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Abstract
Elements of an econometric examination of benchmark revisions in real-time data are suggested. Structural break tests may be applied to detect heterogeneities within vintages.
Systems cointegration tests are helpful to reveal inconsistencies across vintages. Diﬀerencing and rebasing, often used to adjust for benchmark revisions, are generally not suﬃcient
to ensure consistent real-time macroeconomic data. Vintage transformation functions estimated by cointegrating regressions are more ﬂexible. Inappropriate conversion may cause
observed revision statistics to be aﬀected by nuisance parameters. In German industrial
production and orders statistics, remaining revisions are generally biased and serially correlated.
Keywords: real-time data, benchmark revisions; industrial production, orders.
JEL classiﬁcation: C22, C32, C82.

Non-Technical Summary
Macroeconomic time series are revised for several reasons. Revisions are regularly made
when additional information is available. The importance of these regular revision has been
extensively discussed in the economic literature. However, time series are also subject to
benchmark revisions because new conventions, measurement concepts and survey methods
are introduced in the statistical accounting systems. The impact of benchmark revisions
on the modeling of macroeconomic time series and on the analysis of regular revisions has
been studied to a lesser extent. By three examples of the German statistics on production
and orders received (reclassiﬁcation of economic sectors and products, innovation in the
revision procedure, base year changeover), the paper reveals that econometric methods
such as structural break tests and cointegration tests as well as cointegration regressions
are appropriate to analyze benchmark revisions. In particular, it is proven that diﬀerencing
and rebasing, albeit often applied, are generally not able to completely adjust real-time
data for benchmark revisions.
The European harmonization of sector and production classiﬁcations which were implemented in German short-term economic statistics in early 1995 harms the intertemporal
comparison of index values before and after the revision because lacking detailed information prevented the statistical authorities from consistently converting the ﬁgures which had
been published before 1995. Statistical tests provide evidence for a structural break in the
time series at this date, aﬀecting the (joint) econometric modeling of industrial production
and orders received.
Base year changeovers generally imply that the time series released before and after
this benchmark revision are not comparable directly. Simple transformations such as differencing and rebasing are frequently applied to account for such eﬀects in real-time data
sets. However, statistical tests reveal that these conversion methods are not appropriate to
the statistics under study. Hence, aﬃne transformation functions are estimated by cointegration regressions. The fact that the transformation functions estimated for production
and orders diﬀer greatly aﬀect the cointegrating relation between them, suggesting that
(pure) base year changeovers, which are typically regarded as a comparably less problematic benchmark revision, may even alter the estimation results of long-run economic
relationships.
The goal to closely approximate the transformation functions is also essential for the
study of regular revisions. A theoretical analysis proves that revision statistics may be
distorted if an inappropriate conversion method is applied. Empirical results on the basis
of the real-time data sets of production and orders reaching back to the introduction of
the new survey methodology in 1999 conﬁrm the impact of the chosen transformation
function on revision statistics. Especially in the case of industrial production where the
aﬃne transformation function greatly diﬀer from rebasing, the estimates of the revision
mean and the revision variance strongly depend upon the choice of the conversion method.

Furthermore, the empirical results let us conclude that the preliminary releases of production and orders tend to underestimate the ﬁnal index values. The regular revisions of
both indices are well behaved in the sense that the volatility of remaining revisions decreases in the revision number. Finally, some correlations between production and orders
revisions are found to be statistically signiﬁcant.

Nicht technische Zusammenfassung
Makroökonomische Zeitreihen werden aus verschiedenen Gründen revidiert. Revisionen
werden regelmäßig dann vorgenommen, wenn zusätzliche Informationen verfügbar sind.
Die Bedeutung solcher laufenden Revisionen ist in der wirtschaftswissenschaftlichen Literatur bereits ausführlich diskutiert worden. Zeitreihen unterliegen aber auch Generalrevisionen, weil neue Konventionen, Messkonzepte und Erhebungsverfahren in die statistischen Rechenwerke eingeführt werden. Die Auswirkungen von Generalrevisionen auf
die Modellierung makroökonomischer Zeitreihen und auf die Analyse laufender Revisionen sind demgegenüber weit weniger intensiv untersucht worden. Das vorliegende Papier
zeigt an drei Beispielen der deutschen Produktions- und Auftragseingangsstatisik (Neufassung der Sektor- und Güterklassiﬁkationen, Änderung der Datenerhebungsmethodik,
Basisjahrumstellungen), dass übliche Verfahren der Zeitreihenanalyse wie Strukturbruchund Kointegrationstests sowie Kointegrationsregressionen geeignet sind, die Wirkungen
von Generalrevisionen zu studieren. Insbesondere wird nachgewiesen, dass Diﬀerenzierung
und Umbasierung – obschon häuﬁg angewendet – grundsätzlich nicht in der Lage sind,
Echtzeitdatensätze um Generalrevisionen vollständig bereinigen.
Die europäische Harmonisierung der Sektor- und Güterklassiﬁkationen, die in den
deutschen Konjunkturstatistiken zu Beginn des Jahres 1995 umgesetzt wurde, führt zu
einer Beeinträchtigung des intertemporalen Vergleichs der Indexwerte vor und nach der
Revision, weil es aufgrund fehlenden Datenmaterials nicht gelang, die bis 1994 publizierten
Werte vollkommen konsistent auf die neuen Konzeptionen umzurechnen. Statistische Tests
belegen die Evidenz für einen Strukturbruch in den Zeitreihen zu diesem Zeitpunkt, was
die (gemeinsame) ökonometrische Modellierung von Produktion und Auftragseingang im
industriellen Sektor beeinﬂusst.
Basisjahrumstellungen haben grundsätzlich zur Folge, dass die veröﬀentlichten Zeitreihen vor und nach dem Revisionszeitpunkt nicht direkt miteinander vergleichbar sind. Um
in Echtzeitdatensätzen für solche Eﬀekte zu korrigieren, werden häuﬁg einfache Transformationen wie Diﬀerenzierung und Umbasierung angewandt. Wie statistische Tests zeigen,
sind diese Methoden für das vorliegende Datenmaterial jedoch ungeeignet. Stattdessen werden mit Hilfe von Kointegrationsregressionen aﬃne Transformationsfunktionen geschätzt.
Dass sich für Produktion und Auftragseingang sehr unterschiedliche Schätzungen ergeben,
hat Einﬂuss auf die Parameterwerte der Kointegrationsbeziehung zwischen Produktion und
Auftragseingang. Hieran zeigt sich, dass eine (reine) Basisjahrumstellung, die gemeinhin
als vergleichsweise unproblematische Generalrevision angesehen wird, die Schätzergebnisse
von ökonomischen Strukturbeziehungen verändern kann.
Das Ziel, Transformationsfunktionen möglichst gut zu approximieren, ist auch für die
Analyse laufender Revisionen essentiell. Im Rahmen einer theoretischen Analyse wird
nämlich nachgewiesen, dass Revisionstatistiken verzerrt sein können, wenn ein unangemessenes Konvertierungsverfahren angewandt wird. Empirische Untersuchungen auf Grundlage der Echtzeitdatensätze von Produktion und Auftragseingang seit Einführung einer
neuen Erhebungsmethodik im Jahre 1999 bestätigen den Einﬂuss der gewählten Transformationsfunktion auf übliche Revisionsstatistiken. Insbesondere im Fall der Industriepro-

duktion, wo sich aﬃne Transformationsfunktion und einfache Umbasierungsmethode erheblich unterscheiden, sind die Schätzungen für das Revisionsmittel und die Revisionsvarianz
stark von der Wahl der Konvertierungsmethode abhängig.
Die empirischen Resultate lassen ferner schließen, dass die vorläuﬁgen Veröﬀentlichungen von Produktion und Auftragseingang die endgültigen Werte tendenziell unterschätzen.
Die laufenden Revisionen der beiden Indexreihen entsprechen insoweit der Erwartung, dass
die verbleibende Revisionsvolatilität mit zunehmender Revision abnehmen. Schließlich
lassen sich vereinzelt statistisch signiﬁkante Korrelationen zwischen Produktions- und Auftragseingangsrevisionen nachweisen.
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How to Treat Benchmark Revisions?
The Case of German Production and Orders Statistics
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1

