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In a classic article, Granger (Econometrica 34, 1966) asserted that most economic
time series measured in level have spectra that exhibit a smooth declining shape with
considerable power at very low frequencies. There has been no systematic attempt to
examine Granger’s assertion with international data. Output level spectra are
estimated for 58 countries, divided into developed, high-income developing, and lowincome developing groups. The shapes of the estimated spectra are found to be
strikingly similar to Granger’s typical shape, particularly for the developed countries.

I. INTRODUCTION
Spectral methods are used increasingly to uncover the
characteristics of economic time series. In particular, the
shape of spectra has important implications for economic
theory and model building. In a pioneering work in this
area, Granger (1966) identifies, what he terms, ‘the typical
spectral shape’ for economic series measured in level.
Accordingly, the spectral mass is concentrated mostly at
low frequencies, declining exponentially and smoothly as
the frequency increases. Stating these characteristics more
formally, he offers the following law:
The long-term ﬂuctuations in economic variables, if decomposed into frequency components, are such that the amplitude of the
components decrease smoothly with decreasing
period. (Granger, 1996, p. 155)
Granger emphasizes that any peak of the spectrum of level
series is at a very low frequency, and that the spectrum
does not include peaks of decreasing size corresponding to
cycles of diﬀerent lengths. The spectral shape also exhibits
robustness as Granger argues:
Moreover, the same basic shape is found regardless of the length of data available, the size of
the truncation point used in the estimation

procedure, or the trend removal method used.
(Granger, 1996, p. 154)
Granger bases his assertion on sporadic evidence on few
economic series reported earlier. To the best of our
knowledge there has been no attempt to examine
Granger’s assertion using international data. The spectra
of output level series is examined for 58 countries, separated
into developed (OECD), high-income developing, and lowincome developing groups. Given that an important
objective of economic policy is to smooth out cyclical
fluctuations in the output level without affecting the output
trend, it is interesting to see if the power spectra suggest a
successful accomplishment of this policy objective. The
typical shape is consistent with such a scenario. It is found
that, with few exceptions, the spectra of level series exhibit
the typical shape that Granger identifies. The similarity is
particularly remarkable for the developed countries.
In the remaining sections, the econometric method is
discussed, the empirical findings on the spectral shape of
the level series are presented, and some implications
discussed briefly.
I I . E C O N O M E TR I C M E T H O D
Spectral analysis provides a powerful tool for studying the
behavior of economic time series. (See, e.g., Granger and
Hatanaka (1964), Priestly (1981), Granger and Watson
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(1984), Koopmans (1995), Baxter and King (1995), and
King and Watson (1996).) Unlike the standard time
domain analysis, which implicitly assigns all frequencies
equal weight, or restricts the analysis to a limited set of
frequencies, the spectral analysis is conducted on a
frequency-by-frequency basis, using the entire frequency
range 0 to . For univariate series, the method identifies
how much of the series total variance is determined by each
periodic (frequency) component.
More specifically, the spectrum of a series yt is defined
as the Fourier transform of its autocovariance
function
R
1 1
ik!
(), and is given by fy ð!Þ ¼ 2
ðkÞe
dk
with
1
  !  , where the frequency ! is measured in cycles
per period (in radians). Since fy(!) is symmetric about
! ¼ 0 it is customary to limit the analysis to the frequency
interval 0  !  . The spectrum of a series decomposes its
total variation by the cycle-length of various periodic
components.
Following a common practice in macroeconomic applications of spectral analysis, we divide the frequency
interval into three segments: long-run frequency band,
business cycle frequency band, and short-run frequency
band. For example, Prescott (1986) defines business cycles
as three to eight year cycles. Similar cutoff points are used
by Granger and Hatanaka (1964), Lucas (1980), Summers
(1980), Zarnowitz (1992), Levy (1994), Levy and Chen
(1994), Carpenter and Levy (1998), Levy (2000), and
Dezhbakhsh and Levy (2003). Accordingly, the cut-off
points that we choose are 0  !  0:785 for the long-run
(LR) frequency band, 0:785  !  2:09 for the business
cycle (BC) frequency band, and 2:09  !   for the shortrun (SR) frequency band. Since we use annual data, these
frequency intervals correspond to cycles that are longer
than eight years, three to eight years, and shorter than
three years, respectively.
