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Abstract

This paper explores the hypothesis of cyclical variation in seasonal patterns. Graph-
ical techniques and Generalized Predictive tests for structural changes are used to
identify and test patterns of changing seasonality. The results indicate that seasonals
are unstable. In many cases, changes in the seasonals are linked to the stages of the
business cycle. In others, the pattern of changes is rather puzzling. Particularly inter-
esting is the case of MI which displays an upward trend in the second quarter growth
rate throughout the post WWI1 era.
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1 Introduction

The observation that seasonal patterns in many macroeconomic variables appear to change
through time was noted by a number of researchers (see e.g., Bell and Hillmer (1984)).
Since then several statistical tests have been suggested to formally examine the stability
of seasonal patterns, notably by Franzini and Harvey (1983), Ghysels (1990), Canova
and Hansen (1991), Sutradhar, MacNeill and Dagum (1991), among others. It has been
argued that since seasonals drift through time a simple deterministic seasonal dummy
model should be rejected in favor of a linear stochastic time series model with seasonal
differencing. A standard justification for using a model with seasonal unit roots is that
changes in seasonal patterns are long run phenomena apparently linked to modifications
of institutional factors of the economy.1 While the latter may certainly be a contributing
element to the changes we observe, other shorter rim factors may also play a significant
role. For example, Ghysels (1990) reports empirical evidence suggesting that changes in
seasonal patterns of several post WWII aggregate quarterly US time series appear to be
linked to the stages of the business cycle and suggests extending the notion of asymmetries
in time series (see e.g. Neftci (1984)) to that of seasonal patterns. Given this evidence
models which represents seasonal factors with deterministic dummies (no-change model)
as well as models which employs seasonal unit roots (long run changes) are inappropriate.
In addition, variation through time in seasonal means affects standard tests for unit roots
at seasonal frequencies2.

The idea of conditioning the seasonal mean shift on the business cycle was motivated
by the fact that most conventional dynamic structural models of macro time series suggest
nontrivial interactions between the seasonal component and the other types of fluctuations.
Ghysels (1990) implemented this idea using a model where seasonal dummies were allowed
to differ in expansions and recessions, hence yielding a stochastic seasonal process which
was a rough first moment approximation to the complex and nontrivial interactions ex-
isting among the components of economic time series. The empirical evidence contained
in that paper, while indicative of the possible interactions existing i9n many series, was
not conclusive as it was based on a relatively simple time series model with the N.B.E.R.
business cycle chronology as the basis for the switching regime indicator function.

In this paper we document the existence of medium run changes in seasonal patterns
quite thoroughly for a large class of US time series, including historical series (before WW 1
and even last century) and many of the most commonly used quarterly and monthly ag-
gregated and disaggregated data. We employ both an informal graphical method recently
advocated by Franses (1991) as well as recently developed formal statistical tests which
exploit some recent advances in the theory of structural stability tests for dynamic single
and multiple equation systems. The hypothesis of interest here is one where we allow for
the presence of possibly multiple breaks at unknown dates. Generalized Predictive tests
for structural stability, as proposed by Dufour, Ghysels and Hall (1991), are used to iden-
tify and test patterns of changing seasonality. Such statistics prove to be particularly well
suited to examine the presence of cyclical variation in seasonal patterns as they are ex-

'Most of these arguments pre-date the development of formal tests for seasonal unit roots as
for instance in Dickey, Hasza and Puller (1984), Osborn at al. (1988), Hylleberg, Engle, Granger
and Yoo (1990), Ghysels, Lee and Noh (1991).

3The arguments are similar to those made about overall mean shifts and tests for unit roots at
the zero frequency, see e.g. Perron (1990) and Perron and Vogelsang (1991).



ploratory and can detect single or multiple shifts that are either temporary or permanent
in nature.

We find that the majority of US aggregate time series we examined possess seasonals
which drift over time and that, in some cases, these changes are linked to the stages of
the business cycle. The evidence for disaggregated data is statistically less significant but
economically more compelling because structural changes tend to emerge primarily during
recessions. We also attempt to quantify the forecasting improvements one can obtain by
allowing seasonals to evolve over time. We demonstrate that in many instances both
a model which conditions the seasonal switches on business cycle phases and a flexible
Bayesian model which allows the coefficients of the dummies to drift over time improve
the forecasting performance of a model where seasonals are represented by dummies.
In particular, for the Bayesian model and for almost all post WWII series, the average
forecasting gain at each step is about 10%.

The rest of the paper is organized as follows. Section 2 is devoted to document-
ing seasonal patterns and their variation through time. In section 3 we briefly review
the statistical tests which are applied in section 4. Section 5 discusses the forecasting
costs of treating seasonal patterns as constant. Section 6 concludes the paper discussing
the implications of our findings for some issues of interest in the current macroeconomic
literature.

2 Seasonal Patterns and Their Instability

In this section we employ a simple and elegant graphical representation developed by
Frances (1991), also used in Hylleberg, Jorgensen and Sorensen (1991), which we adopt
and extend to examine seasonal instability and to highlight a possible relationship between
the pattern of seasonal instabilities and phases of the business cycle. We limit our attention
to quarterly time series since graphical methods are cumbersome to read and interpret with
monthly data. Also, although Frances' representation requires no formal assumption of
stationarity, we do transform mo6t series to consider the first differences of the logs of
the raw data because we would like the graphs to display those series which we formally
examine in the next section. Let {y,n} represent all observations pertaining to quarter
i = 1,.,4 where n is a yearly sampling index. One then plots the four annual series
{yi,,,.... 1lto}, where each series represents a particular quarter of the year onto one graph,
Ib highlight a possible relationship between the pattern of seasonal instabilities and phases
of the business cycle, we shade recession years according to the N.b .e r . business cycle
chronology.

The plots can be used as specification diagnostics for the process generating seasonal
patterns. The graphs should display stationary plots if the data generating process is one
of deterministic mean shifts for each quarter around a stationary first differenced process.
Parallel plots indicate a completely deterministic process. On the other hand if the data
was generated by a process that requires seasonal differencing to yield stationarity, i.e.
the application of the (1 —t*) operator, then the plots of the four annual observations of
quarters should drift apart as the quarterly processes would not be stationary around a
particular (seasonal) mean. Two special cases of drifts should be mentioned: when the
plots of certain seasons cross, i.e. summer becomes winter, there may be evidence of a
seasonal unit root. On the other hand, if the plots drift together toward a common mean,



then seasonal cointegration may be present.

Evidence on the pattern of seasonal changes and their relationship with the US busi-
ness cycle is presented in figure 1 where we plot the four quarters for six US aggregated
time series (GNP, Fix Investments (IFIX), Consumption of Durables (CDUR), MI, Em-
ployment (EMPL) and Final Sales (FINSALE)). All series but Finsale are in log first
difference.

In all six graphs there is visual evidence that seasonals tend to be sensitive to the
various stages of the business cycle. Naturally, these graphs are only suggestive. While
the lines representing quarters often cross, it appears that the crossing tends to occur most
often in recession periods. We should note though that these patterns may be due in part
to the construction of the shaded areas representing recessions. Since the NBER business
cycle chronology is monthly, some convention is required to translate a monthly series into
shadings on the graphs containing annual plots of quarterly data. The approach we use
is similar to that of Ghysels (1990b). The monthly NBER chronology is converted to a
quarter chronology by adopting a “majority rule”, i.e., ifat least two months of the quarter
are in an expansion (contraction), the quarter is classified as an expansion (contraction)
and an area on the graph is shaded if at least one quarter of the year is in a recession.
One drawback of this approach is that because growth rates slow down during recessions,
we should expect a convergence of the seasonal growth rates toward zero during these
episodes.