Introduction

The statistics of production and orders received are the main source of timely information
about the German economic situation. The system of monthly production indices, depicting industrial activity in disaggregated form, was (re)established in the early days of the
west German monetary union in 1948. Since then, these statistics have been subjected to
a number of benchmark revisions, which cover, for example, base year conversions, changes
in sector classiﬁcations and index formula as well as innovations in survey methodologies.1
The last decade alone has seen more than ﬁve revisions of this kind. Apart from the obvious need to integrate the East German economy, further changes were caused by the
harmonization of statistics within the European Union and by the pressure to relieve the
enterprises’ statistical workload.
In detail, the ﬁrst half of the year 1995 saw the implementation of the European NACE
and the PRODCOM regulations in the German production and orders statistics.2 The
reform also entailed changing the base year and, for the ﬁrst time, seasonally adjusted
indicators were available for Germany as a whole. After another base year changeover at
the beginning of 1998, a more fundamental benchmark revision was made one year later.
The survey methodology was reﬁned, creating the existing system of four statistically
relevant releases of the monthly production index. The base year 2000 was introduced in
the orders statistics in the publication month of March 2003, while the production statistics
followed in February 2004.
The paper shows that the consequences of benchmark revisions are diverse and may
aﬀect both econometric modeling and the analysis of regular revisions.3 Quite obviously,
economic time series measured at distinct publication dates are not directly comparable
when a benchmark revision has occurred in the intervening period. The empirical analysis
of regular revision processes may thus be distorted. But even at a single publication date,
0
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1
Mankiw and Shapiro (1986) and Mork (1987) provide early examples of subsuming this sort of fundamental changes in statistical conventions under the heading “benchmark revision”.
2
NACE is the acronym for Nomenclature général des activités économiques dans les Communautés
européennes and PRODCOM is the abbreviation for Products of the European Community. The former
deﬁnes an EU-harmonized classiﬁcation for economic sectors, while the latter does the same for products.
3
To clarify notation, regular revisions mean periodic revisions replacing components needed to be
estimated in provisional ﬁgures by information gathered from statistical sources, which are only available
with a time lag. Formally, regular revisions capture all changes in the published quantity less those ascribed
to benchmark revisions.
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a time series could still be heterogeneous if the historical data originally published according to the standards prior to the benchmark revision cannot be converted ensuring full
congruency. Using the example of the German production and orders statistics, this paper
argues that a number of statistical tests, predominantly developed to analyze macroeconomic time series (e.g. structural break tests, cointegration tests), can also be beneﬁcial
when studying the eﬀects of benchmark revisions. In order to derive hypotheses to be
tested, real-time data sets must be supplemented by detailed information about statistical
measurement conventions.
The analysis of benchmark revisions is generally twofold.4 First, whenever documentation gives rise to conjecture that benchmark revisions may aﬀect econometric modeling, structural break tests are natural means to detect heterogeneities within vintages.
The problem of incongruent time series data might be tackled by accounting for diﬀerent
regimes, in the simplest case by using dummy variables only. Second, in order to ensure
consistency across vintages, the real-time data base, or at least subsets of it, must be
transformed.5 Simple vintage transformation methods are diﬀerencing and rebasing.6 The
paper, however, recommends starting with an aﬃne transformation function which relates
the ﬁnal releases of the two measurement regimes, i.e. before and after the benchmark
revision. During the speciﬁcation step of the transformation function, the parameter constellations, under which the simple methods may work well, can be checked by hypothesis
tests.
The consideration of aﬃne transformation functions is a natural generalization when
benchmark revisions are supposed to aﬀect not only the level but also the growth rate of a
time series. It is worth emphasizing that such an eﬀect does not require major deﬁnitional
changes in the accounting system. Even a pure base year shift may systematically alter
the growth rates of real variables if measured under the ﬁxed-weight methodology because
the price structure of the base year deﬁnes the weighting scheme of the aggregates (see
Croushore and Stark, 2001, p.117-118). In general, it should therefore not be expected
that diﬀerencing and rebasing are valid conversion methods in the case of real (and not
chain-weighted) variables.
4
At this stage, it is useful to clarify the use of the terms “vintage” and “release” in this paper. A
time series measured at a speciﬁc publication date is called vintage. The release, however, denotes the
issue of the quantity ascribed to a speciﬁc reporting period. In the matrix scheme usually used to store
the real-time data of an economic variable, reporting periods are in rows and vintages in columns, while
releases correspond to diagonals. See Golinelli and Parigi (2005, p.3-4) for an overview of terminology
used in this context.
5
Transformation can be avoided by construing the last vintage, which is prior to a benchmark revision,
as ﬁnal release (see e.g. Keane and Runkle, 1990; Howrey, 1996; Swanson and van Dijk, 2006).
6
Swanson (1996, p.50) presents rebasing as an alternative to diﬀerencing. Rebasing essentially means
that all vintages are transformed to the same base year by a deterministic conversion factor extracted from
an overlapping period. Rebasing is equal to Golinelli and Parigi’s (2005) “rescaling” and looks, at least,
rather similar to what Mork (1987) obscurely terms “normalization”.
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In the vast majority of empirical studies using real-time data, macroeconomic variables
are transformed into growth rates because they are mostly nonstationary.7 However, some
papers also put forward the argument that the use of growth rates could avoid, or at least
diminish, the problem of benchmark revisions (see e.g. Mankiw et al., 1984; Swanson et
al., 1999; Garratt and Vahey, 2006; Swanson and van Dijk, 2006). In contrast, there are
only a few studies treating the variables in levels; amongst them are Siklos (1996), Gallo
and Marcellino (1999) as well as Patterson (2000, 2002, 2003). Especially the latter author
applies the full capabilities of the cointegration methodology (including exogeneity and
separation issues) to revision analysis. However, by modeling many releases simultaneously,
he risks causing problems typically linked with high-dimensional vector autoregressions
(e.g. power erosion in systems cointegration tests). Furthermore, at least in this series of
papers, no particular attention is paid to benchmark revisions.
This paper argues that cointegration approaches are especially helpful for the analysis of
benchmark revisions, as they can be carried out in rather small systems. In particular, we
propose estimating vintage transformation functions as bivariate cointegration regressions.
In this regard, the paper is related to Patterson and Heravi (1991) who have already
advocated the regression approach in order to achieve consistent real-time data in the
context of benchmark revisions. In addition to the concrete econometric setup proposed
to estimate the transformation function, we deviate from their contribution by developing
theoretical arguments underpinning the convenience of the regression approach. Precisely,
we prove that observed revision statistics may not (only) measure properties of the regular
revision process if diﬀerencing or rebasing, albeit inappropriate, are employed to adjust
real-time data for benchmark revisions.
A central element of the paper is to study the consequences on revision analysis when
the data generating processes of economic variables possess a common source. In fact, when
time series are cointegrated, their dynamic representations include relationships between
levels. For revision analysis, this fact has at least two implications. First, it is necessary
to characterize the revision processes in levels rather than in growth rates. Second, revision processes may not be analyzed in isolation. With the exception of Patterson (2003),
however, the issue is typically not tackled in this comprehensive form.
The revision process of U.S. industrial production is studied by Kennedy (1993), Swanson et al. (1999) and Swanson and van Dijk (2006), for instance. In an application to
German data, Jacobs and Sturm (2005) try to circumvent the problem of benchmark revisions by transforming the vintages since 1995 into growth rates. However, our study
suggests that this simple measure does not work in this context. In particular, the econometric investigation shows that the eﬀects of benchmark revisions vary not only due to
their type but also with respect to the economic variable. The European harmonization of
sector and product classiﬁcations in 1995 aﬀected production and orders statistics asymmetrically, creating a mean shift in the cointegrating relationship between production and
7

The extensive literature on the news-or-noise issue originated by Mankiw et al. (1984) and ranging to
Faust et al. (2005) and Swanson and van Dijk (2006) have had to use growth rates because test equations
would not be balanced otherwise.
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the orders received. Even the changeover to the base year 2000 has distinct consequences
on the two economic variables. In order to correct for this benchmark revision, it suﬃces
to use the rebasing method in the case of the orders received but not in the case of production. An unpleasant corollary of this statistical result is that the parameters of the long-run
economic relationship between the two variables changed simply due to the base year conversion. Regarding the properties of regular production and orders revisions, the results
indicate that provisional announcements systematically underestimate ﬁnal ﬁgures. With
few exceptions, revisions are found to be serially correlated. Moreover, there is signiﬁcant
positive correlation between the ﬁrst-versus-ﬁnal revisions of production and orders.
The more general conclusion of our study may be that real-time data analysis should
incorporate an initial step consisting of tests of benchmark revisions. With respect to
econometric modeling, an understanding of them may avoid misspeciﬁcation and, concerning the analysis of regular revisions, it may insure the researcher against the risk that
results are adversely aﬀected by an incongruent real-time data set.
The remainder of this paper is organized as follows. Section 2 analyzes the eﬀect of
the sector and product reclassiﬁcations in 1995 on the (joint) econometric modeling of
industrial production and orders. In Section 3, the properties of the changeover to base
year 2000 are investigated and vintage transformation functions are estimated. Section 4
is devoted to the revision procedure established in 1999. Before the empirical results are
presented, some formal analysis is carried out, proving the existence of nuisance parameters
in observed revision statistics when an inappropriate conversion method is applied for
adjusting for benchmark revisions. Section 5 concludes.

2

The sector and product reclassiﬁcations in 1995

In 1995, a number of innovations were introduced in the German production and orders
statistics (see Nowack and Weisbrod, 1995, for details). The most substantial revision
referred to the introduction of new sector and product classiﬁcations. The existing German
system was replaced by an economic sector classiﬁcation implementing the pan-European
NACE standard. The switch to this new sector classiﬁcation also involved a changeover
to a new product classiﬁcation derived from the European PRODCOM regulation. In
addition, the German industry statistics were aﬀected by two further changes. First,
indicators were converted to the base year 1991. Second, the Deutsche Bundesbank started
publishing seasonally adjusted indicators for Germany as a whole. The latter is particularly
important in our context, as the following econometric analysis uses seasonally adjusted
ﬁgures of industrial production and orders.
Although industrial indicators were back-calculated to January 1991 according to the
new standards, the reorganization of economic sectors and products caused a lack of comparability between ﬁgures released before and after January 1995. Hence, this benchmark
revision is likely to aﬀect the econometric modeling of industrial production and orders.
In order to check this conjecture formally, it is useful to carry out structural break tests.
More precisely, the question is whether the data generating processes of industrial production and orders are aﬀected by the benchmark revision in January 1995. This hypothesis

4

Figure 1: Comovement between industrial production and orders

In Figure (a), the plots depict the time series of industrial production and orders, both transformed into
logs. The vertical line shows January 1995, for which the index values were ﬁrst published according to
the new classiﬁcations. Figure (b) displays the results of the Quandt breakpoint test. The dashed line
represents the 5% critical value of the supremum test, the dotted line the 5% critical value of the χ2
distribution applicable in cases where the breakpoint is known.

could generally be tested in every data vintage comprising enough data before and after
the potential break. For reasons of statistical eﬃciency, the sample should be as long as
possible, but it should include only ﬁnal data because the issue here refers to the data
generating process. Thus, we study the data from January 1991 through December 2005
(as released in July 2006).
In Figure 1(a), the time series of industrial production and orders are plotted. At ﬁrst
glance, both series grow over time with a high degree of commonality. Thus, production
and orders might be integrated and cointegrated. In the second place, however, production
growth turns out to be, on average, somewhat weaker than the growth of the orders
received. Owing to their representation as indices normalized to 100 in the base year
2000, this observation implies that the variables diﬀer with respect to the levels they take
in the ﬁrst half of the sample. Regarding the impact of the reclassiﬁcations, there is
no obvious evidence for any specialty of the pre-1995 period, but visual inspection alone
may sometimes fail. Hansen (1992) provides a set of structural break tests which suits
the application at hand. Concretely, the null of cointegation can be tested against the
hypothesis that the long-run relationship is diﬀerent before and since the 1995 revision.
Hence, if the null is accepted, the series of production and orders can be modeled by a
bivariate error correction model ignoring the benchmark revision. If the null is rejected
and, in addition, the Quandt (1960) test statistic does not ﬁnd strong evidence for an

5

Table 1: VAR of production and orders
information
criterion
AIC
HQ
SC
a

lag
order
3
3
2

autocorrelation testa
LM(1)
LM(4)
0.75

[0.613]

0.57

11.03

1.01

14.13

[0.860]

2.42

[0.029]

SL testa
LR(r = 0)

[0.441]

[0.030]

[0.008]

p-values are reported in brackets.

