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ABSTRACT

In the past, seasonal variation in macroeconomic time series
data has often been treated as a purely "statistical" problem. The
view prevailed that a proper understanding of seasonality would
enable researchers to eliminate its effects more efficiently and
thereby facilitate the analysis of "business cycle" frequencies.

An alternative view, advocated by Ramsey (19%2), trééts the
underlying dynamic model as a high frequency oscillator with
relatively stable coefficients. Such a model may incorporate
"parameter drift" in that the model parameters can be allowed to
change slowly over time. The benefits of such an approach include
improved interpretation and understanding of the relationships
which give rise to the model, as well as insight as to possible
causes of observed changes to the system over time.

Ramsey (1992) demonstrated that the time paths of economic
variables can be accurately characterized using a simple harmonic
oscillator model. The present paper investigates the forecasting
properties of this class of model with respect to time series for

U.S. durable and non-durable goods production.




FORECASTABILITY OF DRIVEN OSCILLATORS WITH NOISE

INTRODUCTICN

A number of recent studies have shown a new appreciation for
the importance of seasonal variation in the analysis of macro-
economic and financial time series data. In the past "seasonal
variation" has tended to be treated as a purely "statistical®
problem. The view prevailed that a proper understanding of
seasonality would enable researchers to eliminate its effectsg more
efficiently and thereby facilitate the analysis of "business cycle
frequencies". Two approaches have emerged. One is represented by
Tiao and Grupe(1980}, Osborn (1991} who have modelled seasonal
factors as dynamic processes; more precisely seasonal variation has
been introduced by specifying that the parameters of a standard
ARMA model wvary seasconally. Such models are characterized by
"slowly varying variable wvalues with fast varying parameters".
Appropriate choices for the model specification for such processes
can produce periodicity of any desired frequency. However, such
models have their own dynamic characteristics and will in general
differ substantially from more traditional time series models.
Franses (1991), for example, has analyzed the effect of the
gpecification error introduced when a multiple differencing

approach to estimation of a time series is used when the data are




in fact generated by a seasonally varying parameter model. In
another important paper, Boswijk and Franses developed tests for
seasonal variation in the mean growth rate, or trend term.

In these models high frequency oscillations are viewed as the
result of the interaction between slowly moving variables and
rapidly varying parameters. The specification of such models poses
not only difficulties for estimation, but also for the
interpretation of the implicit dynamics of the model. The former
difficulty stems from the fact that all models are estimated by
"averaging" in that rapidly varying "errors" are averaged over
slowly varying values for the variables. The Osborn approach has
been fairly succesgsful from the estimation perspective because the
rapidly varying coefficients have been seasonal and can therefore
be averaged over many repetitions of the seasonal cycle.

An alternative view of the problem is provided by Ramsey
(1992). In this wview, the underlying dynamic model is high
frequency, seasonal for example, with relatively stable
coefficients relative to the rate of oscillation of the dynamic
model. Such a model can also incorporate "parameter drift" in that
the model parameters can be allowed to change slowly over time.
However, for such changes to yield a moderately simple model of
oscillations that is interpretable and estimable, it is important
that the varying parameters change sufficiently slowly. The
changes should in fact be adiabatic; that is, one should be able to
model the data for "short periods" as if the parameters were

constants. If the parameters vary at the same rate, or even faster




than the variables of the system, one has created a very complex
dynamical system that is both difficult to analyze and to estimate
efficiently. These problems stem from the interaction between the
fast varying parameters and the equally fast varying variables. The
literature on seasonally varying parameters has in part managed to
avoid the worst of these difficulties by capitalizing on the cyclic
component of the wvariation.

There is another aspect that separates the basic viewpoint
espoused in this paper and in Ramsey (1992) from that contained in
the "rapidly varying parameter" approach. The fundamental insight
that underlies the former approach is that economic data, like data
in almost all other fields of study, involves dynamical processes
that conform to the basic principles of dynamic interaction.
Displacements lead to reactive acceleration, an effect on the
second derivative, that is usually damped and the dampening is a
function of the first derivative. In some cases the forcing terms
may be sinusoidal. Short term dynamical systems that are open, as
is the case in most economic situations, are subject to parameter
drift in that the variations of variables outside the system being
modelled will affect the behavior of the model over intermediate
time scales. If the variation of the "external variables" is of the
same time scale and order of magnitude as the variation within the
system being modelled, then the model has to be expanded to include
the other rapidly varying wvariables. To do otherwise, is to
guarantee failure in one’s modelling strategy.

Model types such as those proposed in Ramsey (1992) when




compared to sets of seasonal dummies, provide important insights
into some neglected aspects of forecasting. Imagine that, as is
true for economic production indices, data are characterized by a
twelve period cycle. Ignoring parameter drift for the moment, it is
immediately apparent that perfect forecasts can be obtained by
estimating the values of the twelve seasonal dummies and projecting
their values into the future. In terms of mean square error and
gimilar criteria, such a forecast cannot be bettered. One might
then question the benefit of a phenonenologically motivated model
of dynamics, such as that presented in Ramsey (1992} . The benefit
lies in the interpretation and understanding provided by the
phenomenclogically guided approach. A further benefit is that when
the system is changing over time, the latter approach provides
insight and guidance to the analysis of the possible causes of the
change. For example, in the seasonal dummies approach, if the
parameters are shifting over time, there is little one can do but
record the shift. But in the alternative approach, precise
statements about the nature of the change in the dynamics can be
made; for example, that the effect of dampening has lessened, or
that the effect of a particular forcing term frequency has
increased. With this information, the analyst can begin to
investigate further and explore the theoretical reasons for the
change.

