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Appendix A: A simple and highly stylised illustrative example

This appendix provides a example to motivate the methodology for constructing time-
varying weights. Consider the following simple model:

yit ¼ aiut þ eit

where yit is country i’s IP growth rate, which can be decomposed into a piece based on the
common component ut and an idiosyncratic component eit. In vector form, the model is
written as:

Yt ¼ aUt þ et

where Yt, a and et are of dimension n · 1, and Ut is of dimension 1 · 1. Also, as in a
standard factor model, assume that Ut and et are independent. The variance covariance
matrix is given by

E ete
0
t

� �
¼ D ¼ dii;t

� �
where dii;t ¼ f ðyit�1Þ

that is, its elements are functions of lagged IP growth, which vary across equations. Now
consider the special case where a ¼ an n · 1 vector of ones and the variance of ut, denoted
r2

u , is constant. The least squares estimator of ut is then given by

ûut ¼
1

n

Xn

i¼1

yit :

This estimator is not optimal, however, due to the heteroscedasticity of et. In this case,
GLS is optimal and is equivalent to the LS estimation of ~yyit ¼ ~aaiut þ ~eeit where ~eeit is spherical,
~yyit ¼ yit=

ffiffiffiffiffiffiffi
dii;t
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and ~aai ¼ 1=
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dii;t

p
. Thus, ûut ¼

Pn
i¼1 wiyit ; where the weights are given by
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and TR(D) is the trace of the matrix D.
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Appendix B: Numerical evidence

A possible concern with our methodology is that, if a country were to be relatively more
sensitive to global shocks, its output could have higher volatility and our methodology would
assign a lower weight to that country (in the construction of the common component)
despite the fact that it could be more important for identifying the common component.
In this Appendix, we use some simulation experiments to address the possible empirical
importance of this issue.

Consider a two-country version of the simple model set out in Appendix A:

yit ¼ aiut þ eit 8i ¼ 1; 2

where yit is country i’s IP growth rate, which can be decomposed into a piece based on the
common component ut and an idiosyncratic component eit. The shocks ut, e1t and e2t are
assumed to be serially and mutually uncorrelated. Further, the two countries are assumed to
be of equal economic size.

In the baseline case, a1 ¼ a2 and var(e1t) ¼ var(e2t). Since var(y1t) ¼ var(y2t), it follows that
the average weights for the two countries are both equal to 50.0 (weights are normalised to
sum to 100). Now consider the case where a2 > a1 , implying that var(y2t) > var(y1t). Our
methodology would mechanically assign a lower average weight to country 2 since it has
more volatile output fluctuations, even though the additional volatility is attributable to
greater sensitivity to the common shock. The question that we address below is: empirically,
how important is this potential problem? To simplify the analysis, we focus below only on
average weights for each country.

Let a1 ¼ 1, a2 ¼ 3 and var(ut) ¼ var(e1t) ¼ var(e2t) ¼ 0.002. This is a rather extreme case
(as discussed below) since it assumes that the contribution of the common component to
each country’s output fluctuations is as large as (country 1) or three times larger than
(country 2) that of country-specific shocks. For country 1, this implies a level of uncondi-
tional volatility (standard deviation of about 0.06) near the median volatility for the coun-
tries in our sample (Table B1 shows standard deviations of IP growth for each country). For
country 2, the resulting volatility is just above the upper end of the range of observed
volatilities. With this parameterisation, the resulting average weights for the two countries
would be 69.1 and 30.9, respectively, suggesting a possibly significant ‘distortion’ relative to
equal weighting.

However, the common component (CC) typically has much lower relative volatility than in
this example. For instance, the standard deviation of the CC that we estimate is about half the
standard deviation of US output growth (the country with the lowest volatility), which also
implies that it is substantially less volatile than output fluctuations in other countries. Fur-
thermore, in the variance decompositions from the VARs discussed in Section 2.3 of the
printed paper, we note that, for most countries, the CC generally contributes at most 25–30%
of the forecast error variance of domestic output fluctuations.1

Based on these results, we now reparameterise the two-country example more realistically.
First, we change the variance of the CC such that var(ut) ¼ 0.3 var(e1t) ¼ 0.3 var(e2t) and
scale up the variances of the idiosyncratic shocks so that the variance of y1t is again 0.06.
Next, to make a more realistic assumption about the relative contribution of the CC to
output fluctuations, we set a1 ¼ 0.25 and a2 ¼ 3a1 ¼ 0.75. The average weights for the two
countries in the construction of the CC are then 51.6 and 48.4, respectively, suggesting only
a small distortion relative to the equal-weight benchmark.