alternative break date, we may conclude that the benchmark revision is the most likely
cause of the structural break.
Figure 1(b) shows that the sequence of F statistics calculated over the middle 70%
range of the sample does not surpass the 5% critical value of the supremum version of the
test, suggesting that there is no evidence for a statistical break ignoring information about
the date of its (potential) occurrence. However, by testing for a break in January 1995,
the F statistic is 13.72, exceeding the 5% critical value of the χ2 (4) distribution. Hence,
the cointegrating relation turns out to be diﬀerent before and after January 1995, implying
that the insuﬃcient back-calculation of data published prior to the sector and product
reclassiﬁcations matters for the econometric modeling of industrial production and orders.
In order to detect the nature of the structural break, it is not feasible to consider the two
regimes separately because the resulting subsamples would be too short for cointegration
analyses. A viable modeling strategy of the 1995 benchmark revision would maintain the
assumption of cointegration between production and orders, but allow for a shift in the
deterministic part of the model. Test procedures for this case are developed by Johansen
et al. (2000) and by Saikkonen and Lütkepohl (2000). However, only the latter approach
(henceforth referred to as the SL test) provides a framework in which the hypothesis of
interest can be tested directly, namely that production and orders are deterministically
cointegrated with a shift in the cointegrating mean in January 1995.8
Like any systems cointegration test, the SL test requires the lag order of the underlying
vector autoregression (VAR) be determined a priori. As standard for this purpose, we apply
information criteria such as the Akaike (AIC), the Hannan-Quinn (HQ) and the Schwarz
criterion (SC) (see e.g. Lütkepohl, 2005, Chapter 4). Table 1 reports the lag orders which
minimize the criteria for unrestricted VARs in levels taking the lag orders p = 1, ..., 10 and
including a constant, a linear trend and a step dummy variable which is zero from January
1991 through December 1994 and unity otherwise. While the AIC and the HQ suggest
8
Deterministic cointegration means that there is a linear trend in the variables but not in the cointegrating relation. Whereas the SL test statistic converges to a nonstandard distribution which is free
of nuisance parameters under the null hypothesis of interest, this is not so for the traditional Johansen
approach. The way out proposed by Johansen et al. (2000) is a two-step procedure which, however, turns
out to be less attractive when a direct test is available.
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lag order 3, the SC opts for 2. For the more parsimonious choice, however, the systems
tests on residuals detect autocorrelation of order 1 at the 10% level.9 Hence, the following
analysis will be based on a VAR(3).
As Table 1 shows further, the SL test rejects the null of no cointegration at the 5%
level in the preferred speciﬁcation. By applying the reduced rank regression technique
suggested by Johansen (1991), we are therefore able to estimate the following valid longrun relationship between production and orders (standard errors in parentheses):
pr(t) − 0.69 or(t) + 0.013 S(t) ∼ I(0)
(0.01)

(0.004)

(1)

where pr and or denote the log levels of industrial production and orders, respectively, and
S is the above-mentioned step dummy variable. I(d) means “integrated of order d”.
In sum, the 1995 revision of sector and product classiﬁcations caused heterogeneity
in the time series of industrial production and orders. This benchmark revision aﬀects
econometric modeling because there is evidence of a structural break in the cointegrating
relation between these series. The break can be modeled by a step dummy variable,
establishing cointegration between production and orders subject to a shift in the mean of
the long-run relationship in January 1995.

3

The changeover to base year 2000

Starting with the reporting month of March 2003, the orders statistics were converted to
base year 2000. Production indices followed in February 2004. If the base year changeover
is implemented in the whole series of interest, the general model structure should not
be aﬀected. In real-time data sets, however, this benchmark revision induces a statistical break between vintages before and after the date of conversion. As base years have
changed regularly,10 real-time data research has developed strategies to account for this
issue. While diﬀerencing and rebasing are straightforwardly applicable, the regression approach demands some preparation. This section is devoted to specifying and estimating
vintage transformation functions for industrial production and orders.
The transformation function is modeled as the aﬃne relationship
x(t) = a0 + a1 x̄(t) + ξ(t)

(2)

where x(t) and x̄(t) are, respectively, the post-conversion and the pre-conversion ﬁgures in
logs, a0 and a1 are scalars and ξ(t) is a residual process with mean zero and variance σξ2
which, for instance, accounts for measurement errors. It is worth stressing that (2) is a
cointegration regression because the series of interest are I(1). x(t) and x̄(t) are both ﬁnal
releases, only diﬀering with respect to the base year. Thus, ξ(t) is supposed to be near
9
Concretely, the VAR is tested for residual autocorrelation by Doornik’s approximate F version of the
Breusch-Godfrey LM test (see e.g. Lütkepohl, 2005, Section 4.4.4).
10
For instance, according to the agreed EU standards, a new base year has to be introduced every ﬁve
years, i.e. at latest three years after the end of a year ending in a zero or a ﬁve.
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Table 2: Econometric analysis of the changeover to base year 2000

system
pr, pr

or, or

a
b

information
criterion
AIC

lag
autocorrelation testb
ordera LM(1)
LM(4)
3
0.98
0.74
[0.443]

HQ
SC
AIC

1
1
10

HQ
SC

1
1

[0.708]

0.98

0.80

[0.569]

[0.470]

0.44

1.48

[0.847]

1.26

[0.280]

SL testb
LR(r = 0)
2.42

unit elasticityb
LR(a1 = 1)

25.02

38.94

[0.730]

[0.000]

2.89

[0.144]

[0.647]

0.70

11.90

[0.750]

[0.000]

[0.020]

11.97
[0.000]

of the unrestricted VAR in levels.
p-values are reported in brackets.

white noise. Furthermore, the rebasing method implies unit elasticity of the transformation
function (a1 = 1), a hypothesis which can be tested empirically. Whenever this restriction
is supported, a0 represents the rebasing factor in log.
Given that the long-run relationship between industrial production and orders is subject
to a structural break in January 1995, one should not exclude the possibility that the 1995
benchmark revision has an impact on (2). As an alternative, the transformation function
could take the form
x(t) = a0 + ab0 S(t) + a1 x̄(t) + ξ  (t)
(2  )
where a0 and a1 are scalars and ξ  (t) is a residual process. S(t) is deﬁned as in (1),
meaning that ab0 accounts for the fact that the conversion factor might be diﬀerent in the
pre-1995 and the post-1995 period. As in the previous section, structural break tests can
be employed to decide whether (2) or (2  ) better represents the data.
Let x̄(t) be the ﬁnal ﬁgures available in the last vintage published with base year 1995.
For production, this is the period from January 1991 through December 2002 as released
in February 2004. For the orders received, the sample ends one year earlier because the
last old-base-year vintage was published in April 2003. As in the previous section, x(t)
represents the ﬁnal ﬁgures of the latest vintage which is measured using base year 2000.
In the sequel, the series mentioned are denoted by pr and or as well as pr and or.
We start the analysis by asking whether (2) or (2  ) is the right speciﬁcation of the
transformation function. The F statistics of the Hansen (1992) test are 16.52 for production
and 13.77 for the orders received. As these numbers are clearly higher than the 5% critical
value of the χ2 (4) distribution which is relevant in case of a known break, we conclude
that the transformation functions are subject to a structural break induced by the 1995
reclassiﬁcations of economic sectors and products. With the SL approach, it can then be
tested whether (2  ) is a valid cointegration regression. But prior to that, the lag orders of
the underlying VARs have to be selected. The AIC chooses comparably long lag lengths,
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leading to overparametrized models, especially in the case of orders. The HQ and the SC,
however, opt for the theoretically appealing lag order 1, implying ξ  (t) to be white noise.
The latter choice is conﬁrmed by diagnostic checks which indicate the absence of residual
autocorrelation of orders 1 and 4. The SL test statistics reported in Table 2 point to a
clear acceptance of this hypothesis for both variables because the absence of cointegration
can be rejected for the relevant lag order 1. Power erosion might be the reason why the
SL test is not able to reject the null for the long AIC lag lengths.
For both production and orders, (2  ) is a valid speciﬁcation converting vintages of base
year 1995 into series which are consistent with those of base year 2000. The transformation
function has to be estimated by a cointegration regression. By applying the fully modiﬁed
(FM) estimator proposed by Phillips and Hansen (1990),11 we obtain the following results
(ignoring error terms):
0.386 − 0.0084 S(t) + 0.884 pr(t),

(3)

or(t) = − 0.332 − 0.0048 S(t) + 1.020 or(t).

(4)

pr(t) =

(0.038)
(0.023)

(0.0014)
(0.0010)

(0.008)
(0.005)

As production and orders are closely connected economically, it is surprising that their
transformation functions diﬀer greatly. The estimates of a0 possess diﬀerent signs and
those of a1 lie below and above unity respectively. As a0 = 0 and a1 = 1 are reference
values, the diﬀerences are substantial in qualitative terms. To both variables, however,
is common that rebasing is not appropriate from a statistical point of view. In the case
of production, this ﬁnding is evident, not only owing to the reported FM estimate, but
also because the LR test of the unit elasticity restriction is clearly rejected in the systems
approach (see Table 2). In the case of the orders received, the LR test does also indicate
rejection at conventional signiﬁcance levels, but the FM estimate is so close to unity that
the rebasing method could nonetheless work well in practice.
If a1 = 1, the sign of a0 is expected to be negative. The reason is that the conversion
factor is usually smaller than unity when index series are governed by a trend. The negative
intercept documented in (4) complies with the theoretical guess. The positive intercept
found in the transformation equation of production must be explained in the context of
a1 < 1, which implies that the level of the converted pr is reduced relative to the original.
By this eﬀect alone, the extent needed to scale down the old-base-year vintages is obviously
exceeded, calling for an adjustment in the opposite direction. The coeﬃcients attached to
the step dummy variable have equal signs, but diﬀer clearly with respect to their magnitude.
The distinct vintage transformation functions found for industrial production and orders possess a corollary on the estimated cointegrating relation. The benchmark revision
11

In contrast to the cointegrating relation (1) which describes a long-run economic relationship between
endogenous variables, the transformation function is a technical relationship, clearly determining which
variable is regressand and which are regressors. The FM technique is appropriate to this setup because
it estimates this structure directly, taking into account that the stochastic regressor is endogenous. The
covariance parameters necessary to perform the semiparametric corrections are estimated as proposed in
Hansen (1992). It is worth noting that, with reference to Engle and Granger (1987), Patterson and Heravi
(1991) estimate conceptually rather similar vintage transformation functions by ordinary least squares.
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alters its parameter estimates. As economic interpretation is often concentrated on cointegrating relations, this result is rather unpleasant. By substituting the transformation
functions (3) and (4) into the cointegrating relation (1), we end up with pr(t) − 0.80 or(t) +
0.009 S(t), which would be the long-run economic relationship between production and
orders before the base year changeover if the post-benchmark revision estimate of the cointegrating relation were true. On the basis of the ﬁnal ﬁgures with base year 1995, it is
estimated as
pr(t) − 0.82 or(t) + 0.008 S(t) ∼ I(0),
(5)
(0.03)

(0.005)

which, in fact, only diﬀers marginally from the expression derived arithmetically.12
In general, a test of the hypothesis that a benchmark revision is innocuous for longrun economic relationships can be constructed in a system comprising the time series of
interest in ﬁnal releases both before and after the benchmark revision. To derive the test
idea formally, let K be the number of economic variables and 0 < r < K the number of
long-run relationships between them. The cointegrating space of the enlarged system with
2K time series can be identiﬁed by r long-run economic relationships and K transformation functions. If the latter are equal, the benchmark revision will not change the former.
The innocuity hypothesis can therefore be evaluated by an LR test, which is asymptotically χ2 (K − 1) distributed (ignoring deterministic elements restricted to the cointegrating
space). As the restrictions are linear but span across cointegrating vectors, Boswijk’s
switching algorithm has to be applied (see Boswijk and Doornik, 2004, Section 4.4).
In the present context, the enlarged system is four-dimensional with the specialty that
a step dummy variable has to be considered in both the long-run economic relationship
and the vintage transformation functions. Hence, the equality requirement concerns the
coeﬃcients attached to x̄(t) and S(t) in (2  ), suggesting that the respective LR test is
asymptotically χ2 (2) distributed. The test statistic taking the value 34.93 clearly surpasses
the critical values of all conventional signiﬁcance levels.13 As expected from the above
analysis, we infer from the formal test, too, that the transformation functions of production
and orders are not equal in the case of the base year changeover under review. The empirical
measurement of the long-run economic relationship between the two variables is therefore
signiﬁcantly aﬀected by a pure statistical phenomenon.