Concentrating on the evidence emerging from 1970 on, the plot of IFIX indicates
a tendency of the four quarterly time series to converge in recessions and to diverge in
expansions suggesting that for this variable seasonal and cyclical components interact
multiplicatively. CDUR also provides an example of the tendency of seasonals to follow
business cycle phases. In this case, however, there appears to be parallel movements of
the four quarters over the cycle: in expansions all quarters shifts up and in recessions all
quarters tend to shift down, suggesting the presence of a cyclical level effect. This pattern
also emerges to a lesser extent also in GNP and FINSALE where the first quarter (the
lowest time series in each plot) seems to move in the opposite direction of the other three
quarters over the cycle. In EMPL the pattern of changes is even more complicated. In
particular, while in the early period the behavior of the four time series roughly matches
the behavior of the four quarters of GNP, in the last 10 years a seasonal inversion tends
to appear.

The mo6t striking pattern however, emerges with the MI series which displays a
clear upward trend in the second quarter (the solid line in the plot) 3. Right after WWII
there was approximately a 3% decline in MI in the second quarter. Gradually this has
changed to a 3% increase. It should be noted that the gradual upward trend shows a sharp
dip in the second quarter of 1980, during the era of monetary policy changes in the US.
Figure 2 highlights these features by plotting the time series for each quarter separately
around its mean.

The presence of an upward trend in the first difference of M1 it rather puzzling from
an economic point of view. However, it may shed some light on a number of statistical re-
sults that have been found in the literature. It is typically believed that the first difference
of the seasonally adjusted M1 series is nonstationary. Sims (1972) in his seminal paper on
money, income and causality suggested using the (1 - .7U )2fi|ter to make the MI series

JTo a much lesser extent such a pattern is also visible in the first quarter of FINSALE.



stationary. Eichenbaum and Singleton (1986) and others have used a twice differenced
M1 series in their VARs. Stock and Watson (1989) performing a set of formal unit root
tests found no evidence in favour of a second difference filter but fitted a significant linear
trend to the first differenced data. Our plots indicate that the linear trend specification
seems most appropriate but it appears that the trending growth of M1 is entirely due to
its second quarter.

A final point concerns studies involving seasonally unadjusted M1. Recently Lee and
Siklos (1991) report test results suggesting that, besides a unit root at the zero frequency,
unadjusted MI has a unit root at the biannual frequency. They use this evidence to
question findings and arguments contained in Barsky and Miron (1989) which are based
on a seasonal dummy specification for univariate seasonally unadjusted series. Figure 2
seems to indicate that the biannual unit root may be spurious and a consequence of the
fact that the second quarter is trending.

Although for reasons of space we are constrained to present only the plots of six
macro time series, we found the patterns we present to be very typical of all the US
quarterly aggregate time series we examined4.

Based on these results, we conclude that there is compelling evidence of seasonal
instability. Unfortunately, various complicated patterns make it difficult to provide a
unified explanation for the phenomena. We noted examples of quarterly time series con-
verging, crossing, approaching zero and then moving away from it and in one case slightly
diverging. However, and more importantly for this paper, there is evidence that stages of
the business cycle have something to do with this instability. Roughly speaking we find
that quarters tend either to move together or in the opposite direction in expansions and
recessions. A striking exception is MI, where the second quarter shows a clear upward
trend.

Next we attempt to formally quantify these visual exercises using Generalized Pre-
dictive Tests (GPT) for structural stability (see Dufour, Ghysels and Hall (1991)). The
task is to examine whether there is an overall tendency for structural instability to appear
at particular points of the business cycle.

3 Regression Models and Tests

Consider the following linear regression equation:

S v
= E<M; + E<uir,_j+t5 teT (3.1)
r=1 j=1

where T is a subset of the integers Z. It is assumed that the random disturbances
{rit, teT] are independent or represent a martingale difference sequence. The d’ process
is a standard seasonal dummy process and <, s = 1,...,S are the seasonal mean shifts,
assumed to be invariant through time. The tests will be performed on single equations,
like (3.1), on a vector of seasons within a particular year and on vectors containing in-
novations of a particular season over a number of years (matching the quarterly graphs

4Plots with other 19 quarterly time series are available on request.



which appeared in the previous section). For convenience define the residual process as:

S P
VE=/(2t,0) =xt-J 2<d - 53 aixt-i (32)

=i =i

where 0= (0i,..., 4>,ai,... Op).

The problem of whether seasonal patterns are time varying is closely related to
the question of structural stability. Testing the structural invariance of a model has been
considered in many research papers and has a long history. Most of the existing results are
derived for the case of a linear regression equation where the null of structural invariance
is tested against the alternative that there is a single breakpoint with known or unknown
location. Such tests are either (1) Wald, likelihood ratio or Lagrange multiplier tests (see
e.g. Andrews and Fair (1988)), (2) predictive out-of-sample tests (see Ghysels and Hall
(1990a,b) or Huffman and Pagan (1989)) or (3) recursive CUSUM-type tests (see Brown,
Durbin and Evans (1975) and Ploberger et. al. (1989)). The requirement that there
is only one structural break under the alternative however is not suited for the context
we are dealing with. Another possibility often encountered in the analysis of structural
stability is that the parameters of the model drift under the alternative (for instance,
they behave like a random walk). In many of the suggested formal statistical tests for
the stability of seasonal patterns, like Franzini and Harvey (1983), Canova and Hansen
(1991) and Sutradhar, MacNeill and Dagum (1991), the null of stability is tested against
the alternative of drifting seasonals. It is clear that such an alternative is not very well
suited either when one wants to analyze changes in seasonal patterns which are recurrent
and of quasi-periodic nature.

The question of testing for cyclicality of seasonal patterns is more complicated than
in standard problems because, if seasonals truly change with the stages of the business
cycle, there is not a once and overall mean shift but instead we are faced with recurrent
shifts at unknown dates.

To address this question we adopt the approach recently developed by Dufour, Ghy-
sels and Hall (1991), referred to as Generalized Predictive Tests (GPT). The procedure
is analogous to Chow’s predictive test (see Chow (1960)) yet it is applicable in the linear
regression without the requirement of i.i.d. Gaussian errors and in general multi-equation
nonlinear dynamic models. It can be viewed as an extension of the exploratory technique
studied in Dufour (1980, 1982) for the case of linear regressions and of the predictive
structural stability tests for general nonlinear models, derived in Ghysels and Hall (1990a).
Generalized predictive tests in their standard form are not directly applicable to testing
changes in seasonal patterns without some reinterpretation and modifications. Yet, the
testing strategy comes the closest to taking a formal statistical look at the problem with-
out a priori imposing the NBER business cycle chronology, as done in Ghysels (1990),
a general random walk alternative for parameter variation, as in Canova and Hansen
(1991), or a Markovian (periodic) stochastic regime switching structure, as in Ghysels
(1991b). Generalized predictive tests are useful in our context, because they are not de-
signed against a two-regime alternative nor a random walk alternative, but instead allow
for an exploratory analysis of patterns of structural changes that might occur, in the same
spirit as the informal graphical method we used in the previous section. We summarize
the basic features of the procedure in section 3.1.In section 3.2 we discuss the potential
problems and discuss the modifications needed for our analysis.



3.1 Generalized Predictive Tests — A Brief Review

Generalized predictive tests are applicable when the parameters of the model are stable
during a given (relatively large) estimation subperiod and the form and timing of possible
structural change(s) during the second (prediction) subperiod are left unspecified. The
procedure has several attractive features:

« the tests are based on out-of-sample predicted residuals.
« the prediction subsample considered can be arbitrarily small (e.g., one observation).

» one needs to estimate the coefficient vector Ofrom one sample only (the estimation
period).

« For the test to apply is only necessary that the first subperiod parameter estimate 0
is consistent. It need not be asymptotically normal, it may, in principle, converge at
any rate to the true Ovector and its asymptotic covariance matrix is not necessary
to perform the tests.

« Very general forms of temporal dependence between model disturbances are allowed.

Suppose that T = {-t\ + 1..... 0,1..... fj} and the sample period T is split into
two parts @ T\ = {-ti + 1...... 0} and Tj = {l,...,fj}. The first sample is assumed to
be large to allow the estimation of the model with asymptotic distribution theory being a
reasonable approximation for the sampling distribution. However, the second sample need
not be large. Further, we suppose that the model is stable over the first period T\, while
it is not necessarily stable over the second period Tj. Our task is to detect the presence
of structural changes during this second period. In particular, we would like to analyze
the timing and form of possible shifts over the latter period.

