by
economic intuition, is based on the comparison of the volatilities
between the growth rates of the quarterly values and the computed
monthly series, and some subsidiary indicators. We show that
including related series does not systematically improve the results
of the base case as this often generates quite volatile GDP
estimates.

% Another way to apply this proposal would be to select the model with the best
AIC for the interpolation from annual data and to see if the same model also
produces the best AIC for the interpolation of monthly data from quarterly data.
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Finally, the data does not seem to unambiguously confirm the
expected long-run hypothesis between the interpolation a a
monthly and at a quarterly level. A more rigorous econometric
analysis would be needed if this comparison transgresses short-run
considerations.

For the interpolation of Swiss GDP we suggest using an approach
with the four related series exports, imports, retail sales, and non-
utilized construction loans, the latter two of which are proxying
for consumption and investment which are not monthly recorded.
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Appendix
A Kalman Filter Algorithm and L og-Likelihood Function

We show the iteration steps of the Kalman filter. We aso give the
log-likelihood function of our system. All our interpolation models
are based on equations (3) and (4), ¢&,,, =F&, +C'x,, +Ru,,,,

and y =ax, /+hi&. The Kaman filter iteration, update,
prediction, and MSE steps at time ¢ are given by the following
loop. At time ¢ assume that vy;,...,y, ae known. The related
series x, and x; are known up to 7+ 1. The predictions done at
timet— 1 for t are known: Et‘t_l, yt*‘t_l. The corresponding MSE are

also known: P, MSE(EI‘H), and MSE(VJt_l).

tjt-1
Update step

Et\t - Et\t 1t Pt\t M ( (y;‘rt_l))l(y: - th—l)

tt- 1 ( (yt\t 1)) ht tjt-1

P

tt

=P

tjt-1

-p
Prediction step
&y = F&y +C'Xy
Vi = 8Xha + By,
MSE step

SE(%Hm): Pt+ut = Fpt\tF + RQR'

Sf(y;m): h;+1Pt+mht+1
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Log-likelihood function

Each observation y;" is normally distributed:

yt+( (;""’yt-'-—l’Xl""’Xt’XlD" ) (atX +ht§t\t 1’htpt\t 1ht)

The log-likelihood function for the whole sample is the following
expression:

hiP. _.h

thgft-1" "t

z:illn f (y:): —%In(er)—%z In

B ( atx -h gt\t 1)2 o
2 zt N htPt\t 1ht
T . T 1T . .
ya,nf (yt ): —Eln(er)—E AL t(FPt_m_lF

1o b ma-nfre L von )
2 Zt =1 (|:|:>t_m_1F’ + RQR’)1t

B Chow and Lin Regression®

We show hereafter the Chow and Lin regression model. Chow and
Lin assume a true model for the monthly GDP explained by /

related series given in matrix notation for the whole sample of T
observations: y=Xp+u where V = E[uu'] is the variance-
covariance matrix of the error terms. With help of [T/3xT]

matrix C, :}ET 0 igE, they transform this true model to match
307

the quarterly observed GDP. The quarterly vector can thus be

expressed:

y =Coy =CpXp+Cpu =X"p+u’

2 We do not write GL'S subscripts.
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where ngu+ EzV* =C,VC, and where X" is a [T/3xI]

matrix with quarterly average of related series. Chow and Lin look
then for a [T ><T/3] matrix A that fill s the gap between quarterly

and estimated monthly data such that y = Ay*. In this sach they
impose a1 unhased estimated monthly series y :

Ely -y]=E[A(*B+u*)-Xp-u]=E[(Ax* - X }p|=0
implying that AX™ =X =0 and giving then an expresson for the
difference between the true monthly series and the estimated ore:
y—-y=Au" —u. To find the optimal matrix A they minimize,

under the @nstraint of unhiasedness the trace of the variance
covariance matrix v[y], so minimizing the sum of al the

variances correspondng to ead ‘observation’. The V[y] is the
foll owing equation.