4

The revision procedure introduced in 1999

In 1999, a new survey method was introduced in the production statistics (see Herbel and
Weisbrod, 1999, for details). The existing system was reﬁned to relieve the enterprises’ sta12

The estimation presented in (5) results from the reduced rank regression of a bivariate error correction
model with lag order 3, which is the same speciﬁcation as used in Section 2. The likely reason for the
observed diﬀerence is therefore the sample used to estimate the post-benchmark revision cointegrating
relation (1).
13
The LR test is carried out on the basis of a vector error correction model including no lagged diﬀerences.
This speciﬁcation is supported by the lag order choices of consistent information criteria. In concrete terms,
the HQ and the SC opt for lag length 1 in the corresponding unrestricted VAR in levels.

10

tistical workload and, in particular, to avoid duplicating reports. Under the new concept,
the reporting sample of the production survey is divided into mutually exclusive quarterly
and monthly reporting parties. In each of the German Länder, the largest units of the economic sectors, covering at least 75% of the sectoral output produced by ﬁrms with 20 or
more employees, are obliged to submit a monthly production report, suggesting a national
coverage in excess of 80%.
The publication dates of the monthly indices are embedded in the International Monetary Fund’s reference indicators and are ﬁxed one year in advance. As it is regularly the
case that not all monthly reporting parties submit a report on the set date (t + 37 days),
the output data for the current latest month is provisional. The ﬁrst revision takes place
promptly after further monthly reports have been received in the same publication month
(i.e. t + 57 to 62 days). As part of the quarterly production surveys, the monthly reports
of the larger enterprises are collated with the quarterly reports of the smaller units, with
the extrapolated monthly data being aligned with the quarterly ﬁgure using the same percentage rate.14 This quarterly revision takes place roughly two and a half months after
the end of the reporting quarter. After the conclusion of the quarterly report for the ﬁnal
quarter of the year, an annual revision give the indices ﬁnal status.15
In this section, we will analyze the statistical properties of the revision procedure introduced in 1999. The changeover to base year 2000, aﬀecting the set of data vintages
considered for this purpose, requires applying methods discussed in the previous section.
A special focus is to study the consequences of using the diﬀerent conversion methods in
circumstances where the transformation function does or does not meet the restrictions of
the simple methods. The ﬁrst part of this section develops some theoretical results on this
issue, while the second part comprises the empirical examples based on the real-time data
sets at hand.

4.1

Revision statistics in the context of benchmark revisions

In order to derive theoretically which consequences a possibly misapplied conversion method
may have on observed revision statistics, let the v th release of the value a nonstationary
macroeconomic variable x̄ takes in period t be described by
x̄(t, v) = m t +

t


ε(i) + μ(L) ε(t) + ξv (t).

(6)

i=1

The ﬁrst three elements describe the data-generating process of the economic variable as
a Beveridge-Nelson (1981) decomposition where the disturbance term ε ∼ iid.(0, σε2 ) is
assumed to possess permanent and transitory impact on x̄, m > 0 is a drift parameter and
14

It should also be noted that the monthly ﬁgures which have not yet been aligned with the quarterly
survey contain an estimated quarterly adjustment. After every quarterly revision, the adjustment factor is
recalculated. Since November 1999, the estimated provisional adjustment of monthly industrial production
has been stated in a footnote in the Bundesbank publication Saisonbereinigte Wirtschaftszahlen.
15
Consequently, the quarterly and the annual revision coincide for the indices of the ﬁnal quarters.
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μ(L) is a lag polynomial satisfying the stability condition, i.e. |1 − μ(z)| = 0 for |z| > 1.
The revision process is modeled by a release-dependent fourth element
ξv (t) = δ v [1 + θv (L)] ξ(t, v),

(7)

with 0 < δ < 1, θv (L) invertible for all releases v, i.e. |1 + θ(z)| = 0 for |z| > 1,
and ξ ∼ iid.(0, σξ2 ). In general, ξv is I(0) with mean zero, a release-dependent variance
σv2 = δ 2v [1 + θv2 (1)]σξ2 and autocorrelation pattern characterized by θv (L). By the factor
δ v , the revision volatility tends to decrease in the release.16 Furthermore, the ﬁnal release
(v = ∞) is supposed to be measured without revision uncertainty; thus, x̄(t) ≡ x̄(t, ∞)
is written for brevity. Finally, while ε and ξ are independent of each other, there might
be contemporaneous correlation between the revision processes at some releases v and w,
denoted by ρv,w .
Revision statistics are usually calculated for neighboring releases and with a ﬁxed reference release. Swanson et al. (1999) called the former ﬁxed-width revisions and the latter
increasing-width revisions when the reference was chosen to be the ﬁrst release. We adopt
the second concept but choose the ﬁnal release as reference. In accordance with Swanson
and van Dijk (2006), this type of revision is named “remaining revision”. In our context,
it has the advantage that the theoretical revision process (7) is explicit for each v because
x̄(t, v) − x̄(t) = ξv (t).
The researcher’s objective is to study the stochastic properties of the revision process
which can be consistently estimated by the observed revision x̄(t, v)− x̄(t) under ergodicity.
The specialty of the present investigation, however, is that the v0 early releases are assumed
to be measured according to statistical conventions which are diﬀerent from those of the
ﬁnal release. In general, the benchmark revision is assumed to aﬀect both the level and
the growth rate of the variable, i.e.
x(t, v) = a0 + a1 x̄(t, v) for v ≤ v0 .

(8)

In this case, the observed revision is given by
t



ε(i) + μ(L) ε(t) + ξv (t).
x̄(t, v) − x(t) = −a0 + (1 − a1 ) m t +

(9)

i=1

In contrast to the scenario without benchmark revision, x̄(t, v)−x(t) does not represent the
revision process solely. Apart from the latter, the observed revision depends on parameters
characterizing the data-generating process of the economic variable. Thus, the revision
statistics do not generally measure the stochastic properties of the revision process as
formally stated in the following proposition.17
16
The general decreasing tendency in revision volatilities is reasoned by the result that σv+i < σv if
δ i < [1 + θv (1)]/[1 + θv+i (1)] which is surely satisﬁed for some integer i. At neighboring releases, however,
there might be parameter constellations satisfying δ > [1 + θv (1)]/[1 + θv+1 (1)] such that the revision
volatility increases.
17
The proofs of this and the following propositions are to be found in the appendix.
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Proposition 1 If a revision-prone economic variable described by (6) is subject to the benchmark revision (8) which is ignored in the empirical analysis, the observed revision mean and the
observed revision variance are given by
E[x̄(t, v) − x(t)] = −a0 + (1 − a1 ) (m t),
Var[x̄(t, v) − x(t)] = (1 − a1 )2 [μ2 (1) + t] σε2 + σv2 .
The evaluation of the observed revisions let the ignorant researcher conclude that the
revision process is biased, although it is actually not. The observed revision variance is
greater than the true one. In the case of an I(1) variable, the revision bias and the revision
variance are increasing over time.
Of course, ignorance is a pure hypothetical case. It is interesting, however, that the
results are rather similar for the rebasing method. Since it also imposes a1 = 1, the
observed revision statistics only diﬀer with respect to the intercept. Formally, let ā0 denote
the logged conversion factor and, thus, E[x̄(t, v) − x(t)] = (ā0 − a0 ) + (1 − a1 ) (m t) and
Var[x̄(t, v) − x(t)] = (ā0 − a0 )2 + (1 − a1 )2 [μ2 (1) + t] σε2 + σv2 . Only if a1 = 1, rebasing will
never make the observed revision mean be more strongly distorted because ā0 should never
be a worse predictor of a0 than it is zero. However, the observed revision variance will only
coincide if the conversion factor is known, i.e. ā0 = a0 . Otherwise, the variance is higher
for rebasing owing to estimation uncertainty with regard to the conversion factor.
Let us now check the eﬀects of a benchmark revision when the regression approach
is applied to transform the old-base-year releases v ≤ v0 . Let â0 and â1 represent the
estimated parameters of the vintage transformation function, and let x̂(t, v) denote the
converted x(t, v). In this case, the observed revision is
t



x̂(t, v) − x(t) = (â0 − a0 ) + (â1 − a1 ) m t +
ε(i) + μ(L) ε(t) + ξv (t).

(10)

i=1

The expression will reduce to the true value if the coeﬃcients of the transformation function are consistently estimated. The revision mean will be zero, in particular. Owing to
estimation uncertainty, however, the revision variance will be greater than the true one.
The following proposition states these results formally.
Proposition 2 If the pre-benchmark revision vintages of a revision-prone economic variable
described by (6) are converted by a vintage transformation function which is consistently estimated by a regression approach, the observed revision mean is zero and the observed revision
variance is σv2 + Λt with Λt ≈ Var(â0 ) + {(m t)2 + [μ2 (1) + t]σε2 } Var(â1 ) + 2 (m t) Cov(â0 , â1 ).
From a theoretical point of view, it remains an open issue as to whether the regression
approach or the rebasing method ends up with the lower observed revision variance. From
the analytical variance expressions in Propositions 1 and 2, we can draw two conclusions.
First, the more precise the transformation function is estimated, the better the regression
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approach is. Second, the lower the (absolute) t statistic of the null hypothesis a1 = 1 is,
the better regression approach is relative to rebasing.18
Let us also analyze the eﬀects of diﬀerencing on the revision mean and the revision
variance. This transformation is worth considering as the major part of the empirical literature on data revisions is based on growth rates. In the present setup, the ﬁrst diﬀerence
of x̄(t, v) is given by
Δx̄(t, v) ≡ x̄(t, v) − x̄(t − 1, v + 1)
= m + [1 + (1 − L)μ(L)] ε(t) + [ξv (t) − ξv+1 (t − 1)].