The null hypothesis is defined as
Ro :£(/[*«,ft]) =0VteT (3.3)
while the alternatives considered are subsets of the general alternative

Hi : E(f\xt,ft]) = 0 Vte Ti and E(f[zt,ft]) # O for some t £ 7] (3.4)

A natural way of testing structural constancy consists of estimating the model from
the first sample and then checking whether the estimated disturbances from the second
sample, i.e. the “predicted residuals”, are “large”. More precisely, if ft, is an estimator
of 0 obtained from sample T\, we check whether the predicted residuals

3tCr,)s/[*,fti) ,te T 3 35)

are statistically “large”. Under general regularity conditions discussed in Dufour, Ghysels
and Hall (1991, section 3), 7),(7)) and rjt have the same asymptotic distribution as T\ -> 0o
provided pfimri—eoft’, = ft-

Two types of predictive tests have been suggested. One examines individual values
of tjt(Ti), t e T i, for evidence of structural instability: these tests are called individual or
sequential predictive tests (SPT). The other examines several or all the values of rjt(Ti),



(‘e Tj, stacked into vectors for evidence of instability: these tests are referred to as joint
predictive tests (JPT). By looking at individual elements of f)i(Ti), we can assess which
time periods exhibit discrepancies, while by stacking quarters or months into a vector we
can construct a joint test for structural stability over an entire year. Finally, by taking
a particular month or quarter over several years we will be able to study its evolutionary
pattern over time. Individual predictive test statistics are:

*T)=ISy teTi (36)
where cr(Ti) is the estimated variance of the residuals using the first sample. Under
appropriate regularity conditions, the asymptotic distribution (as T\ —>00) of i't(T'"i) is
identical to the distribution of vt = ~ where a is the standard error of the rj, process.

The joint predictive test statistics we consider are:
#(710) = () [AV(TDY]-(TI) r =

1
N

....... m\ (3.7a)

fI¥(r,) = ~(TO'IAATOJ-"ti*r,) r = L. mj (3.76)
where u"(Ti) is a vector of predicted residuals collecting all quarterly (or monthly) resid-
uals from a particular year in the second subsample Ti and mjj is the number of years in
the second subsample. Likewise u*(Ti) is a vector collecting all predicted residuals from
a particular season over the entire subsample Ti so that mj equals either 4 or 12. The
covariance matrices Ay(Ti) = diag(<r(7\)) and A,(T|) = diag(6(Ti)), with the number
of elements equal to my and mj are consistent estimators of the covariance matrices of
the Uy and u, obtained in the first subsample, i.e. as 7) —*o00, A,(77) -» «*/ and
A,(Xi) —=*<*/ 5.

Deciding whether qt(Xi) is “large” requires being able to determine the (uncon-
ditional) distribution of ifc. In deriving these test statistics, Dufour, Ghysels and Hall
observe that distributional assumptions about model disturbances it play a vital role even
asymptotically.

A testing strategy which only requires very weak distributional assumptions consists
of using Markov inequalities. Simplicity and generality are the major advantages of this
approach. Under suitable regularity conditions we can construct an upper bound on the
p-values of rjt(jTi) as:

alaf, -i _ *il IW r . Y

Hence, sample T\ is used to estimate the r?* moment required to calculate the upper
bounds on the p-values in the second sample Tj. Although the choice of r is arbitrary, we
will focus on second moments, i.e. r = 2. The principle of constructing upper bounds on
the p-values for realizations of {1(, t e Th} can be extended to O’, j = s,y as discussed
in detail in Dufour, Ghysels and Hall (1991). The upper bound for the p-values in these
cases is given by:

(Mj)- sES,|%(r,)r
14 (T )Ir

5The implicit restriction in this formulation is that is homoskedastic. When the process
is a martingale difference this assumption can be easily relaxed (see Dufour, Ghysels and Hall
(1991)) and GPT still be applied.

teTi,r=1,...,m (3.12)



where j = a,]/, m} is the number of years in Tt and mj is the number of seasonsé.

3.2 Unit Roots at Seasonal Frequencies, Stochastic Switching and G pt

In this paper GPT will be applied to a context which slightly deviates from the setup for
which they were originally developed. Consequently, one needs to be aware of two potential
problems that arise in our framework and may invalidate inference: the possibility that
the data generating process (DGP) has unit roots at frequencies other than the zero one
(in particular, at seasonal frequencies) and the possibility that stochastic switching in the
(DGP) appears within the estimation sample.

As most of the data we use is first differenced, we may rule out the presence of unit
roots at the zero frequency but, as part of the univariate characterization of seasonality,
one might expect the possibility that unit roots appear at some or all seasonal frequencies.
Evidence on this issue is overall mixed when one uses the formal statistical apparatus of
Hylleberg, Engle, Granger and Yoo (1990) (HEGY), which, according to the simulation
results reported in Ghysels, Lee and Noh (1991), compares mo6t favorably in terms of
finite sample size and power among a set of alternative procedures. Indeed, the empirical
evidence concerning GNP for several countries (reported in Hylleberg, Jorgensen and
Sorensen (1991)) and other quarterly data (presented in Beaulieu and Miron (1992) and
Ghysels, Lee and Siklos (1992)) indicate that for some series unit root tests do not reject
the null hypothesis at some seasonal frequencies. The latter two papers are particularly
relevant here as they examine some of the same data used in this paper.

The presence of unit roots at some or all of the seasonal frequencies does not create
particular problems here. To apply Generalized Predictive Tests we only need to estimate
the vector Q which includes the seasonal dummies and the polynomial lagged coefficients,
consistently. No mention is made of the rate of convergence of the estimator may be
slower or faster than the usual root-T. Moreover, the asymptotic distribution of 0 does
not necessarily have to be known since only consistency of first sample estimators is re-
quired to apply the test. If unit roots are thought to be present at some of the seasonal
frequencies the polynomial a(t) must include, at least, enough lags to encompass all of
the HEGY -type transformations which would remove such roots. This means that in the
quarterly (monthly) case at least three (eleven) lags should be included. The a(l) poly-
nomial is included in (3.1) to prewhiten the residuals and to ensure that they behave like
an uncorrelated sequence. If prewhitening does not take place (as in Ghysels (1990)) the
error process need not be any longer an uncorrelated process (or a martingale difference).
In that case one has to assume that unit roots at seasonal frequencies are not present to
guarantee standard asymptotic results (see e.g. Gallant and White (1988)).

In addition to the issue of unit roots at seasonal frequencies, there is a second
potential source of misleading inference regarding instability. The tests described in the
previous section are readily applicable if seasonals were stable over the sample T\ and then,
due to institutional changes or other factors not necessarily known to the econometrician,*

*It is also possible to perform tests under the assumption the q’s are jointly normally distributed
and Dufour, Ghysels and Hall describe in detail this type of tests. While the assumption of
normality may be appropriate, we prefer to present robust results based on Markov inequalities,
since they require very weak assumptions. Obviously, if the normality assumption is correct, tests
conducted under the normal distribution will be more appropriate as they will be more powerful
and the size properties would not be conservative under the null.



would show patterns of permanent or transitory changes. The complication, however, may
arise when seasonals are unstable throughout the sample not just on T2. This is certainly
the case when seasonal instability is linked to business cycle fluctuations. Hence the
parameters obtained from Tj are essentially drawn from an unstable sample. While this
is a matter of concern, it is not necessarily fatal and does not prevent us from applying
and properly interpreting the test results. An example may clarify this point. Let us
assume that the true model is one where seasonal patterns are subject to cyclical changes.
For simplicity we focus on one of the four seasonal mean shifts. To describe business
cycle variations, we assume there are two states, one being a recession and the other
an expansion (as in Hamilton (1989)). Furthermore, let the steady state probability of
recession be Aand the mean of the quarter during this regime be xi. Expansions have
steady state probability of 1- Aand the mean of the quarter in this state is xj > Xi.
In such a situation, for T\ sufficiently large, the estimate of the mean of the quarter is
13 = Aii + (1 - A)i2 which, by construction, is bounded below by X\ and above by X2.
When it comes to testing the hypothesis of stability with data from the second sample
and we are in an expansion (recession), we draw observations from a sample with mean
X2 (ii) and compare them with observations from a sample whose estimated mean is 13.
It is fairly clear that, under these conditions, we should expect to reject the hypothesis of
stability as the observations from the second sample will have low p-values when compared
with the estimated distribution from the first sample.