1 Other studies using different techniques have also found that, notwithstanding the importance of
the common component, global factors still account for a much smaller fraction of output fluctuations
than country-specific factors and also have lower volatility; see, e.g., Stockman (1988), Gregory et al.
(1997).
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We also performed some simulations with a multi-country model with var(ut) ¼ 0.3
var(eit) and var(eit) the same for all i. We included 17 countries, as in our full sample, and
experimented with different degrees of dispersion of ai (these were generated from a
uniform distribution).When var(ai) ¼ 0, the average weights are equal ((1/17)100 ¼ 5.88).
As var(ai) increases, the dispersion of these weights increases. When we set mean(ai) ¼ 0.25
and var(ai) ¼ 0.02, the parameter a ranges from 0.03 to 0.47 and the weights range from
5.76 to 5.95. Only in a somewhat extreme case, where mean(ai) ¼ 0.4, var(ai) ¼ 0.08 and a
goes from 0.06 to 0.94, do the weights differ significantly from the equal-weight benchmark,
ranging in this case from 5.46 to 6.15.

These examples (and numerous others that we looked at) lead us to the general pro-
position that, as the cross-sectional variance of ai rises, the potential distortion from our
weighting methodology increases. However, this effect is substantially mitigated by (i) the
larger variance of country-specific shocks relative to that of the CC and (ii) the greater
contribution of country-specific shocks, rather than the CC, to output fluctuations in each
country. Thus, for this paper’s application of our methodology for constructing time-varying
weights, the distortion is likely to be quite small.

Appendix C: Data used in the analysis

This Appendix briefly describes the data used and elaborates on some of the issues
discussed in Section 1 of the printed paper, including that of seasonality.

Table B1

Descriptive Statistics for and Time Series Properties of Industrial Production Indexes

Annualised Mean Growth
Rates (%) Standard Deviation

Full
Sample 1963–73 1974–94

Full
Sample 1963–73 1974–94

Box-Pierce
Q-statistic

Austria 3.64 5.92 2.54 0.036 0.031 0.029 103.66
Belgium 2.50 4.94 1.18 0.040 0.029 0.035 80.51
Canada 3.61 6.91 1.83 0.021 0.019 0.017 85.70
Finland 4.37 6.76 3.34 0.045 0.022 0.043 349.29
France 2.72 5.69 1.09 0.041 0.037 0.029 157.99
Greece 4.91 10.09 1.65 0.044 0.030 0.039 42.21
Germany 2.37 4.93 0.90 0.038 0.032 0.036 39.38
Italy 3.14 5.99 1.67 0.091 0.039 0.059 404.00
Japan 5.44 11.47 2.47 0.022 0.016 0.021 94.73
Luxembourg 2.01 3.23 1.41 0.065 0.024 0.059 223.78
Norway 5.44 5.30 5.13 0.082 0.056 0.083 99.91
Netherlands 3.51 7.34 1.04 0.041 0.025 0.041 31.20
Portugal 4.52 5.90 3.65 0.079 0.051 0.051 286.67
Spain 4.61 10.43 1.76 0.085 0.039 0.059 337.59
Sweden 2.47 5.19 1.25 0.073 0.034 0.084 311.35
UK 1.84 3.17 1.08 0.034 0.026 0.036 60.51
US 3.35 5.46 2.22 0.012 0.008 0.011 42.75