(11)

The revision process is Δx̄(t, v) − Δx̄(t) = ξv (t) − ξv+1 (t − 1) when the statistical measurement system remains unchanged. In the case of the benchmark revision (8), however, the
revision process is


Δx̄(t, v) − Δx(t) = (1 − a1 ) m + [1 + (1 − L)μ(L)] ε(t) + [ξv (t) − ξv+1 (t − 1)]. (12)
The eﬀects of the benchmark revision on the observed revision mean and the observed
revision variance after diﬀerencing are summarized in the following proposition.
Proposition 3 If a revision-prone economic variable described by (6) is subject to the benchmark revision (8), the observed revision mean and the observed revision variance of its ﬁrst
diﬀerence are given by
E[Δx̄(t, v) − Δx(t)] = (1 − a1 ) m,
Var[Δx̄(t, v) − Δx(t)] = (1 − a1 )2 [1 + 2μ2 (1)] σε2 + λ δ 2v [1 + θv2 (1)]σξ2


2
(1)]/[1 + θv2 (1)] − 2δ θv (1)[1 + θv+1 (1)]/[1 + θv2 (1)] ρv,v+1 .
with λ ≡ 1 + δ 2 [1 + θv+1
The main advantage of diﬀerencing is that the revision mean is unaﬀected by a0 . Hence,
the benchmark revision can be ignored as long as a1 = 1 is fulﬁlled. The disadvantage is
that under this condition (but also in the absence of benchmark revisions), the observed
revision variance of the diﬀerenced series does not proxy the theoretical variance of the
revision component. To be precise, it is multiplied by the factor λ which may be greater
or smaller than unity.19 Whenever a1 = 1, diﬀerencing faces problems similar to rebasing.
First, the observed revision mean diﬀers from zero and, second, the observed revision
variance includes volatility components ascribed to ε. However, it may be registered on
the positive side that these nuisance terms do not increase over time as they do in the case
of rebasing.
In the context of cointegration, the eﬀects of benchmark revisions on statistics of revision correlation are particularly interesting. Let us consider the process ȳ(t, v), which is
18
Since transformation functions are cointegrating relations and, thus, a1 is estimated superconsistently,
it is very likely that the (absolute) t statistics take large values.
19
Diﬀerencing implies a greater variance if δ[1 + θv+1 (1)] > 2θv (1)ρv,v+1 which is always satisﬁed if, for
instance, the revision process of the vth release is white noise, i.e. θv (L) = 0, or neighboring releases are
uncorrelated, i.e. ρv,v+1 = 0.
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cointegrated with x̄(t, v). Under the simplifying assumption that the long-run economic
relationship is (1, −1) , the process can be written as
ȳ(t, v) = m t +

t


ε(i) + κ(L) ε(t) + ηv (t)

(13)

i=1

where m and ε are the same entities as deﬁned in (6), κ(L) is a stable lag polynomial and ηv
is a release-dependent I(0) revision process analogously modeled as ξv in (7). Furthermore,
the benchmark revision is described by
y(t, v) = b0 + b1 ȳ(t, v) for v ≤ v0 .

(14)

The following proposition states theoretical results concerning the observed revision covariance between the two variables in the case of diﬀerent conversion methods.
Proposition 4 If revision-prone economic variables described by (6) and (13) are subject to
the benchmark revisions (8) and (14) respectively, the observed revision covariance between
them is Cov[ξv (t), ηv (t)], provided that the vintage transformation functions are consistently
estimated in separate regressions. In the case of rebasing, the observed revision covariance
is Cov[ξv (t), ηv (t)] + (ā0 − a0 )(b̄0 − b0 ) + (1 − a1 )(1 − b1 ) [μ(1)κ(1) + t] σε2 where ā0 and b̄0
denote the conversion factors. In the case of diﬀerencing, the observed revision covariance is
Cov[Δξv (t), Δηv (t)] + (1 − a1 )(1 − b1 ) [1 + 2μ(1)][1 + 2κ(1)] σε2 .
The observed revision covariance coincides with the theoretical one in the case of the regression approach. For this result, it is crucial that the vintage transformation functions are
estimated separately, warranting the independence of regression coeﬃcients across equations. In contrast, the observed revision covariance is aﬀected by nuisance parameters when
the standard methods are applied without ensuring for, at least, one variable that the unit
elasticity condition is met and, additionally required for rebasing, that the conversion factor
is known. The nuisance parameter is traced back to the existence of cointegration because,
under inappropriate conversion, the common stochastic component passes through the
observed revisions of the two variables.
In conclusion, serious consideration should be given as to whether the unit elasticity
restriction holds for the vintage transformation functions before the standard approaches,
rebasing and diﬀerencing, are applied to adjust real-time data for benchmark revisions.
Otherwise, the researcher risks calculating misleading revision statistics. The regression
approach is generally more ﬂexible, but it is not recommended for use in any case because
its observed revision variance is adversely aﬀected by estimation uncertainty.

4.2

Revision statistics of industrial production and orders

In this section, we verify empirically the prediction of the theoretical analysis on nuisance
parameters aﬀecting the revision statistics when real-time data are adjusted for benchmark
revisions by misapplied conversion methods. The empirical examination is carried out for
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industrial production and orders on the basis of the revision procedure established in 1999.
From the real-time data sets available for these variables, we extract the ﬁrst, second,
quarterly and ﬁnal (or annual) releases since the reporting month of January 1999 and
compute remaining revision statistics. To abbreviate the revision series under study, let us
use 1–F, 2–F and Q–F as acronyms, in which “1” denotes the ﬁrst, “2” the second, “Q” the
quarterly and “F” the ﬁnal release.20 Since the latest annual revision ﬁnalized the index
values of the year 2005, a maximum of 84 observations are available.
The specialty of the real-time data under consideration is the base year changeover
analyzed in Section 3, requiring the old-base-year vintages be converted by the methods
discussed above. Table 3 summarizes the empirical revision statistics. With respect to
levels, the item “original” means the purely hypothetical case where the benchmark revision
is ignored. The same column heading, however, sorted in the category “ﬁrst diﬀerence”
reports the results of the diﬀerencing method.
Let us ﬁrst consider the case in which the benchmark revision is ignored. Among
the poor results reported for both variables, those of orders are comparably worse. This
observation might point to the fact that the errors caused by ignorance turn out to depend,
to a larger extent, on the intercept term than on the elasticity parameter. By comparing
the conversion factors in rebasing, which are 0.86 for production and 0.79 for orders, it is
evident that the need to downshift the old-base-year vintages is stronger for orders. Since
all conversion methods deal with the shift in some form or another, revision statistics
improve considerably relative to no adjustment.
In the case of production levels, the ﬁrst releases seem to systematically underestimate
the ﬁnal index values. This conclusion is drawn from signiﬁcantly negative revision means
reported for the regression approach.21 When vintages were rebased instead, the results
would suggest the ﬁrst releases to be unbiased predictors of the ﬁnal release. While no
bias (truly) exists between the quarterly and the ﬁnal releases, rebasing induces a weakly
signiﬁcant positive revision mean. These results clearly indicate that wrong conclusions
may be drawn if the unit elasticity condition is not met. Regarding revision volatilities, we
observe a falling trend from the 1–F through the 2–F and the Q–F revisions. This pattern
is fully consistent with the model of the revision process presented in (7). It is not puzzling
that this property is found for all conversion methods, taking into account the fact that
nuisance parameters do not depend on the revision number. In relative terms, the observed
revision variances are clearly higher for rebasing than for the regression approach.
For the levels of orders received, all provisional releases are biased predictors of the
ﬁnal release because the regression approach comes out with signiﬁcantly negative revision
means. The minor diﬀerences existing in relation to the rebasing method suggest that the
statistical rejection of the unit elasticity condition turns out to be largely irrelevant from
an empirical point of view. Compared with the regression approach, however, rebasing pro20

In the present setup, the quarterly and ﬁnal releases are not diagonals in strict form. In both cases,
the patterns tailored out of the real-time databases rather resemble step functions.
21
The theoretical considerations of the previous section have shown that the regression approach does
not imply nuisance parameters aﬀecting the revision mean. Hence, the outcomes of this conversion method
are generally seen to best proxy true revision biases.
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Table 3: Revision statistics
A. Production
statistic
meana,b

revision
1–F

original
1.94

level
rebasing
−0.08

2–F

1.83

0.03

Q–F

std. deviation

variance ratioc

1–F
2–F
Q–F
1–F
2–F
Q–F

(1.28)
(1.21)

1.91

(0.27)

regression
−0.35
−0.22

(0.15)

(0.25)

(0.14)

0.29

0.04

ﬁrst diﬀerence
original regression
−0.13
−0.12
(0.07)

(0.06)

−0.04

−0.04

(0.05)

0.01

(0.05)

0.01

(1.13)

(0.19)

(0.05)

(0.04)

(0.03)

6.25
5.95
5.58
6.58
7.60
16.37

1.46
1.32
0.97
1.54
1.68
2.85

0.95
0.78
0.34
1.00
1.00
1.00

0.85
0.63
0.43
1.10
1.15
1.13

0.77
0.55
0.38
1.00
1.00
1.00

B. Orders received
statistic
meana,b

revision
1–F

original
3.06

level
rebasing
−0.35

2–F

3.14

−0.22

−0.15

2.34

8.12
8.06
7.14
11.02
20.81
19.78

Q–F

std. deviation

variance ratioc

1–F
2–F
Q–F
1–F
2–F
Q–F

(1.68)
(1.66)
(1.44)

(0.07)

regression
−0.28

(0.05)

(0.05)

(0.05)

0.00

(0.03)

−0.01

−0.19

−0.13

−0.03

−0.03

0.75
0.43
0.39
1.02
1.10
1.08

0.74
0.39
0.36
1.00
1.00
1.00

0.82
0.50
0.43
0.98
0.98
0.98

0.83
0.51
0.44
1.00
1.00
1.00

(0.06)
(0.06)

(0.07)

ﬁrst diﬀerence
original regression
−0.14
−0.14

(0.05)

(0.03)

(0.04)
(0.03)

C. Interrelation
statistic
correlationa,b

a
b
c

revision
1–F

original
−0.14

1–F

−0.17

Q–F

−0.12

(0.10)
(0.11)
(0.09)

level
rebasing
0.24
(0.10)

0.08

(0.12)

0.03

(0.10)

regression
0.25
(0.09)

0.01

(0.11)

0.11

(0.13)

ﬁrst diﬀerence
original regression
0.43
0.44
(0.09)

0.05

(0.10)

0.31

(0.17)

(0.09)

0.05

(0.10)

0.30

(0.17)

The statistic is measured as a percentage of the ﬁnal index value.
Heteroskedasticity and autocorrelation consistent (HAC) standard errors compiled due to Newey
and West (1987) with lag truncation 4 are reported in parentheses.
The regression approach serves as reference.
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vides greater revision variances. The variance ratios are considerably smaller in magnitude
than those reported in Panel A. This observation can also be regarded as a consequence of
the near fulﬁlment of the unit elasticity condition.
The results are linked to the news-or-noise discussion of revision processes. Under the
news view, revision means must be zero, while they need not be so if revisions are regarded
as noise (see Faust et al., 2005, p.406). Since production and orders revisions mostly
possess signiﬁcant biases, the news view can be rejected for the revision procedures of these
variables without further testing. Instead, they turn out to be aﬀected by a substantial
proportion of noise. The declining trend found in the volatilities of the remaining revisions
is a piece of evidence pointing towards the hypothesis that revisions are noisy.
Regarding the empirical association between production and orders revisions in Panel C,
we observe a signiﬁcantly positive correlation between their 1–F revisions . The 2–F and the
Q–F revisions, however, aﬀect production and orders statistics in an unrelated manner. In
general, the outcomes of rebasing do not diﬀer much from those of the regression approach.
This result comes as no surprise because theory suggests that the unit elasticity condition
needs to be met for one variable only.
The properties of diﬀerencing as a standard conversion method can be checked by
comparing the revision statistics observed for this method with those resulting from the
real-time data which are ﬁrst converted by the regression approach and then transformed
into ﬁrst diﬀerences. Regarding revision means and correlations, the two approaches only
diﬀer marginally. In comparison with the clear superiority featuring the regression approach vis-à-vis the standard method in the level case, this result suggests that the eﬀect
of imposing the unit elasticity restriction is markedly less detrimental when the real-time
data are transformed into ﬁrst diﬀerences. The theoretical underpinning may be given by
the fact that the nuisance parameter is not time-dependent in the case of diﬀerencing.
Relative to its regression-based counterparts, diﬀerencing leads to higher revision variances in Panel A, while they are marginally lower in Panel B. Hence, for production where
the unit elasticity restriction is clearly rejected, the nuisance parameter induced by diﬀerencing is comparably more important. For orders with a1 ≈ 1, however, it is virtually zero,
whereas the estimation uncertainty brought with the regression approach lifts the empirical
revision variances. As regards revision volatilities, a ﬁnal observation is that production
and orders revisions diﬀer with respect to the variance shift parameter λ which stems from
diﬀerencing the real-time data. By considering the two columns headed by “regression”,
Panel A shows that the standard deviations are smaller when the revision processes of production are studied in ﬁrst diﬀerences than in levels. As depicted in Panel B, the opposite
is true for orders.