In what follows, we will not use generalized predictive tests in their most general
form. In particular, we choose the estimation sample Ti, to be equal to 75% of the
entire data set, while the prediction sample T2 represents the remaining 25%. Although
this choice is arbitrary, it avoids possible data mining connected with the choice of the
ending date of the estimation period. Evidence of stability of first sample estimates will
be examined in detail for each of the data sets we examine.

4 Empirical Results

4.1 The Data

We apply GPT to three data sets. The first one was originally examined by Barsky and
Miron (1989) in their study of the relationship between seasonal and cyclical fluctuations.
The data set includes 25 variables which cover practically all the major nonseasonally ad-
justed US macroeconomic variables (total fixed investment, fixed residential investments,
fix nonresidential investments, fixed non residential structures, fixed non residential pro-
ducer durables, total consumption, consumption of durables, consumption of nondurables,
consumption of services, federal government expenditure, import and exports, final busi-
ness sales, changes in business inventories, CPI, 1 month T-bill rates, M1, Unemployment,
labor force, employment, monetary base, money multiplier, hours and wage rates). The
original sources are described in the appendix of the Barsky and Miron paper. The sample
covers data from 1946,1 to 1985,4 except for MI (starting date 1947,1), for unemployment
and labor force (starting date 1948,1), employment (starting date 1951,1), the monetary
base and the money multiplier (starting date 1959,1) and hours and wage (starting date
1964,1). For all series but hours and wage T\ ends in 1974,1. For hours and wage T\ ends
in 1977,1.



The second data set includes six monthly historical time series. They are: an index
of aggregate industrial production for the period 1884,1-1939,12 (IP), an index of pigiron
production (PIGIRON), two financial time series: the call money rate (CALLMONY)
and a stock market index (STOPRICE), an index of wholesale prices (WPI) and a high
powered money (MONEY) series. These last five series cover the years 1890,1-1936,12.
The first series was reconstructed by Miron and Romer (1990), the next three series are
obtained from Macaulay (1938), the WPI index from the Bureau of Labor statistics and
the MI series was reconstructed by Canova (1991) using Treasury Bulletins and other
publications.

The call money rate is the renewal rate at the desk of the New York Stock Exchange
and refers to loans made for indefinite period of time but callable with 24 hours notice and
requiring a collateral to the bank issuing the loan. The stock market index refers to the
index number of the price of railroad stocks weighted by the number of shares outstanding
at the beginning of the period. The high powered money series includes gold coins and
certificates, silver dollars and certificates, Treasury and US notes, subsidiary silver outside
the Treasury and, after 1914, Federal Reserve Notes. For all series in this data set T\ ends
in 1926,1.

The third data set is the same one used by Beaulieu and Miron (1991) and con-
tains monthly data for two digit manufacturing industries. It includes data on outputs
(Y4), shipments (SH), wholesale price indices (PR), weekly hours of production work-
ers (HOURS) and total employment of production workers (EMPL). Y4 is composed of
shipments plus the change in inventories which include both finished goods and work in
progress. The data on shipments is collected by the Bureau of Economic Analysis of the
Department of Commerce (BEA) and data on work in progress is collected by the Bureau
of Labor Statistics (BLS). The hours and employment series are from the BLS Establishe-
ment’s Survey. Finally, the wholesale price index is from BLS. One should note that the
commodity classification of BLS differs from the commodity classification of BEA so that
there is no particular matching between price and Y4 categories7. Data on Y4 shipments
and prices are from 1967,1 to 1987,12. Data for employment and hours the 1947,1-1987,12
sample. Since presenting the results for the entire data is cumbersome and tedious (there
are more than 220 series in this disaggregated data set), we concentrate on the attributes of
three industries which appear to be particularly sensitive to business cycle conditions. Of
these three industries two of them are from the nondurable category: textile and petroleum
(BEA code numbers 22 and 29) and one from the durable category : machinery (BEA
code number 35). For all series in this data set T\ ends in 1980,1 except for HOURS and
EMPL where T\ ends in 1977,1.

Before discussing the results obtained with each data set we provide some evidence
on the appropriateness of the assumption that the model (3.1) is stable on T\. For this
purpose we computed recursive residuals for each series in each data set and performed
sequential Chow tests for the stability of the estimates in the first sample. The results,
not reported for reason of space but available on request, suggest that for the first data set

TThe (BEA) classification is as follows: 20=food, 21=tobacco, 22=textile, 23=apparel, 24=1um-
ber, 25=furniture, 26=Paper, 27=printing, 28=chemicals, 29=petroleum, 30=Rubber, 31=leather,
32=stone,clay,glass, 33=primary metal, 34=fabricated metal, 35=machinery, 36=electric machin-
ery, 37= transportation equipment, 38= Instrument, 39=others. The (BEA) classification oode also
provides a series for aggregated 2-digit durable industries, one for aggregated 2-digit nondurable
industries and a series for total aggregated 2-digit industries.
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the sample 47,1-74,1 is approximately stable and no evidence of strong departures from
the basic assumptions appear. The evidence for the second data set is less compelling.
Money, WPI and Pigiron production all display significant outliers around WW!|1 years
and the IP series displays an evident heteroskedastic behavior after 1916. However, with
a dummy accounting for WWI years much of these instabilities disappear. Finally, call
money rate residuals have significant outliers at times when financial crises occurred and
these effects are not easily accounted for with standard intervention techniques. The third
data set is again more supportive of the assumption of stable first sample. For many series
we found no evidence of structural change of any kind. The exceptions are the production
and shipments series in the textile industry whose residuals display increased volatility
after 1978 and hours and employment in the petroleum industry which show outliers in
1953 and 1969, respectively.

4.2 Post WWII US Quarterly Macro Variables

For many series in this data set there is a tendency for the p values of the Markov in-
equalities for SPT to go below the 5% mark during recessions. This tendency however
is not generalized. For example, all three labor series (Unemployment, Employment and
Labor Force) and the money multiplier series do not display any statistically significant
evidence of instabilities, even though the unemployment series display economically im-
portant spikes in the p-values during recessions (see figure 3). On the other hand, series
like Consumption of services, Imports and M1 tend to pass the 5% mark in expansions
as well as recessions. In addition, the effects of recessions on the seasonal patterns of the
series are not all alike. While during the 74-75 recession structural changes appear to
be minor (the only exceptions here are the three consumption series), a clear pattern of
instabilities appear in the last two recessions (79-81) and (81-83), with a strong concen-
tration of structural changes during the 81-83 contraction. The exception in this case is
éhe FINSALE series which seems to display instabilities only during the 79-81 recession

The joint annual tests (see table 1) confirm the results of the Stp and suggest (a)
the emergence of structural instabilities in the last two recession of the sample and (b)
a tendency toward long run drifts. Finally, the joint test for each season over the entire
sample strongly supports the idea that all the series but the T-bill rate, which does not
display any significant seasonal, and the unemployment rate in the fall are unstable.

4.3 Historical Monthly Time Series

When we consider a plot of SPT (see figure 4) all of the series of this data set behave
similarly but the evidence of instabilities is mixed. The IP and Pigiron series display
instabilities in 1927 and 1930, the CALLMONY rate in 1926-27 and 1934, while WPI
in 1928-1929 and 1933-34. All of these statistically significant changes appear to be
connected with the two recessions in the prediction sample. The results obtained with

*These features also emerge when we use normal probabilities and the effects are more pro-
nounced. In general the 5% mark is passed in both of the last two recessions for almost all series
(the exception here is the T-bill rate). Also to be noted are the behavior of the labor series,
which never reach the 5% limit, and of the wage series, Which seems to be unstable throughout the
sample.