Notes: The descriptive statistics reported in the first six columns of this table are for data that were
transformed into logarithms, first differenced, and then deseasonalised by regressing on a set of
monthly dummies. The annualised mean growth is calculated as 100 [(1 + MEAN) · 12] ) 100, where
MEAN is the sum of the coefficients on the deterministic seasonals in the deseasonalising regression.
Using residuals from a regression of IP growth on a constant and 12 lags of IP growth, the Box–Pierce
Q-statistics for the squared residuals were computed using twelve sample autocorrelations. Under the
null, this statistic is distributed as chi-squared with 12 degrees of freedom. The 1% critical value for this
test statistic is 26.2.
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Monthly indices of industrial production (not seasonally adjusted) for 17 OECD econ-
omies over the period 1963-94 were taken from the OECD Analytical Database.2 The data
are transformed into logarithms and first differenced to achieve stationarity and are then
seasonally adjusted by regressing the log differences on 12 monthly dummy variables. We
choose to take first differences in part because, as noted by Baxter and Stockman (1989),
this procedure ‘emphasises the higher frequencies associated with business cycles’ relative
to linear detrending. Table B1 provides summary statistics for the data over the full sample
and also for the pre- and post-1973 subsamples.

We tested the hypothesis that the raw data are difference stationary by testing for the
presence of a unit root in the logarithms of the data using Augmented Dickey-Fuller
regressions with twelve monthly seasonal dummy variables included. We found that in only
one case was the unit root hypothesis rejected in favour of trend-stationarity – the US. This is
somewhat at odds with previous results for the US; for example, Nelson and Plosser (1982)
did not reject the unit root hypothesis for industrial production using annual data from
1869–1970. Gerlach (1988), who used industrial production data for 1963:9–1986:3, also
finds little evidence against the unit root hypothesis for the countries in his sample,
including the US. Hence, we take first differences so as to transform the data for all
countries in a uniform manner. As a check that we have adequately purged the data of
nonstationarity, we also tested the differenced data for the presence of a unit root. For every
country, the null hypothesis of a unit root in the first differences was rejected in favour of
stationarity. The results of the stationarity tests are reported in the working paper version of
this paper and are available upon request.

An important issue that arises in using seasonally unadjusted macroeconomic data is the
relative importance of seasonal fluctuations. Visual inspection of our monthly industrial
production data indicated that there were strong seasonal components in virtually every
country in our sample; these were particularly large and noticeable in countries like Italy.
Further evidence is provided by time series regressions which show that deterministic sea-
sonal dummies can explain a substantial fraction of the variation in monthly industrial
production growth rates for most countries.3

The appropriate treatment of seasonal effects is, however, fraught with complications. A
simple procedure adopted by many authors; e.g., Beaulieu and Miron (1992) Beaulieu et al.
(1992), is to regress the unadjusted data on seasonal dummies. Other deterministic filters
such as the Census Bureau’s X-11 procedure have also been used widely, although it has
been argued that such filters do not necessarily retain the salient features of the data; e.g.,
Ghysels and Perron (1993). On the other side of the debate are authors such as Franses et al.
(1995) who argue that stochastic seasonality in the form of seasonal unit roots is the
appropriate characterisation of seasonal fluctuations. These authors recommend seasonal
differencing in order to eliminate unit roots at seasonal frequencies.

As mentioned in the text, we prefer to remain agnostic on the appropriate characteri-
sation of seasonal variation in the data. Hence, we deal with seasonality only to the extent
that it could potentially interfere with identification. As a practical matter, we take out only
the deterministic seasonal component by regressing the raw data on 12 monthly dummies
and using the residuals in our empirical work. In Section 3.3 of the printed paper, we test
the robustness of our results to this transformation by using seasonally unadjusted data.
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2 See, e.g., Beaulieu and Miron (1992), Beaulieu et al. (1992), Canova and Ghysels (1994), Cecchetti
and Kashyap (1996), and Cecchetti et al. (1997).

3 For the countries in our sample, regressions on seasonal dummy variables indicated that, on
average, about 80% of the variation in log differences of unadjusted monthly industrial production
could be explained by these seasonal factors. The R2 from these regressions ranged from 53% for
Greece to 95% for Sweden. In most cases, the seasonal effects remained as important even when
quarterly averages of the unadjusted data were used.
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