4.3

Modeling industrial production and orders revisions

The analytical aim of this section is to check the hypothesis that remaining revisions are
serially correlated and, if so, whether the autocorrelation pattern can be suitably proxied by
an autoregressive (AR) model. For this issue, we ﬁrst study the time series properties of the
remaining revision series of industrial production and orders by their autocorrelation and
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partial autocorrelation functions (henceforth abbreviated by ACF and PACF respectively).
On the basis of these results, AR models are then ﬁtted to the revision series.
Real-time data of production and orders indices comprise all vintages published since
March 1999. Revision series generally start in January 1999. In Figure 2, their plots
are displayed in two versions concerning the treatment of the base year changeover. The
regression approach serves as reference and provides the series relevant for the subsequent
analysis. The reason for showing the rebased revision series, too, is to highlight that
misapplied conversion methods may induce strong deﬁciencies in the interim period where
the ﬁnal release is published with the new base year, while the previous releases are not.
Taking into account the previous results regarding the unit elasticity condition, it comes
as no surprise that the errors caused by rebasing are more pronounced for production than
for orders.
Missing values are observed for January 1999 and January 2002 in Figure 2(a) and for
January 2003 in Figure 2(b). In all instances, a delayed announcement was responsible
for the non-availability of a ﬁrst release.22 Moreover, it is conspicuous that production
revisions were comparably large in 1999. In the ﬁrst year of the new survey method, there
was a lack of experience on how to match the reports of the mutually exclusive groups
reporting either monthly or quarterly (see also Jung, 2003). At least since 2000, however,
the revision series reveal properties of stationary processes. Serial correlation is obvious in
the 2–F revisions of both variables, while it also seems present in the 1–F revisions. The
Q–F revisions, however, are of minor importance, not at least against the background that
they are, by construction of the revision procedure, always zero in fourth quarters.
Table 4 reports the ACFs and the PACFs of the revision series under review. In the case
of production revisions, the ACFs decay slowly, while the PACFs only exhibit signiﬁcant
spikes at some lags of low order. This observation is consistent with an autoregressive
structure. While the PACF of the 1–F revisions has signiﬁcant spikes at lag 1 and 3, it
is only the ﬁrst lag which is signiﬁcant for the 2–F and the Q–F revisions. Instead, the
ﬁrst-order partial autocorrelation of the 2–F revisions is 0.64, suggesting a high persistence.
The orders revisions show similar autocorrelation structures, as far as the 2–F and the Q–
F revisions are concerned. The degree of persistence, however, is generally lower because
the spikes, which are found to be statistically signiﬁcant in the ACFs and PACFs, take
deﬁnitely lower values compared with their production counterparts. The major diﬀerence
between the two variables refers to their 1–F revisions where, in the case of orders, both the
ACF and the PACF do not exhibit signiﬁcant spikes at low lags. Hence, the 1–F revisions
of orders turn out to be (near) white noise.
22

The notion “ﬁrst release” has to be understood in the context of the publication pattern established in
1999. When the index is not announced at about t+37 days, there is no ﬁrst release in our understanding,
even though there would be, of course, a ﬁrst announcement of the index at some point later. The missing
January 1999 ﬁrst release of production is explained by adjustment problems during the conversion of
the survey method. The base year changeover is responsible for the missing ﬁrst release of the orders
received in January 2003. No reason of this kind, however, can be found to explain why the January 2002
production index was not published in time.
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Figure 2: Revision plots

The remaining revisions resulting from the regression approach are depicted by solid lines, the remaining
revisions resulting from rebasing by the dashed lines. Note that the scale of production revisions is doubled
compared with that of orders. The horizontal axes display the reporting month.
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Table 4: Revision autocorrelation patterns
A. Production
lag
statistic
ACFa

revision
1–F
2–F
Q–F
1–F

PACFb

2–F
Q–F

1
0.40

(0.11)

0.64

(0.11)

0.39

(0.11)

0.40

(0.11)

0.64

2
0.29

(0.13)

0.45

(0.15)

0.10

(0.12)

0.15

(0.11)

0.07

(0.11)

(0.11)

0.39

−0.06

(0.11)

(0.11)

3
0.40

4
0.22

(0.13)

5
0.15

(0.15)

0.34

(0.15)

0.30

(0.16)

0.28

(0.14)

0.29

−0.04

−0.01

0.05

0.08

(0.11)

(0.11)

0.19

0.18

(0.11)

(0.18)

0.29

(0.13)
(0.11)

0.19

(0.18)

(0.13)
(0.11)

(0.15)

0.29

(0.17)

0.18

6
0.28

(0.11)

0.15

(0.14)

0.15

(0.11)

(0.11)

0.10

−0.11

0.15

−0.01

(0.11)
(0.11)

(0.11)
(0.11)

B. Orders received
lag
statistic
ACFa

revision
1–F
2–F
Q–F
1–F

PACFb

2–F
Q–F

1
−0.15
(0.11)

0.21

(0.11)

2
−0.04

3
−0.10

0.10

−0.06

(0.11)
(0.11)

(0.11)
(0.11)

4
0.07

5
−0.18
(0.11)

(0.12)

0.06

−0.02

−0.11
−0.02

(0.11)
(0.12)

(0.12)

6
0.20

(0.12)

(0.11)

(0.12)

(0.12)

(0.12)

0.05

−0.13

−0.15

−0.07

−0.12

0.04

−0.18
(0.11)

(0.11)

0.06

−0.09

−0.13

0.26

(0.11)

0.21

(0.11)

0.26

(0.11)

0.21

(0.11)
(0.11)

0.16

(0.11)

a

0.11

(0.11)

(0.11)

(0.12)

(0.11)

(0.11)

0.09

−0.04

0.03

−0.01

−0.17

(0.11)

(0.11)

(0.11)
(0.11)

(0.12)

0.15

(0.11)

0.03

(0.11)

Standard errors (imposing Bartlett’s moving average assumption) are reported in
parentheses.
b
Standard errors are reported in parentheses.
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Table 5: AR revision models

const.
AR(1)
AR(3)

production
1–F
2–F
Q–F
−0.10 −0.10 0.02
(0.10)

(0.07)

(0.03)

0.31

0.64

0.43

(0.10)

(0.08)

AC LM(4)
AC LM(12)
ARCH LM(2)

(0.09)

(0.05)

0.30

(0.10)

(0.04)

0.35

(0.11)

(0.11)

0.09
0.01

0.11
1.01

0.32

(0.10)

AR(4)
R2
AC LM(2)

orders received
1–F
2–F
Q–F
−0.28 −0.12 −0.10

0.23

(0.09)

0.27
0.14

[0.93]

3.52

[0.47]

16.62

0.44
1.37

[0.50]

2.86

[0.44]

0.60

0.00
1.93

[0.38]

2.81

[0.58]

[0.96]

[0.59]

5.64

11.66

13.11

[0.16]

[0.93]

0.65

19.67

[0.42]

0.33
1.63

[0.00]

[0.47]

2.73

[0.10]

[0.36]

3.53

[0.06]

[1.00]

0.43

[0.98]

5.05

[0.96]

0.12

[0.72]

[0.60]

4.64

[0.33]

7.43

[0.83]

0.42

[0.52]

Standard errors of estimates are reported in parentheses, p-values of
diagnostic checks in brackets.

Table 5 shows the AR models ﬁtted to the revision series of industrial production and
orders. Allowing for lag length 6 at most, redundant lags are sequentially dropped from the
equations by using the AIC. The parsimonious AR(1) is found to be the best approximation
to one half of the series. This group is therefore characterized by some degree of persistence
which is deﬁnitely strongest in the case of the 2–F production revisions. In contrast, the
estimated AR(1) coeﬃcients of the 1–F and the Q–F orders revisions take comparably
smaller values. As expected, the 1–F production revisions resemble an AR(3) process,
whereas an AR(4) is found for the Q–F production revisions. In the latter cases, the
dominating oscillation is enriched by minor ﬂuctuations of high frequency. In the equation
for the 1–F orders revisions, no stochastic regressor survives, conﬁrming the view that these
are best approximated by a white noise process. Furthermore, all equations except that of
the Q–F production revision possess a negative intercept term, mirroring the observation
of Table 3 that provisional releases tend to underestimate the ﬁnal index values.
Finally, diagnostic checks do not point to misspeciﬁcation in neither case. In particular,
the lag structures seem to be appropriately chosen as the LM tests do not reject the hypothesis that autocorrelation of orders 2, 4 and 12 is absent in all residual series. However,
there is a problem of ARCH eﬀects in the AR(1) model for the 2–F production revisions.
This deﬁciency is mainly due to the year 1999, when revisions were, for reasons already
mentioned, exceptionally large.
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In sum, the results of this section indicate that the remaining revisions of industrial
production and orders (mostly) possess autoregressive patterns. This evidence conﬁrms the
assumption imposed on the revision process in the theoretical framework of Section 4.1.