STOPRICE and MONEY, which show instabilities in all the years between 1926 and 1933,
confirm the intuition that the great crash had a long lasting structural effect on these two
variables. However, all of series in this data set also display structural changes which
appear to be unrelated to either the great depression or the recessions in the prediction
sample.

The JPT are less supportive of the idea that any seasonal changes occurred in the
predictive sample (see table Il). The only joint yearly test which is significant is the one for
the stock price index while a marginal significance level obtains for IP. One interpretation
of this result is that although changes may have occurred within the sample, they tended
to average out throughout the year. This impression is confirmed by the monthly tests
which suggest that time variations in the seasonal patterns are concentrated, for most
series, in the late spring and in the early summer months.

4.4 Disaggregated Macro Data

The evidence emerging from the third data set is supportive of the idea that business cycle
fluctuations play a nontrivial effect on the pattern of seasonality of existing disaggregated
time series (see figure 5 and table 111). Except for the price level in the petroleum industry
and shipments in the machinery industry, we see that there is a tendency for the p-
values of the Markov inequalities of SPT for many series to pass the 5% bound exactly
in recessions. It is also worth emphasizing that, because of the relatively small sample
size available for production, shipment and prices (20 years), the 5% mark for Markov
inequalities is probably too demanding and one should look for tendencies more than for
direct violations of this bound.

Although insignificant from the statistical point of view, the evidence provided by
the employment series in all three industries is economically important. Figure 5 indicates
that time when seasonals appear to be varying is during recessions. One can think of many
explanations for this tendency. Given the existing rigidities in adjusting employment lev-
els, the most obvious one is that in recessions firms are willing to provide longer vacation
time for workers thereby altering the existing pattern of seasonality in employment. Inter-
estingly enough, this asymmetric pattern is not evident in productive hours. It is still true
that seasonals tend to vary over the cycle but seasonal changes are more symmetric over
the business cycle. Finally, one should note that seasonal changes in output and shipments
display almost identical behavior, with seasonal changes in shipments being only slightly
more cyclical.

The joint tests confirm these results. All series but employment in the petroleum
industry display both changes in their joint yearly pattern as well as changes in the pattern
over months in the sample. The employment series in the petroleum industry do display
instabilities when individual months are considered but these changes appear to average
out over the year.

5 The Costs of Treating Seasonality as Constant
The last section provided evidence suggesting that seasonals are unstable in the medium
run and perhaps related to business cycle fluctuations. To determine the costs a researcher

incurs by assuming a model in which seasonals are represented by time invariant seasonal
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dummies, when the actual data generating process for the seasonals varies with the stages
of the business cycle, we conduct a simple forecasting exercise. Ghysels, Lee and Siklos
(1992) examine the co6ts of incorrectly specifying the seasonal component of a series from
the point of view of the autocorrelation function of the data.

To determine the forecasting costs of a wrong model specification we construct a
statistic similar to the Theil-U. The denominator of the statistic is the Mean Square
Error (MSE) of a model whose seasonals are treated as constant over time (seasonal
dummy model). The numerator is either the MSE of a model where seasonal dummies are
allowed to change with the stages of the business cycle (as in Ghysels (1990)) or the MSE
of a model where the coefficients of the dummies are allowed to drift over time according
to a Litterman type prior (as in Canova (1992)). This statistic provides a useful measure
of the forecasting performance of alternative models, allows a rough calculation of the
gains obtained by taking into account the evidence we uncovered in previous sections and
has a very simple interpretation. If a value less than 1obtains, the model with changing
seasonals dominates a model with constant deterministic dummies and viceversa if a value
greater than 1obtains. The three model specifications we employ are given by (3.1), by :

p
+XWt + (5-1)
* J=1
and by:
p
Xt=YIl <8+ £ djtXt-j +»h (5.2)
a j=1
Pi = GPt-1 + “t (5-3)

where yisa dummy variable which isequal to 1if the economy is in an expansion according
to NBERchronology and 0 otherwise, 6's are seasonal dummies, O[ —[4>, . ..Qji), C
blockdiag(Gi,Gj), G\ =0\ */, Ga = I, ut = [uu,0],uu = diag[<r2] *9j. 6 and Ojare
hyperparameters which will be selected with a rough specification search a-la Litterman.
In all three specifications, p lags of Xt are included to prewhiten the residuals. In (5.1)
and (5.2)-(5.3) only the coefficients of the dummies are allowed to vary over time while
the AR coefficients are taken to be time invariant. This allows us to focus the attention
on changes over time in seasonality since the three models differ only in the treatment of
the seasonal component of the series. The basic constant seasonal dummy model (3.1) is
nested in the two above specifications by simply setting x =0, Vtin (5.1) and 91= 1and
02 = 0 in (5.2)-(5.3). In addition, by setting O\ = \ and 9i to a dummy variable which
takes a value different than one at business cycle turning point we can approximately
nest model (5.1) into model (5.2)—5.3). Therefore (5.2)—5.3) is the most general seasonal
specification we use.

To conduct forecasts in real time with model (5.1), we move business cycle turning
points in the forecasting sample 2 quarters forward. That is, if a recession started, say,
in the first quarter of 1980, agents using (5.1) as their forecasting model would not have
been able to use this information until the third quarter of 1980. To make the comparison
across models reasonable we therefore maintain this informational delay in our forecasting
exercise. For the model (5.2)-(5.3) and for all series we examined, we selected QL = 0.01
while, depending on the series, ranges from 0.80 to 1.03. Finally, p is set to 4 for
quarterly data and 12 with monthly data.
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The results of the forecasting exercise for selected series are presented in table 4.
We report results for a total of 18 series only (7 from the first data set, all of the second
data set and 5 from the third data set). It should be clear however, that the results
we present are very much representative of the patterns we obtained with the 251 series
included in all the three data sets 9. The estimation samples for the three data sets are
1951,1-1976,4 for aggregated quarterly series, 1880,1-1925,12 for historical monthly series
and 1947,1-1976,12 (or 1967,1-1979,12) for disaggregated monthly series. The forecasting
samples are 1977,1-1985,1; 1926,1-1936,12 and 1977,1 (1980,1)-1987,12, respectively. We
present results for 1, 4 and 9 steps ahead for quarterly data and 1, 4 and 13 steps ahead
for monthly data.

Table 4 indicates that there are some gains from modelling cyclical changes in sea-
sonality. The gains are not overwhelming with model (5.1). Although this may be due
to its extreme simplicity, it is comforting to see that, independent of the forecasting hori-
zon, the model outperforms on average a model with unchanged seasonals in more than
half of the cases examined. When we model changes in the seasonal patterns flexibly
with a Bayesian prior the evidence is much more supportive. The generic time varying
coefficients (TVC) model outperforms the basic dummy model for 6 of the 7 aggregated
quarterly macro data and for all disaggregated macro data. Although formal statements
are not possible because there is no analytical closed form expression for the asymptotic
standard error of the statistics we use, it is interesting to note that the TVC model out-
performs the dummy model for these two data sets on average over variables and steps
by about 10%. For historical data the TVC model and the dummy model appear to be
substantially equivalent with the only significant difference emerging for the call money
rate. This evidence seems to support the idea that changes in the seasonal patterns of
interest rates occurred throughout the 1880-1936 sample.

In conclusion, we find that there are gains to be made by modelling cyclical fluctua-
tions in seasonal patterns. Although more evidence should be collected before conclusions
can be generalized, the results suggest that the costs of taking a short cut approach to
account for seasonal fluctuations may be substantial.