In Ramsey (1992) it was demonstrated that the time paths of
economic variables can be accurately characterized using a simple

harmonic oscillator meodel. In that paper it was shown that a gingle



class of models containing an oscillatory component that is forced
by a specific set of frequencies can be used to describe the short
term time path of indices of production for durable and non-durable
goods. Moreover, it was demonstrated that, up to parameter drift,
this class of models holds over the entire recorded history of the
two series. Subsequent work showed that the same qualitative
results were obtained for OECD definitions of consumer goods
production for the U.S., U. K., Germany, France, and Italy.

The present paper explores the forecasting properties of the
linearized version of this model. The inclusion of a time varying
congtant to account for non-stationarity is the only structural
modification made.

The Ramsey (1992) paper revealed evidence of parameter drift
over the entire sample period, although the rate of drift was
relatively slow in most cases and the variance estimates for all
the coefficients were remarkably stable over long intervals of
time. This paper presents sixty-four month forecasts of growth
rates and of the corresponding index levelg for both series. Two
sets of forecasts are made, one set estimates the coefficients over
a prior period to the forecast and then treats the estimated
coefficient values as constants for the forecast. The second set
uses a window estimation procedure to forecast the parameter values
themselves.

Both sets of forecasts seem to be reasonable in terms of
capturing the overall dynamic quality of the series and in

predicting the turning points, that is the peaks and troughs in the




actual growth rates. The forecast index levels track the actual
levels well for a while, but then diverge, altl:xough the phase of
the oscillations is maintained. This divergence Dbetween the
forecast levels and the actual indicate that the drift in the
parameters that prevailed during the estimation period differs from

that which prevailed during the latter half of the forecast period.

MQDEL SELECTION
The principal variable of interest in the previous paper by
Ramsey (1992) was the growth rate, that is the relative first
difference of the production index; details are in Ramsey (1992).

The model specification that was obtained in Ramsey (1992) is:

4 4 :
a, + «d,., + [Y, B;0;]1 =) l[a;cos({w;t) + b;sin(w,t)] (1)
i=1 i=1
where:
;. = [Yn'uﬁ-"Yuu"72:u+'72tu—] ]
Y.¢ = 1; 1f mth = Sep-Feb; 0 Otherwise;
Y,r = 1:; if mth = Mar-Aug; 0 Otherwise;
u* = pos(u,)
u- = neg(u,)
The essential idea that 1is captured by this formulation is
that the change in acceleration, that 1is, the change in the value

of the second derivative depends on both the sign of the growth
rate and on the period of the year in which the effect occurs.
This specification allows the acceleration reaction to differ

depending on whether growth rates are positive or negative, so that




if they differ, then one can conclude that the process is time

irreversible, even 1in the absence of the linear dampening term that
itself  produces time irreversibility. The right hand side of
equation (1) is the sinusocidal forcing term.

Although this nonlinear differential equation seems to apply
to both data sets, a closed form analytical solution to the
equation is not available. A simple linearized version that is
used in this paper and was analyzed theoretically in Ramsey (1992)
is:

4
Y [a;cos(w;t) + b;sin{w;t)] (2)

i=1

u, +eu,_, + fu,

This equation is easily solved using Laplace transforms, see for
example Strang (1986), Ramsey (1992). The specific definitions for

the growth rate and for the time derivatives are:

X -x-t-1
u, = ————
K1
u -u
pu. = e
t 2
Du, . .-Du
2., - £+1 t-1
Dlu, = —Eo—

By substituting these definitions into equation({(2) we obtain the

reduced form equation in terms of the growth rates themselves:

u, = M + [2(1-a)-4Plu,_,-(1-2a) u,.,

4
+4Y [acos(w;(t-2))+b;sin(w,(£-2))] )

i=1




This reduced form equation provided the basis for the
forecasts for both durable and nondurable goods that are to be
studied in this paper. One further modification in this paper is
the addition of a constant term to the forcing term to account for
the non-stationarity of the actual growth rates. Thus, the total
number of parameters to be estimated is 10 or 11 depending on
whether the constant term is present or not.

Forecasts for the index levels were calculated by:

K
Kegre = X, tI=Il(1+ﬁt) (4)

where ( is the forecasted growth rate.

Two types of forecasts were generated. First, the parameters
were simply estimated over a 120 month period. These estimates
were treated as fixed and forecasts were generated accordingly.
Secondly, the parameters were estimated using a window technique
whereby a sixty month window was estimated for a given fixed time
gslice. This was repeated 180 times. Each time slice dropped the
first observation and added the next. By these means we obtained
estimates of the drift path for each parameter. These paths were
then smoothed and used to extrapolate the drift over the forecast

period. Forecasts were then generated using parameters with drift.