E[(y - y)z] = AE§J+U+’ QA - AE[uu]- Egju*' é& +E[uu’]

E[§-yF|=AV'A -AV-vr A LY

They minimize with resped to A the foll owing Lagrange function
with help of a [I ><T] Lagrange multiplier M":

L= %tr(AV*A' AV VAT +V ) -tr(MY(AX T - X))

L= %tr(AV*A’)—tr (AV*")+%tr(V)—tr(X*M 'A)+tr(M'X)
yielding A .

I _1 I
A= x@x*v“x*ﬁ XV

I -1 I
+v"+v+'1En—x+ﬁ><+v+‘lx+ﬁ x*v”E
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+

The y isthen given by the foll owing fitted values: y = Ay~ .
! 4 -1 ’ 4
yzxﬁ(+v+ X+ﬁ X+v+ y+

I -1 I
+V..+V+1EV_X+@<+V+1X+E )(+V+’1 %+
3

y=xp+ Vvl =xp+an?

The monthly series is computed by the third of al the dements of
thevedor y.

C Comparison of Log-Likelihood Functions

In a dightly different notation, the Kaman filter presented in
sedion ‘Models with Related Series and withou AR Structure
yields the same likelihood as Chow and Lin. This shows that the
results are the same for both methods. We asaume this gructura

equation y, =x,c+u,, fort=1...T, where u is iid and
E(u?)=02.

yt_X;C
We define state vedor &, =0y,, —X,,C[, State ejuation

E&t—Z - X;—zcE

t+1
&.. =150V, [, and measurement equation y,;” =ax,'+h'¢,,

AG

where xE:ixj, h=(0 0 0) ad a=0 for
j==2

t=12457,...,T-1, and h/=(1 1 1) and a =c for
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H yt\t—l_X;C E

t=369,..,T. We further assume &, =0y, , —X,cC and

t

I
%t—z\t—l - Xt—ZCE

P 0 OF
Py =00 o OL.
1l 2
00 0 o,

Finally, the log-likelihood function for this Kalman filter is

ZtT?;lIn f (yt+): _%|n(2r[)—%|n(30.5)

_ 6; : z}:l(ygr —a X By f
Z:szlmf(y§)=—%ln(2ﬂ)—%'”(30u2)

T .
zrgzl(y;r - C'(Xsr T X T X5 ))2

, Or

_602

Chow and Lin assume the following regression y* =X g+u” or
for each observation vy =g'x; +u’ meaning that quarterly
observations are N (ﬁ’x: o2 ) The log-likelihood function for this

Chow and Linregression is

52,0 (y:)=-nf2r)- (o> ).
)y b -m)

This equation is equivalent to the Kalman filter log-likelihood
with g'=3c', x; :%XE, and the variance of quarterly observations

o j equals three times the variance of monthly observations g?.
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D Monthly GDP Estimates

Jan-81 21563 Apr-83 21337 Jul-85 23286 Oct-87 23888
Feb-81 21503 May-83 21730 Aug-85 23230 Nov-87 23580
Mar-81 21461 Jun-83 21793  Sep-85 23165 Dec-87 24213

64527 64860 69681 71681
Apr-81 22043  Jul-83 21670 Oct-85 23265 Jan-88 23706
May-81 21932 Aug-83 21666 Nov-85 23615 Feb-88 23872
Jun-81 22003  Sep-83 22104 Dec-85 23297 Mar-88 24615

65978 65440 70177 72193
Jul-81 22082  Oct-83 21986 Jan-86 23504 Apr-88 24270
Aug-81 22157 Nov-83 22066 Feb-86 23235 May-88 24336
Sep-81 22141 Dec-83 21876 Mar-86 23751 Jun-88 24389

66380 65928 70490 72995
Oct-81 22158 Jan-84 22130 Apr-86 23255  Jul-88 24449
Nov-81 21864 Feb-84 22096 May-86 23496 Aug-88 24622
Dec-81 22124 Mar-84 22178 Jun-86 23495  Sep-88 24639