5

Conclusion

The paper has laid emphasis on benchmark revisions in real-time data. The example of the
German production and orders statistics has shown that both econometric modeling and
the analysis of regular revisions might be aﬀected considerably, suggesting the usefulness
of ﬁrst checking the nature of benchmark revisions. While structural break tests are able
to detect heterogeneities within vintages, systems cointegration tests may be the ﬁrst step
in overcoming inconsistencies across vintages. In fact, hypothesis tests may diagnose that
diﬀerencing and rebasing are inadequate methods for adjusting real-time data for benchmark revisions. According to theoretical arguments as well as the empirical evidence from
the application at hand, vintage transformation functions estimated by cointegrating regressions between ﬁnal data under diﬀerent measurement systems have been proven to be
ﬂexible means of creating congruent real-time data sets.
The consequences of three benchmark revisions on the real-time data of industrial production and orders have been studied. First, structural break tests have shown that the
1995 reclassiﬁcations of economic sectors and products cause a mean shift in the cointegrating relation between production and orders at the beginning of 1995. Second, the
estimated vintage transformation functions modeling the changeover to base year 2000 are
signiﬁcantly diﬀerent for production and orders, altering the empirical measurement of
the long-run relationship between the two variables. Third, on the basis of real-time data
starting in 1999, provisional ﬁgures of production and orders have been proven to underestimate the ﬁnal index values, at least as far as the ﬁrst release is concerned. Moreover,
remaining revisions are generally not free of serial correlation.
Knowledge of systematic components in regular revisions helps to assess the true state
of current industrial activity by provisional announcements and may improve forecasts.
However, it was beyond the focus of this paper to propose a concrete forecasting model on
the basis of the obtained results. In order to reach this goal, the predictability of regular
revisions would have to, of course, be analyzed more thoroughly, including their dependence
on business survey indicators (see Jacobs and Sturm, 2005) and ﬁnancial indicators like
monetary aggregates or interest rate spreads.
In conceptual terms, it would certainly be interesting to examine the consequences of
benchmark revisions in other statistical measurement systems. In particular, it would be
worthwhile considering whether base year changeovers possess similarly marked eﬀects in
national accounts. As theory suggests that growth rates of nominal or chained-weighted
real variables should not be aﬀected by pure base year shifts, existing real-time data include
a number of candidates for which the unit elasticity condition should be fulﬁlled.
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A

Proofs

Proof of Proposition 1
The revision mean follows immediately from using the expectation operator in (9) with
E[ε(t)] = 0 and E[ξv (t)] = 0.
In order to prove the second result, consider
t


ε(i) + μ(L) ε(t) + ξv (t).
[x̄(t, v) − x(t)] − E[x̄(t, v) − x(t)] = (1 − a1 )
i=1

The revision variance results from squaring the equation and taking expectations
t


2
2
2
2
2
E[ε(i)] + μ (1)E[ε(t)] +
E [x̄(t, v) − x(t)] − E[x̄(t, v) − x(t)] = (1 − a1 )



2

i=1

+ E[ξv (t)]

with E[ε(t)]2 = σε2 , E[ξv (t)]2 = σv2 and E[ε(t)ξv (t + i)] = 0 ∀ i.



Proof of Proposition 2
The use of the expectation operator in (10) gives
E[x̂(t, v) − x(t)] = [E(â0 ) − a0 ] + [E(â1 ) − a1 ] m t
because E[ε(t)] = 0 and E[ξv (t)] = 0 and by independence of â1 and ε. The consistency of
the estimates, i.e. E(â0 ) = a0 and E(â1 ) = a1 , in turn implies E[x̂(t, v) − x(t)] = 0.
To derive the expression for the revision variance, square (10) and take expectations.
This yields


t

 2

2
2
E[x̂(t, v) − x(t)] = σv + Var(â0 ) + E (â1 − a1 ) m t +
ε(i) + μ(L) ε(t)
+
i=1



t



ε(i) + μ(L) ε(t)
+2E (â0 − a0 )(â1 − a1 ) m t +



i=1

because â0 and â1 are independent of ε. For further calculation, deﬁne


t

 2

ε(i) + μ(L) ε(t)
.
Λ1 ≡ E (â1 − a1 ) m t +
i=1

Owing to independence of â1 and ε, covariance terms can be ignored. Λ1 simpliﬁes to
Λ1 = (m t)2 E(â1 − a1 )2 +


t


E(â1 − a1 )2 E[ε(i)]2 + E(â1 − a1 )2 E[μ(L)ε(t)]2

i=1


= (m t) + [μ (1) + t]σε2 Var(â1 ).
2

2
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In parallel, deﬁne

t



Λ2 ≡ E (â0 − a0 )(â1 − a1 ) m t +
ε(i) + μ(L) ε(t) = (m t) Cov(â0 , â1 )


i=1

because of the above-mentioned independence properties of the random variables.
In sum, the revision variance is E[x̂(t, v) − x(t)]2 = σv2 + Λ with
Λ ≡ Var(â0 ) + Λ1 + 2Λ2


= Var(â0 ) + (m t)2 + [μ2 (1) + t]σε2 Var(â1 ) + 2 (m t) Cov(â0 , â1 ).

Proof of Proposition 3
The revision mean follows immediately from using the expectation operator in (12) with
E[ε(t)] = 0, E[ξv (t)] = 0 and E[ξv+1 (t)] = 0.
Owing to independence of ε and ξi , i = v, v + 1, the revision variance is

2
2
Var[Δx̄(t, v) − Δx(t)] = (1 − a1 ) E [1 + (1 − L)μ(L)]ε(t) + E[ξv (t) − ξv+1 (t − 1)]2
The ﬁrst term is (1 − a1 )2 [1 + 2μ2 (1)]σε2 . Due to (7) and cross-correlation between releases,
the second term is
2
E[ξv (t) − ξv+1 (t − 1)]2 = E[ξv2 (t)] + E[ξv+1
(t − 1)] − 2E[ξv (t)ξv+1 (t − 1)]
2
= δ 2v [1 + θv2 (1)]σξ2 + δ 2(v+1) [1 + θv+1
(1)]σξ2 −

− 2δ 2v+1 θv (1)[1 + θv+1 (1)]Cov[ξ(t − 1, v), ξ(t − 1, v + 1)].
With Cov[ξ(t − 1, v), ξ(t − 1, v + 1)] = σξ2 ρv,v+1 , the equation can be transformed to
E[ξv (t) − ξv+1 (t − 1)]2 = λ δ 2v [1 + θv2 (1)]σξ2
where
λ = 1 + δ2

2
1 + θv+1
(1)
θv (1)[1 + θv+1 (1)]
−
2δ
ρv,v+1 .
1 + θv2 (1)
1 + θv2 (1)


Proof of Proposition 4
By multiplying the expression of [x̂(t, v) − x(t)], which is given in (10), with its analog for [ŷ(t, v) − y(t)] and taking expectation, the cross products between the three main
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components can be ignored owing to the independence of parameter estimates across transformation functions due to separate estimation. Thus, the covariance is
E[x̂(t, v) − x(t)][ŷ(t, v) − y(t)] = E[ξv (t)ηv (t)] + E[(â0 − a0 )(b̂0 − b0 )] +


t


ε2 (i) + μ(L)κ(L)ε2 (t) .
+ E (â1 − a1 )(b̂1 − b1 )
i=1

Since the parameter estimates of the transformation functions are further independent of
the stochastic elements of the data generating processes, the third term can be rearranged,
simplifying the covariance expression to
E[x̂(t, v) − x(t)][ŷ(t, v) − y(t)] = E[ξv (t)ηv (t)] + E[(â0 − a0 )(b̂0 − b0 )] +
+ [μ(1)κ(1) + t]σε2 E[(â1 − a1 )(b̂1 − b1 )].
The expressions E[(â0 − a0 )(b̂0 − b0 )] and E[(â1 − a1 )(b̂1 − b1 )] are zero because the estimates
are supposed to be consistent. As a consequence, the last two terms disappear, suggesting
that the observed revision covariance coincides with the covariance of the revision processes.
The use of Cov[ξv (t), ηv (t)] = E[ξv (t)ηv (t)] completes the proof of the statement for the
regression approach.
In the case of rebasing, the covariance can be derived quite similarly as
E[x̄(t, v) − x(t)][ȳ(t, v) − y(t)] = Cov[ξv (t), ηv (t)] + (ā0 − a0 )(b̄0 − b0 ) +
+ (1 − a1 )(1 − b1 )[μ(1)κ(1) + t]σε2 .
In the case of diﬀerencing, the covariance is given by
E[Δx̄(t, v) − Δx(t)][Δȳ(t, v) − Δy(t)] = Cov[Δξv (t), Δηv (t)] + (1 − a1 )(1 − b1 ) ×
× E[1 + (1 − L)μ(L)ε(t)][1 + (1 − L)κ(L)ε(t)]
= Cov[Δξv (t), Δηv (t)] + (1 − a1 )(1 − b1 ) ×
× [1 + 2μ(1)][1 + 2κ(1)]σε2 .
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(eds.), Ifo Survey Data in Business Cycle and Monetary Policy Analysis, Heidelberg and
New York: Physica: 93-114.
Johansen, Søren (1991), Estimation and Testing of Cointegration Vectors in Gaussian
Vector Autoregressive Models, Econometrica 59, 6: 1551-1580.

27

Johansen, Søren, Rocco Mosconi and Bent Nielsen (2000), Cointegration Analysis
in the Presence of Structural Breaks in the Deterministic Trend, Econometrics Journal
3: 216-249.
Jung, Sandra (2003), Revisionsanalyse des deutschen Produktionsindex, Wirtschaft und
Statistik 9/2003: 819-826.
Keane, Michael P. and David E. Runkle (1990), Testing the Rationality of Price
Forecasts: New Evidence from Panel Data, American Economic Review 80, 4: 714-735.
Kennedy, James (1993), An Analysis of Revisions to the Industrial Production Index,
Applied Economics 25: 213-219.
Lütkepohl, Helmut (2005), New Introduction to Multiple Time Series Analysis, Berlin
et al.: Springer.
Mankiw, N. Gregory and Matthew D. Shapiro (1986), News or Noise: An Analysis
of GNP Revisions, Survey on Current Business 66, 5: 20-25.
Mankiw, N. Gregory, David E. Runkle and Matthew D. Shapiro (1984), Are Preliminary Announcements of the Money Stock Rational Forecasts?, Journal of Monetary
Economics 14: 15-27.
Mork, Knut Anton (1987), Ain’t Behavin’: Forecast Errors and Measurement Errors
in Early GNP Estimates, Journal of Business and Economic Statistics 5, 2: 165-175.
Newey, Whitney K. and Kenneth D. West (1987), A Simple, Positive Semi-Deﬁnite,
Heteroskedasticity and Autocorrelation Consistent Covariance Matrix, Econometrica 55,
3: 703-708.
Nowack, Marlene and Joachim Weisbrod (1995), Auswirkungen der NACEVerordnung und der PRODOM-Verordnung auf die kurzfristigen Statistiken im Bergbau
und im Verarbeitenden Gewerbe, Wirtschaft und Statistik 3/1995: 192-200.
Patterson, Kerry D. (2000), Which Vintage of Data to Use When There Are Multiple
Vintages of Data? Cointegration, Weak Exogeneity and Common Factors, Economics
Letters 69: 115-121.
Patterson, Kerry D. (2002), The Data Measurement Process for UK GNP: Stochastic
Trends, Long Memory, and Unit Roots, Journal of Forecasting 21: 245-264.
Patterson, Kerry D. (2003), Exploiting Information in Vintages of Time-Series Data,
International Journal of Forecasting 19: 267-281.
Patterson, Kerry D. and Saeed M. Heravi (1991), Data Revisions and the Expenditure Components of GDP, Economic Journal 101: 887-901.