6 Conclusions

This paper documents the existence of medium run changes in seasonal patterns quite
thoroughly for a large class of US time series, including aggregated historical series as well
as many of the mo6t commonly used quarterly and monthly aggregated and disaggregated
data. In documenting these changes we rely both on the simple graphical method recently
advocated by FYanses (1991) and on recent advances in the theory of structural stability
tests for dynamic single and multiple equation systems as proposed by Dufour, Ghysels
and Hall (1991).

We find that for the majority of the aggregate US time series examined seasonals vary
over time and, in some cases, these variations are linked to the stages of the business cycle.
The evidence for disaggregated data is less statistically significant but more compelling
from an economic point of view since changes appear to occur primarily in recession. We
demonstrated with a simple forecasting exercise that there are gains to be made by more
carefully modelling the seasonal components of the series. In particular, by allowing a

«For the interested reader results for the remaining series are available on request.
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flexible pattern of time variations in the seasonal dummies we find that the forecasting
performance of a model with constant seasonals can be improved (in MSE terms) by 10%
on average.

Our results have important implications for current applied macroeconomic practice.
Mo6t of the existing literature has neglected to take into account seasonal fluctuations,
by using either seasonally adjusted data in the analysis of macro issues or models which
implicitly abstract from seasonal components. The few studies who explicitely examine
the information contained in seasonal fluctuations assume that, for all purposes, they can
be captured with deterministic dummies (see e.g. Miron (1986) or Singleton (1988)).

Modelling seasonal fluctuations with dummies has gained widespread acceptance in
macroeconomics for four reasons. First, it is a simple procedure which can be mechan-
ically applied to any time series and easily reproduced, reducing judmental decisions on
the possible forms seasonality take. Second, for most series, seasonal dummies capture
a substantial portion of the existing seasonal fluctuations. Third, the procedure imple-
ments a traditional statistical view that the business and seasonal cycle are phenomena
to be studied separately. Finally, the application of dummies to seasonally unadjusted
series generates seasonal facts which correspond to economists’ prior notion of seasonal
fluctuations.

Despite its widespread use, this approach neglects two important facts. First, the
traditional separation of seasonal and business cycles is not an attribute of modem business
cycle theory which, in general, embody extensive cross frequency restrictions. Second,
some economic models (see Hansen and Sargent (1992)) do contain explicit information
about the interaction of seasonal and business cycles.

I1f one takes the point of view that it is desirable to characterize cyclical and seasonal
fluctuations in macro aggregates and wish to examine the validity of models using the
restrictions they imply on the interaction between the various components of the series,
our results suggest a number of conclusions.

First, cataloging business cycle facts with seasonally adjusted data is improper unless
the seasonal adjustement takes into account the particular form of interaction existing
among the components of the series (and this is seldom the case). Second, aggregate
macroeconomic models should explicitly examine not only seasonal fluctuations but also
the seasonal and cyclical interaction in order to provide a guideline to organize the facts
we have described in this paper. Third, the asymmetric behavior of seasonals over the
business cycle makes it clear that linear-quadratic models or models which are linear-
quadratic approximated around the steady state are incapable of capturing important
features of the data. Theoretical models with some form of threshold may be more useful
in characterizing the cyclical/seasonal properties of the data. Finally, the observation that
the sectorial monthly employment series display the most interesting economic variations
in seasonals while aggregate quarterly emplyment series do not, speaks against the use of
representative agent general equilibrium models. It also suggests that rigidities in sectorial
labor markets may have something to do with the presence of nonlinear effects in existing
macroeconomic time series.
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Table Il: Historical Data

P-values for Joint Markov Inqualities
Sample 1926,1-1939,12

1926
1927
1928
1929
1930
1931
1932
1933
1934
1935
1936
1937
1938
1939

January
February
March
April

May

June

July
August
September
October
November
December

Overall

Call Rate Money WP1 Stock Index Pigiron

1.00
1.00
1.00
1.00
0.53
1.00
0.52
1.00
1.00
1.00
1.00

0.12
0.05
1.00
0.39
0.07
0.03
0.11
0.81
1.00
0.13
1.00
1.00

0.05

1.00
0.88
0.64
0.62
0.66
0.49
0.46
0.72
0.06
1.00
1.00

0.00
0.01
0.00
0.00
0.03
1.00
0.01
0.05
0.00
0.02
0.05
0.07

0.00

0.43
1.00
1.00
1.00
1.00
0.94
1.00
1.00
0.49
0.73
1.00

1.00
0.51
0.31
0.07
0.08
0.13
0.11
1.00
0.65
0.36
1.00
0.16

0.02

0.15
0.12
0.13
0.04
0.00
0.02
0.01
0.03
0.02
0.08
0.13

0.00
0.09
0.00
0.00
0.02
0.03
0.19
0.00
0.00
0.00
0.00
0.00

0.00

1.00
0.10
1.00
1.00
1.00
0.77
1.00
1.00
0.67
0.72
1.00

0.02
0.02
1.00
1.00
0.32
0.03
0.80
0.00
0.03
1.00
0.09
0.11

0.01

IP
0.51
0.20
0.13
0.13
0.15
0.22
0.11
0.19
0.07
0.07
0.06
0.17
0.09
0.24

0.00
0.01
0.01
0.03
0.01
0.02
0.01
0.01
0.19
0.00
0.00
0.00

0.00

Notes: The year entry refers to the test for the joint be-
haviour of that year. The month entry refers to the
joint behavior of that month over all the years of the
sample. Overall referes to the joint test for all the
years in the sample.
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Variable/Step

GNP

IFIX
CDUR

Ml

EMPL
FINSALE
MONMULT

IP

CALL RATE
MONEY

WPI

STOCK INDEX
PIGIRON

Y435
SH35
PR35
EMP35
HOURS35

Notes: In the aggregate macro data GNP is gross national product, IFIX is fixed investments,
CDUR is consumption of durables, MI is money, EMPL is employment, FINSALE is
final sales, MONMULT is the money multiplier. In the historical macro data IP is the
Miron-Romer (1990) Index of Industrial Production, CALL RATE is the call money
rate, MONEY is a measure of money, WPI is the wholesale price index, STOCK
INDEX is a stock price index and PIGIRON is pigiron production. The disaggregate
macro data refer to industry 35 (Machinery) and Y4 is a measure of output, SH is a
measure of shipments, PR is the price of output, EMP is a measure of employment
and HOURS is a measure of production hours. “Interactive model” refers to a model
where seasonal dummies are interacted with a cyclical dummy. “Time Varying Model”
refers to a model where time variation in the dummies is modelled with a Bayesian

prior.

101
0.98
1.01
1.01
0.92
1.01
0.96

1.01
1.03
1.07
1.20
0.98
171

0.98
0.99
0.95
1.01
0.97

Table 1V: Forecasting Statistics

Modified U -statistic

Interactive Model

4

9 13

1

Aggregate Quarterly Macro Data

101
0.98
101
1.00
0.95
101
0.95

Historical Macro Data
Sample: 1926,1-1936,12

1.01
1.02
1.07
118
0.98
174

Disaggregated Macro Data

Sample 77,1-85,4
1.00
0.99
1.01
1.00
1.16
1.01
0.94

1.01
1.00
1.05
1.10
0.99
1.58

0.88
0.90
0.86
0.91
1.02
0.84
0.97

0.99
0.87
0.99
0.99
1.00
0.99

Sample: 1977,1(1980,1)-1987,12

0.98
0.99
0.91
101
0.97

0.98
1.00
0.73
1.01
0.96

22

0.79
0.70
0.90
0.99
0.99

Time Varying Model

4

0.88
0.90
0.86
0.91
0.86
0.85
0.98

0.99
0.87
1.00
0.99
1.00
0.99

0.79
0.70
0.91
0.99
1.00

9

0.92
0.94
0.93
0.97
101
0.92
1.00

13

0.99
0.86
0.98
0.99
1.00
0.99

0.90
0.83
0.92
0.99
0.98
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ANNUAL PLOTS OF QUARTERLY DATA

FIGURE 1
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AGGREGATED HISTORICAL MACRO SERIES,
INEQUALITIES

MARKOV

FIGURE 4
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DISAGGREGATED MACRO DATA,