66146 66404 70246 73710
Jan-82 21867 Apr-84 22314 Jul-86 23501 Oct-88 24505
Feb-82 21802 May-84 22267 Aug-86 23419 Nov-88 24484
Mar-82 21843 Jun-84 22175 Sep-86 23661 Dec-88 25295

65512 66756 70581 74284
Apr-82 21793  Jul-84 22275 Oct-86 23688 Jan-89 24823
May-82 21650 Aug-84 22734 Nov-86 23770 Feb-89 24877
Jun-82 21582  Sep-84 22359 Dec-86 23508 Mar-89 25400

65025 67368 70966 75100
Jul-82 21547  Oct-84 22553  Jan-87 23824  Apr-89 25453
Aug-82 21577 Nov-84 22558 Feb-87 23811 May-89 25112
Sep-82 21417 Dec-84 22887 Mar-87 23310 Jun-89 25541

64541 67998 70945 76106
Oct-82 21606 Jan-85 22616 Apr-87 23639 Jul-89 25723
Nov-82 21333 Feb-85 22898 May-87 23334 Aug-89 25329
Dec-82 21400 Mar-85 23248 Jun-87 23441  Sep-89 25842

64339 68762 70414 76894
Jan-83 21575  Apr-85 23229  Jul-87 23553 Oct-89 25490
Feb-83 21259 May-85 22877 Aug-87 24176 Nov-89 25936
Mar-83 21575 Jun-85 22985  Sep-87 23613 Dec-89 26363

64409 69091 71342 77789
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Jan-90 25861 Jan-92 26642 Jan-94 26317 Jan-96 26551
Feb-90 26420 Feb-92 26679 Feb-94 25790 Feb-96 26342
Mar-90 26398 Mar-92 26515 Mar-94 26406 Mar-96 26399
78679 79836 78513 79292

Apr-90 26368 Apr-92 26386 Apr-94 25001 Apr-96 26154
May-90 26359 May-92 26130 May-94 26142 May-96 26539
Jun-90 26634 Jun-92 26344 Jun-94 26216 Jun-96 26422
79361 78860 78259 79115

Jul-90 26580 Jul-92 25961 Jul-94 26102 Jul-96 26327

Aug-90 26603 Aug-92 26383 Aug-94 26281 Aug-96 26494
Sep-90 26424 Sep-92 25909 Sep-94 26368 Sep-96 26095
79607 78253 78751 78916

Oct-90 26361 Oct-92 26120 Oct-94 26155 Oct-96 26116
Nov-90 26774 Nov-92 25801 Nov-94 26303 Nov-96 26430
Dec-90 26582 Dec-92 25621 Dec-94 26557 Dec-96 26265
79717 77542 79015 78811

Jan-91 26663 Jan-93 26336 Jan-95 26486 Jan-97 25906
Feb-91 26418 Feb-93 26146 Feb-95 26386 Feb-97 26328
Mar-91 26499 Mar-93 26070 Mar-95 26254 Mar-97 26771
79580 78552 79126 79005

Apr-91 26233 Apr-93 26208 Apr-95 26179 Apr-97 26748
May-91 26261 May-93 26137 May-95 26238 May-97 26459
Jun-91 25869 Jun-93 25900 Jun-95 26544 Jun-97 26549
78363 78245 78961 79756

Jul-91 26128 Jul-93 26251 Jul-95 26271 Jul-97 26792

Aug-91 26151 Aug-93 25966 Aug-95 26296 Aug-97 26834
Sep-91 26234 Sep-93 25892 Sep-95 26475  Sep-97 26566
78513 78109 79042 80192

Oct-91 26237 Oct-93 26364 Oct-95 26098 Oct-97 27119
Nov-91 26355 Nov-93 25982 Nov-95 26486 Nov-97 26556
Dec-91 25840 Dec-93 25667 Dec-95 26547 Dec-97 26936
78432 78013 79131 80611
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