An additional feature usually emphasized in spectral
analysis is the presence of peaks in the spectrum, which
indicate that periodicities are present in the time series. The
exact location of the peak in the (0, ) range identifies the
cyclical component with the most substantial contribution
to the series variation. For example, a spectral peak in the
business cycle frequency range 0:785  !  2:09, suggest
that business cycles contribute to much of the series
variations.
A consistent estimate of the spectrum can be obtained
from the smoothed estimate of the periodogram of the time
series. The smoothing, which is done to achieve consistency
of the spectrum estimate, is accomplished by taking
weighted integral of the periodogram’s ordinates. Several
weight structures, also called lag windows, have been
proposed in the literature. The main difference between
them is in the way they generate the weights. The
periodograms estimates are smoothed using three lag
windows (Bartlett’s, Tukey’s, and Parzen’s). They all
yield very similar results; therefore, the estimates are
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reported using Bartlett’s window, which assigns linearly
decreasing weights to the autocovariances in the neighbourhood of the frequencies considered and zero weight
thereafter. Accordingly, f(!j) is estimated where !j ¼ j/m
and j ¼ 0, 1, 2, . . ., m.
The number of ordinates, m, is set
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
using the rule m ¼ 2 sample size, as suggested by Chatfield
(1989, p. 115).
To obtain the variance of the estimated spectra, and thus
the corresponding confidence intervals, the study uses the
fact that the estimate of the spectrum at frequency !, f^ð!Þ
is approximately distributed as a 2 variate, where
 ¼ 3(sample size)/m (Fuller, 1976, p. 296).

III. DATA, RESULTS, AND IMPLICATIONS
Our data source is the International Financial Statistics
tape of the IMF. The annual data set covers 58 countries
over the period 1950–94. It was chosen to work with
annual data so as to cover the same time period for all
countries, thereby facilitating a cross-country comparison
of the results; as emphasized by Campbell and Mankiw
(1989), quarterly data covering the same time span are not
available for many countries. A drawback of annual data is
having fewer observations, which results in larger standard
errors of the estimated spectra. This, however, is quite
common in the literature. For example, King and Watson’s
(1996) and Cochrane’s (1988) estimates of spectra have
large standard errors. Campbell and Mankiw (1989) also
report shock persistence estimates that have substantial
imprecision.
The sample includes 23 developed, 17 high-income, and
18 low-income developing countries. To categorize countries into these three groups, they are ranked based on their
average real per capita income. The selection criterion for
the first two groups is whether a country is a member of the
OECD or not. As it turns out, there is a substantial income
gap between the poorest OECD member (Portugal) and the
richest member of the high-income group (Trinidad and
Tobago). Similarly, the developing countries are divided
into high- and low-income groups using the substantial
income gap between Guatemala and El Salvador as a
‘‘natural’’ break point.
Figures 1–3 display estimates of the spectra for output
series measured in level. Spectral plots for developed
countries are shown in Fig. 1 and similar plots for highand low-income developing countries are presented in
Figs 2 and 3, respectively. The corresponding 90%
confidence intervals computed were also computed using
the chi square approximation, as discussed in Section II.
While the inspection of the estimated spectra along
vertical grids reveals that confidence intervals are wider
than they appear, nevertheless a striking similarity is noted
between most countries’ output level spectra and the
typical spectral shape that Granger (1966) identifies.
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Fig. 1. Estimated spectral densities of output, Developed Countries. The horizontal axis measures the cycle-length in years. The dotted lines
form 95% confidence interval. LR ¼ Long Run, BC ¼ Business Cycle, and SR ¼ Short Run.