FIGURE 5



‘Aoysoday yoleasay aynsu| Alsiaalun ueadolng ‘snwpe) uo ssaaoy uadQ ajqejieAy ‘0z0gz ul Alelqi] |N3 oyl Ag paonpoud uoisian pasyibiq
‘aniisu| Alsianiun ueadoing (s)ioyiny syl @



EUI
WORKING

PAPERS

EUI Working Papers are published and distributed by the
European University Institute, Florence

Copies can be obtained free of charge
- depending on the availability of stocks - from:

The Publications Officer
European University Institute
Badia Fiesolana
1-50016 San Domenico di Fiesole (FI)
Italy

Please use order form overleaf



Publications of the European University Institute

To The Publications Officer
European University Institute
Badia Fiesolana
1-50016 San Domenico di Fiesole (FI)
Italy

From NaAME. oo

O Please send me a complete list of EUI Working Papers

O Please send me a complete list of EUI book publications
O Please send me the EUI brochure Academic Year 1993/94
O Please send me the EUI Research Report

Please send me the following EUI Working Paper(s):

No, Author
Title:
No, Author
Title:
No, Author
Title:
No, Author
Title:

Date .,

Signature



Working Papers of the Department of Economics
Published since 1990

ECO No. 90/1

Tamer BASAR and Mark SALMON
Credibility and the Value of Information
Transmission in a Model of Monetary
Policy and Inflation

ECO No. 90/2

Horst UNGERER

The EMS - The First Ten Years
Policies - Developments - Evolution

ECO No. 90/3

PeterJ. HAMMOND

Interpersonal Comparisons of Utility:
Why and how they are and should be
made

ECO No. 90/4

Peter . HAMMOND

A Revelation Principle for (Boundedly)
Bayesian Rationalizable Strategies

ECO No. 90/5

Peter . HAMMOND

Independence of Irrelevant Interpersonal
Comparisons

ECO No. 90/6

Hal R. VARIAN

A Solution to the Problem of
Externalities and Public Goods when
Agents are Well-Informed

ECO No. 90/7
Hal R. VARIAN
Sequential Provision of Public Goods

ECO No. 90/8

T. BRIANZA, L. PHLIPS and J.F.
RICHARD

Futures Markets, Speculation and
Monopoly Pricing

ECO No. 90/9

Anthony B. ATKINSON/ John
MICKLEWRIGHT

Unemployment Compensation and
Labour Market Transition: A Critical
Review

ECO No. 90/10
Peter . HAMMOND
The Role of Information in Economics

ECO No. 90/11

Nicos M. CHRISTODOULAKIS
Debt Dynamics in a Small Open
Economy

ECO No. 90/12

Stephen C. SMITH

On the Economic Rationale for
Codetermination Law

ECO No. 90/13
Elettra AGUARDI
Learning by Doing and Market Structures

ECO No. 90/14
Peter . HAMMOND
Intertemporal Objectives

ECO No. 90/15

Andrew EVANS/Stephen MARTIN
Socially Acceptable Distortion of
Competition: EC Policy on State Aid

ECO No. 90/16
Stephen MARTIN
Fringe Size and Cartel Stability

ECO No. 90/17

John MICKLEWRIGHT

Why Do Less Than a Quarter of the
Unemployed in Britain Receive
Unemployment Insurance?

ECO No. 90/18

Mrudula A. PATEL

Optimal Life Cycle Saving With
Borrowing Constraints:

A Graphical Solution

ECO No. 90/19

Peter J. HAMMOND

Money Metric Measures of Individual
and Social Welfare Allowing for
Environmental Externalities

ECO No. 90/20

Louis PHLIPS/

Ronald M. HARSTAD
Oligopolistic Manipulation of Spot
Markets and the Timing of Futures
Market Speculation

W orking Paper out of print



ECO No. 90/21

Christian DUSTMANN

Earnings Adjustment of Temporary
Migrants

ECO No. 90/22

John MICKLEWRIGHT

The Reform of Unemployment
Compensation:

Choices for East and West

ECO No. 90/23

Joerg MAYER

U. S. Dollar and Deutschmark as
Reserve Assets

ECO No. 90/24

Sheila MARNIE

Labour Market Reform in the USSR:
Fact or Fiction?

ECO No. 90/25

Peter JENSEN/

Niels WESTERGARD-NIELSEN
Temporary Layoffs and the Duration of
Unemployment: An Empirical Analysis

ECO No. 90/26

Stephan L. KALB

Market-Led Approaches to European
Monetary Union in the Light of a Legal
Restrictions Theory of Money

ECO No. 90/27

Robert JWALDMANN

Implausible Results or Implausible Data?
Anomalies in the Construction of Value
Added Data and Implications for Esti-
mates of Price-Cost Markups

ECO No. 90/28
Stephen MARTIN
Periodic Model Changes in Oligopoly

ECO No. 90/29

Nicos CHRISTODOULAKIS/
Martin WEALE

Imperfect Competition in an Open
Economy

iU ife

ECO No. 91/30

Steve ALPERN/DennisJ. SNOWER
Unemployment Through ‘Learning From
Experience’

ECO No. 91/31

David M. PRESCOTT/Thanasis
STENGOS

Testing for Forecastible Nonlinear
Dependence in Weekly Gold Rates of
Return

ECO No. 91/32

PeterJ. HAMMOND

Harsanyi’s Utilitarian Theorem:

A Simpler Proof and Some Ethical
Connotations

ECO No. 91/33

Anthony B. ATKINSON/

John MICKLEWRIGHT

Economic Transformation in Eastern
Europe and the Distribution of Income*

ECO No. 91/34

Svend ALBAEK

On Nash and Stackelberg Equilibria
when Costs are Private Information

ECO No. 91/35

Stephen MARTIN

Private and Social Incentives
to Form R & D Joint Ventures

ECO No. 91/36
Louis PHUPS
Manipulation of Crude Qil Futures

ECO No. 91/37

Xavier CALSAMIGLIA/Alan KIRMAN
A Unique Informationally Efficient and
Decentralized Mechanism With Fan-
Outcomes

ECO No. 91/38

George S. ALOGOSKOUFIS/
Thanasis STENGOS

Testing for Nonlinear Dynamics in
Historical Unemployment Series

ECO No. 91/39

Peter . HAMMOND

The Moral Status of Profits and Other
Rewards:

A Perspective From Modem Welfare
Economics

Working Paper out of print



ECO No. 91/40

Vincent BROUSSEAU/Alan KIRMAN
The Dynamics of Learning in Mis-
Specified Models

ECO No. 91/41

Robert James WALDMANN

Assessing the Relative Sizes of Industry-
and Nation Specific Shocks to Output

ECO No. 91/42

Thorsten HENS/Alan KIRMAN/Louis
PHLIPS

Exchange Rates and Oligopoly

ECO No. 91/43

Peter . HAMMOND
Consequentialist Decision Theory and
Utilitarian Ethics

ECO No. 91/44

Stephen MARTIN

Endogenous Firm Efficiency in a Cournot
Principal-Agent Model

ECO No. 91/45

Svend ALBAEK

Upstream or Downstream Information
Sharing?

ECO No. 91/46

Thomas H. McCURDY/

Thanasis STENGOS

A Comparison of Risk-Premium
Forecasts Implied by Parametric Versus
Nonparametric Conditional Mean
Estimators

ECO No. 91/47

Christian DUSTMANN

Temporary Migration and the Investment
into Human Capital

ECO No. 91/48

Jean-Daniel GUIGOU

Should Bankruptcy Proceedings be
Initiated by a Mixed
Creditor/Shareholder?