Some summary statistics are presented to provide various
measures of the accuracy of the forecasts. The sum of squared
differences between the forecasted growth rates and actual growth
rates, divided by the number of observations, were calculated for
the first 32 months, separately for the second 32 months, and for
the whole forecast period. These are labeled as MSQE 1, MSQE 2, and
MSQE 3, respectively in Tables 1A and 1B. The corresponding
variances of the actual growth rates during the forecast period are
presented. We also calculated the ratio of the mean squared errors
to the observed variances of the growth rates to obtain an units
free measure of the quality of the forecast.

An alternative measure of accuracy which we present are the
turning point ratios. These calculate the percentage of relative
highs (peaks) or relative lows (troughs) occurring in the actual
data that were matched by corresponding peaks or troughs in the
forecast series. These ratios were calculated separately with
respect to the relative minima and_maxima, as well as for all
turning points. The results are presented in Table 2.

DATA

Two data series were used. The data are the non-seasonally
adjusted U.S. production indices for consumer durables and consumer
nondurables, further details are in Ramsey (1992). The data are
monthly and run from January 1919 to February 1993. Three
observations were lost at the beginning and two at the end of the
series because of the calculation of the derivatives of the growth

rates.
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The Empirical Results

Figures 1 and 2 show the raw production indices for durable
goods and for nondurable goods as well as a plot of the growth rate
for each index in the inserted subplot. The nonstationarity of both
data series is clear, both in termgs of the recorded indices and in
terms of the growth rates.

The nonstationarity of the data and the corresponding idea of
a slow shift in the underlying dynamics is illustrated in Figures
3A, 3B, 4A, and 4B. The first two figures enable the reader to
compare the phase space diagrams for the durable goods index
between two sgeparated time periods. The phase space plots show the
variation in the variable pair (D*u., Du.), where D?u_ and Du, are
the second and first derivatives respectively of u,, the growth
rate. A careful examination of these plots shows that between the
two periods indicated that there has been a substantial shift in
the dynamics of the process generating the data. Similar
conclusgions have to be drawn from an inspection of Figures 4A and
4B for the phase space plots of the nondurable goods index.

As we indicated in a previous section and in Ramsey (1992},
the presence of a changing dynamical process, or the presence of
nonstationarity, leads to substantial difficulties for forecasting.
Forecasting is typically "time local" and implicitly assumes sgome
form of stationarity, or at least regularity in the series under
examination. Reexpressging the matter, any forecast mugst assume that
the mechanism generating the data and as analyzed by the forecaster

remains applicable throughout the forecast period. This is not to
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say that change cannot be handled, but that the change must be
modelled as an integral part to the forecast.

Typically, forecasts have been local in the following sgenses.
Forecasts are usually local in that the forecast horizon is short,
a few quarters, or a year or two at most. Further, the forecast
usually presumes that the coefficient wvalues that were estimated
from the most recent data available will continue to hold during
the forecast period; that 1is, the estimated coefficients are
treated as constants notwithstanding their long term observed
changes. This procedure ignores potentially relevant information
from the more distant past. For example, one might incorporate into
one’s forecast bounds on the outcomes that stem from the behavior
of the model over the entire period of observation; such forecasts
would incorporate what we call "global constraints", see Ramsey
{1992) .

The results to be presented below go part way towards
addressing this issue. We will compare the results obtained when
the model coefficients are "forecast" as constants as is the usual
cage to the situation in which the coefficients are themselves
forecast, even if by crude extrapolative methods. To some extent
"global constraints" are imposed as recommended in Ramsey (1992) in
that the basic model that has been discovered to hold, at least
approximately, for the entire recorded history of the indices will
be presumed to continue to apply. What is not assumed in the second
version of the analysis is that the constituent coefficients are

constant. Indeed, since all the evidence indicates that the
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coefficients are continuously, albeit slowly, changing over time,
that information is incorporated in the modelling of the data.

The basic procedure followed in each case was to estimate the
model summarized in equation(3). The forecasts were obtained by
ingerting into the model the values of the estimated coefficients
and the values of the previously forecast growth rates, after the
initial conditions used to begin the forecast process; that is, the
first four forecasts used at least one value of the observed growth
rate, but that thereafter all forecast values depended entirely on
the prior forecasts. There was no updating of the coefficients and
of the growth rates using information beyond the last observation
of the estimation period.

Two sets of variables were forecast. The first is the growth
rate and the second is the actual level of the index that was
obtained by '"integrating back" from the definition of the growth
rate. This marks an important improvement over the results quoted
in Ramsey (1992), wherein the fits were computed with respect to
the valueg of the dependent variable, Dzut. In this paper, we use
the expression in equation(3) to obtain by transformation the
forecasts for the growth rate, u,, and by the expression in
equation(4) the forecast values for the index itself. These
transformations place a considerable potential burden on the
accuracy of the estimation process, since the transformation from
D2ut to u, involves two integrations and that from u. to the index
one more integration,

For the durable goods index three sets of results were
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