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Fig. 2. Estimated spectral densities of output, High-Income Developing Countries. The horizontal axis measures the cycle-length in years.
The dotted lines form 95% confidence interval. LR ¼ Long Run, BC ¼ Business Cycle, and SR ¼ Short Run.
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Fig. 3. Estimated spectral densities of output, Low-Income Developing Countries. The horizontal axis measures the cycle-length in years.
The dotted lines form 95 percent confidence interval. LR ¼ Long Run, BC ¼ Business Cycle, and SR ¼ Short Run.
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Specifically, the spectral mass of the series is concentrated
at low frequencies, declining smoothly as the frequency
increases. The similarity of the spectral plots for the
OECD countries (Fig. 1) makes it difficult to distinguish
among them. There are two important implications here.
First, the location of the peak in the long run frequency
band suggest that most of the variability in these countries
outputs is due to the long-run component. Such variations
are likely to have been caused by highly persistent shocks,
which are often viewed as supply shocks (see, e.g.,
Blanchard and Quah, 1989). Second, the smooth shape of
the estimated spectra for these countries and the relatively
insignificant mass in the business cycle and short-run
frequency bands suggest that short-term components
contribute little to output level variations in these
countries.
There is less conformity, however, among the developing
countries (Figs 2 and 3). For example, four of the highincome developing countries (Venezuela, Uruguay,
Mauritius, and Chile) and three of the low-income
developing countries (Guyana, Uganda, and Zaire) have
a spectral density that differs from Granger’s typical
shape.1 In six out of the seven cases, however, most of
the spectral mass is still concentrated around zerofrequency band, declining as the frequency increases.
Such inference does not hold true for Uganda, given the
reported confidence interval. Moreover, the spectral mass
for all seven countries is spread over a wider frequency
range and the spectrum height at zero frequency is
substantially lower in comparison to other countries.
Such spreading may be due to poor quality of data. Data
quality scores that Summers and Heston (1991) assign to
these countries are consistent with this hypothesis (see also
Dezhbakhsh, 2002). For example, Guyana, Mauritius,
Uganda, and Zaire have the lowest possible scores, D;
while Uruguay scores C and Venezuela and Chile C.
Alternatively, it is conceivable that short-term components
such as demand shocks (Blanchard and Quah, 1989) play a
more determining role in output fluctuations in developing
countries and they, therefore, account for a larger portion
of output level variations.
Thus, we find that the spectra of output level series for
many countries suggest that ‘. . . events which affect the
economy for a long period are more important than those
which affect it only for a short time’ (Granger, 1966, p.
155). Moreover, the scope of our finding suggests that these
characteristics may be a common feature of all economies.
Therefore, one way of testing the fit of a macroeconomic
1
Obviously, any statistical inference about similarity of two geometric
shapes must be made with caution, particularly when the maintained (null)
shape is verbally rather than mathematically defined. Only if the
maintained (null) shape was mathematically specified, a statistical
inference could be made using a distance measure such as KolmogorovSmirnov, which is commonly used to examine statistically the similarity
between an empirical distribution function and a maintained (null)
theoretical distribution.
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model is to check whether it generates output that has a
spectrum with a typical spectral shape.

IV. CONCLUSION
Granger (1966) identifies, what he terms ‘the typical
spectral shape’ for several US macroeconomic series
measured in level. We examine the frequency domain
properties of output level for 58 countries, separated into
developed, and high- and low-income developing groups.
We find that the output spectra for most countries indeed
follow closely the typical shape identified by Granger – it
has a smooth declining shape with considerable power at
very low frequencies. This suggests that output level
variations are primarily due to long run components and
shocks that are persistent.
The pattern is slightly different for some of the
developing countries where the power spectra are more
spread. One possible explanation is that for these countries
short-term components such as demand shocks account for
a larger portion of output level variations. Alternatively,
poor data quality can be the source of added noise that
inflates the power spectra at high frequencies.
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