ECO No. 91/49
Nick VRIEND
Market-Making and Decentralized Trade

ECO No. 91/50

Jeffrey L. COLES/Peter . HAMMOND
Walrasian Equilibrium without Survival:
Existence, Efficiency, and Remedial
Policy

ECO No. 91/51

Frank CRITCHLEY/Paul MARRIOTT/
Mark SALMON

Preferred Point Geometry and Statistical
Manifolds

ECO No. 91/52

Costanza TORRICELLI

The Influence of Futures on Spot Price
Volatility in a Model for a Storable
Commodity

ECO No. 91/53

Frank CRITCHLEY/Paul MARRIOTT/
Mark SALMON

Preferred Point Geometry and the Local
Differential Geometry of the Kullback-

Leibler Divergence

ECO No. 91/54

Peter MOLLGAARD/
Louis PHLIPS

Qil Futures and Strategic
Stocks at Sea

ECO No. 91/55

Christian DUSTMANN/

John MICKLEWRIGHT

Benefits, Incentives and Uncertainty

ECO No. 91/56

John MICKLEWRIGHT/

Gianna GIANNELLI

Why do Women Married to Unemployed
Men have Low Participation Rates?

ECO No. 91/57

John MICKLEWRIGHT

Income Support for the Unemployed in
Hungary

ECO No. 91/58
FabioCANOVA
Detrending and Business Cycle Facts

ECO No. 91/59
FabioCANOVA/

Jane MARRINAN

Reconciling the Term Structure of
Interest Rates with the Consumption
Based ICAP Model

ECO No. 91/60

John FINGLETON

Inventory Holdings by a Monopolist
Middleman

Working Paper out of print



E

ECO No. 92/61
SaraCONNOLLY/John
MICKLEWRIGHT/Stephen NICKELL
The Occupational Success of Young Men
Who Left School at Sixteen

ECO No. 92/62

Pier Luigi SACCO

Noise Traders Permanence in Stock
Markets: A Tatonnement Approach.

1: Informational Dynamics for the Two-
Dimensional Case

ECO No. 92/63
Robert . WALDMANN
Asymmetric Oligopolies

ECO No. 92/64

Robert J. WALDMANN /Stephen

C. SMITH

A Partial Solution to the Financial Risk
and Perverse Response Problems of
Labour-Managed Firms: Industry-
Average Performance Bonds

ECO No. 92/65

Agusdn MARAVALL/Vfetor GOMEZ
Signal Extraction in ARIMA Time Series
Program SEATS

ECO No. 92/66

Luigi BR1GHI

A Note on the Demand Theory of the
Weak Axioms

ECO No. 92/67

Nikolabs GEORGANTZIS

The Effect of Mergers on Potential
Competition under Economies or
Diseconomies of Joint Production

ECO No. 92/68

RobertJ. WALDMANN/

J. Bradford DE LONG

Interpreting Procyclical Productivity:
Evidence from a Cross-Nation Cross-
Industry Panel

ECO No. 92/69

Christian DUSTMANN/John
MICKLEWRJIGHT

Means-Tested Unemployment Benefit
and Family Labour Supply: A Dynamic
Analysis

ECO No. 92/70

Fabio CANOVA/Bruce E. HANSEN
Are Seasonal Patterns Constant Over 'y
Time? A Test for Seasonal Stability

ECO No. 92/71

Alessandra PELLONI

Long-Run Consequences of Finite
Exchange Rate Bubbles

ECO No. 92/72

Jane MARRINAN

The Effects of Government Spending on
Saving and Investment in an Open
Economy

ECO No. 92/73
Fabio CANOVA and Jane MARRINAN
Profits, Risk and Uncertainty in Foreign
Exchange Markets

ECO No. 92/74

Louis PHLIPS

Basing Point Pricing, Competition and
Market Integration

ECO No. 92/75

Stephen MARTIN

Economic Efficiency and Concentration:
Are Mergers a Fitting Response?

ECO No. 92/76

Luisa ZANCHI

The Inter-Industry Wage Structure:
Empirical Evidence for Germany and a
Comparison With the U.S. and Sweden

ECO NO. 92/77

Agustin MARAVALL

Stochastic Linear Trends: Models and
Estimators

ECO No. 92/78

Fabio CANOVA

Three Tests for the Existence of Cycles
in Time Series

ECO No. 92/79

Peter . HAMMOND/Jaime SEMPERE
Limits to the Potential Gains from Market
Integration and Other Supply-Side
Policies

Working Paper out of print



ECO No. 92/80

Victor G6MEZ and Agustfn
MARAVALL

Estimation, Prediction and Interpolation
for Nonstationary Series with the
Kalman Filter

ECO No. 92/81

Victor GEMEZ and Agustfn
MARAVALL

Time Series Regression with ARIMA
Noise and Missing Observations
Program TRAM

ECO No. 92/82

J. Bradford DE LONG/ Marco BECHT
“Excess Volatility” and the German
Stock Market, 1876-1990

ECO No. 92/83

Alan KIRMAN/Louis PHL1PS
Exchange Rate Pass-Through and Market
Structure

ECO No. 92/84
Christian DUSTMANN
Migration, Savings and Uncertainty

ECO No. 92/85

J. Bradford DE LONG

Productivity Growth and Machinery
Investment: A Long-Run Look, 1870-
1980

ECO NO. 92/86

Robert B. BARSKY and J. Bradford
DELONG

Why Does the Stock Market Fluctuate?

ECO No. 92/87

Anthony B. ATKINSON/John
MICKLEWRIGHT

The Distribution of Income in Eastern
Europe

ECO No0.92/88

Agustfn MARAVALL/Alexandre
MATHIS

Encompassing Unvariate Models in
Multivariate Time Series: A Case Study

ECO No. 92/89
Peter . HAMMOND
Aspects of Rationalizable Behaviour

ECO 92/90
Alan P. KIRMAN/Robert
J. WALDMANN

1 Quit

ECO No. 92/91

Tilman EHRBECK

Rejecting Rational Expectations in Panel
Data: Some New Evidence

ECO No. 92/92

Djordje Suvakovic OLGIN
Simulating Codetermination in a
Cooperative Economy

ECO No. 92/93
Djordje Suvakovic OLGIN
On Rational Wage Maximisers

ECO No. 92/94

Christian DUSTMANN

Do We Stay or Not? Return Intentions of
Temporary Migrants

ECO No. 92/95

Djordje Suvakovic OLGIN

A Case for a Well-Defined Negative
Marxian Exploitation

ECO No. 92/96

Sarah J. JARVIS/John
MICKLEWRIGHT

The Targeting of Family Allowance in
Hungary

ECO No. 92/97

Agustfn MARAVALL/Daniel PENA
Missing Observations and Additive
Oudiers in Time Series Models

ECO No. 92/98

Marco BECHT

Theory and Estimation of Individual and
Social Welfare Measures: A Critical
Survey

ECO No. 92/99

Louis PHLIPS and Ireneo Miguel
MORAS

The AKZO Decision: A Case of
Predatory Pricing?

ECO No. 92/100

Stephen MARTIN

Oligopoly Limit Pricing With Firm-
Specific Cost Uncertainty

Working Paper outof print



‘Aoysoday yoleasay aynysul Alsianiun ueadolng ‘snwpe) uo ssadoy uadQ ajgejieAy ‘0z0gz ul Alelqi] |N3 8yl Ag paonpoud uoisian pasyibiq
"a1nysu| Alisiaaiun ueadouny (s)Joyiny ayl ©

W orking Paper out of print

Changes in Seasonal Patterns: Are They

Fabio CANOVA/Eric GHYSELS
Cyclical?

ECO No. 92/101



‘Aioysoday yoseasay aynyisu| Alisianiun ueadolng ‘snwpe) uo ssa29y uadQ a|ge|ieAy "0z0z Ul Aeiqi |N3 @yl Ag paonpoud uoisian pasnibiq
‘a1njsu| Aysiaaiun ueadoun3 “(s)loyiny ayl ©



‘Aioysoday yoseasay aynyisu| Alisianiun ueadolng ‘snwpe) uo ssa29y uadQ a|ge|ieAy "0z0z Ul Aeiqi |N3 @yl Ag paonpoud uoisian pasnibiq
‘a1njsu| Aysiaaiun ueadoun3 “(s)loyiny ayl ©