28

Phillips, Peter C.B. and Bruce E. Hansen (1990), Statistical Inference in Instrumental Variables Regression with I(1) Processes, Review of Economic Studies 57: 99-125.
Quandt, Richard E. (1960), Tests of Hypothesis That a Linear Regression System Obeys
Two Separate Regimes, Journal of the American Statistical Association 55: 325-330.
Saikkonen, Pentti and Helmut Lütkepohl (2000), Testing for the Cointegrating Rank
of a VAR Process With Structural Shifts, Journal of Business and Economic Statistics
18, 4: 451-464.
Siklos, Pierre L. (1996), An Empirical Exploration of Revisions in US National Income
Aggregates, Applied Financial Economics 6: 59-70.
Swanson, Norman R. (1996), Forecasting Using First-Available Versus Fully Revised
Economic Time-Series Data, Studies in Nonlinear Dynamics and Econometrics 1, 1:
47-64.
Swanson, Norman R. and Dick van Dijk (2006), Are Statistical Reporting Agencies
Getting It Right? Data Rationality and Business Cycle Asymmetry, Journal of Business
and Economic Statistics 24, 1: 24-42.
Swanson, Norman R., Eric Ghysels and Myles Callan (1999), A Multivariate
Time Series Analysis of the Data Revision Process for Industrial Production and the
Composite Leading Indicator, in: Engle, Robert F. and Halbert White (eds.), Cointegration, Causality, and Forecasting—A Festschrift in Honour of Clive W.J. Granger,
Oxford and New York: Oxford University Press: 45-75.

29

The following Discussion Papers have been published since 2005:
Series 1: Economic Studies
1

2

3

4

2005

Financial constraints and capacity adjustment
Ulf von Kalckreuth
Emma Murphy

2005

in the United Kingdom – Evidence from a
large panel of survey data
Common stationary and non-stationary
factors in the euro area analyzed in a
large-scale factor model
Financial intermediaries, markets,

F. Fecht, K. Huang,

and growth

A. Martin

The New Keynesian Phillips Curve
in Europe: does it fit or does it fail?

Peter Tillmann

2005

2005

Sandra Eickmeier

5

2005

Taxes and the financial structure
of German inward FDI

Fred Ramb
A. J. Weichenrieder

6

2005

International diversification at home

Fang Cai

and abroad

Francis E. Warnock

Multinational enterprises, international trade,
and productivity growth: Firm-level evidence

Wolfgang Keller

from the United States

Steven R. Yeaple

7

2005

8

2005

Location choice and employment
decisions: a comparison of German
and Swedish multinationals

S. O. Becker,
K. Ekholm, R. Jäckle,
M.-A. Muendler

9

2005

Business cycles and FDI:
evidence from German sectoral data

Claudia M. Buch
Alexander Lipponer

10

2005

Multinational firms, exclusivity,
and the degree of backward linkages

Ping Lin
Kamal Saggi

30

11

2005

Firm-level evidence on international

Robin Brooks

stock market comovement

Marco Del Negro

12

2005

The determinants of intra-firm trade: in search
for export-import magnification effects

Peter Egger
Michael Pfaffermayr

13

2005

Foreign direct investment, spillovers and
absorptive capacity: evidence from quantile
regressions

Sourafel Girma
Holger Görg

Learning on the quick and cheap: gains

James R. Markusen

from trade through imported expertise

Thomas F. Rutherford

Discriminatory auctions with seller discretion:
evidence from German treasury auctions

Jörg Rocholl
B. Hamburg,
M. Hoffmann, J. Keller

14

15

2005

2005

16

2005

Consumption, wealth and business cycles:
why is Germany different?

17

2005

Tax incentives and the location of FDI:
Thiess Buettner
evidence from a panel of German multinationals Martin Ruf

18

2005

Monetary Disequilibria and the
Euro/Dollar Exchange Rate

Dieter Nautz
Karsten Ruth

19

2005

Berechnung trendbereinigter Indikatoren für
Deutschland mit Hilfe von Filterverfahren

Stefan Stamfort

20

21

2005

2005

How synchronized are central and east
European economies with the euro area?
Evidence from a structural factor model

Sandra Eickmeier
Jörg Breitung

Asymptotic distribution of linear unbiased
estimators in the presence of heavy-tailed
stochastic regressors and residuals

J.-R. Kurz-Kim
S.T. Rachev
G. Samorodnitsky

31

22

2005

The Role of Contracting Schemes for the
Welfare Costs of Nominal Rigidities over
the Business Cycle

Matthias Paustian

23

2005

The cross-sectional dynamics of German
business cycles: a bird’s eye view

J. Döpke, M. Funke
S. Holly, S. Weber

24

2005

Forecasting German GDP using alternative
factor models based on large datasets

Christian Schumacher

25

2005

Time-dependent or state-dependent price

26

2005

setting? – micro-evidence from German
metal-working industries –

Harald Stahl

Money demand and macroeconomic

Claus Greiber

uncertainty

Wolfgang Lemke

27

2005

In search of distress risk

J. Y. Campbell,
J. Hilscher, J. Szilagyi

28

2005

Recursive robust estimation and control
without commitment

Lars Peter Hansen
Thomas J. Sargent

29

2005

Asset pricing implications of Pareto optimality
with private information

N. R. Kocherlakota
Luigi Pistaferri

30

2005

Ultra high frequency volatility estimation
with dependent microstructure noise

Y. Aït-Sahalia,
P. A. Mykland, L. Zhang

31

2005

Umstellung der deutschen VGR auf Vorjahrespreisbasis – Konzept und Konsequenzen für die
aktuelle Wirtschaftsanalyse sowie die ökonometrische Modellierung
Karl-Heinz Tödter

32

32

33

2005

2005

Determinants of current account developments
in the central and east European EU member
states – consequences for the enlargement of
the euro erea

Sabine Herrmann
Axel Jochem

An estimated DSGE model for the German
economy within the euro area

Ernest Pytlarczyk

34

2005

Rational inattention: a research agenda

Christopher A. Sims

35

2005

Monetary policy with model uncertainty:

Lars E.O. Svensson

distribution forecast targeting

Noah Williams

36

2005

Comparing the value revelance of R&D report- Fred Ramb
ing in Germany: standard and selection effects Markus Reitzig

37

2005

European inflation expectations dynamics

J. Döpke, J. Dovern
U. Fritsche, J. Slacalek

38

2005

Dynamic factor models

Sandra Eickmeier
Jörg Breitung

39

2005

Short-run and long-run comovement of
GDP and some expenditure aggregates
in Germany, France and Italy

Thomas A. Knetsch
Ulf von Kalckreuth

40

2005

A“wreckers theory” of financial distress

41

2005

Trade balances of the central and east
European EU member states and the role
of foreign direct investment

Sabine Herrmann
Axel Jochem
Jörg Breitung
M. Hashem Pesaran

42

2005

Unit roots and cointegration in panels

43

2005

Price setting in German manufacturing:
new evidence from new survey data
33

Harald Stahl

1

2006

The dynamic relationship between the Euro
overnight rate, the ECB’s policy rate and the
term spread

Dieter Nautz
Christian J. Offermanns
Álvarez, Dhyne, Hoeberichts
Kwapil, Le Bihan, Lünnemann
Martins, Sabbatini, Stahl
Vermeulen, Vilmunen

2

2006

Sticky prices in the euro area: a summary of
new micro evidence

3

2006

Going multinational: What are the effects
on home market performance?

Robert Jäckle

4

2006

Exports versus FDI in German manufacturing:
firm performance and participation in interJens Matthias Arnold
national markets
Katrin Hussinger

5

2006

A disaggregated framework for the analysis of Kremer, Braz, Brosens
structural developments in public finances
Langenus, Momigliano
Spolander

6

2006

Bond pricing when the short term interest rate
follows a threshold process

7

2006

Has the impact of key determinants of German
exports changed?
Results from estimations of Germany’s intra
euro-area and extra euro-area exports
Kerstin Stahn

8

2006

The coordination channel of foreign exchange

Wolfgang Lemke
Theofanis Archontakis

Stefan Reitz

intervention: a nonlinear microstructural analysis Mark P. Taylor
9

2006

Capital, labour and productivity: What role do
they play in the potential GDP weakness of
France, Germany and Italy?

Antonio Bassanetti
Jörg Döpke, Roberto Torrini
Roberta Zizza

10

2006

Real-time macroeconomic data and ex ante

J. Döpke, D. Hartmann

predictability of stock returns

C. Pierdzioch

34

11

12

13

14

15

16

2006

2006

2006

2006

2006

2006

The role of real wage rigidity and labor market
frictions for unemployment and inflation
dynamics

Kai Christoffel
Tobias Linzert

Forecasting the price of crude oil via
convenience yield predictions

Thomas A. Knetsch

Foreign direct investment in the enlarged EU:
do taxes matter and to what extent?

Guntram B. Wolff

Inflation and relative price variability in the euro Dieter Nautz
area: evidence from a panel threshold model

Juliane Scharff

Internalization and internationalization
under competing real options

Jan Hendrik Fisch

Consumer price adjustment under the
microscope: Germany in a period of low
inflation

Johannes Hoffmann
Jeong-Ryeol Kurz-Kim

17

2006

Identifying the role of labor markets
for monetary policy in an estimated
DSGE model

Kai Christoffel
Keith Küster
Tobias Linzert

18

2006

Do monetary indicators (still) predict
euro area inflation?

Boris Hofmann

19

2006

Fool the markets? Creative accounting,
fiscal transparency and sovereign risk premia

Kerstin Bernoth
Guntram B. Wolff

20

2006

How would formula apportionment in the EU
affect the distribution and the size of the
corporate tax base? An analysis based on
German multinationals

Clemens Fuest
Thomas Hemmelgarn
Fred Ramb

35

21

2006

Monetary and fiscal policy interactions in a New
Keynesian model with capital accumulation
and non-Ricardian consumers

Campbell Leith
Leopold von Thadden

22

2006

Real-time forecasting and political stock market Martin Bohl, Jörg Döpke
anomalies: evidence for the U.S.
Christian Pierdzioch

23

2006

A reappraisal of the evidence on PPP:
a systematic investigation into MA roots

Christoph Fischer

in panel unit root tests and their implications

Daniel Porath

24

2006

Margins of multinational labor substitution

Sascha O. Becker
Marc-Andreas Mündler

25

2006

Forecasting with panel data

Badi H. Baltagi

26

2006

Do actions speak louder than words?
Household expectations of inflation based
on micro consumption data

Atsushi Inoue
Lutz Kilian
Fatma Burcu Kiraz

27

2006

Learning, structural instability and present
value calculations

H. Pesaran, D. Pettenuzzo
A. Timmermann

28

2006

Empirical Bayesian density forecasting in
Iowa and shrinkage for the Monte Carlo era

Kurt F. Lewis
Charles H. Whiteman

29

2006

The within-distribution business cycle dynamics Jörg Döpke
of German firms
Sebastian Weber

30

2006

Dependence on external finance: an inherent
industry characteristic?

George M. von Furstenberg
Ulf von Kalckreuth

31

2006

Comovements and heterogeneity in the
euro area analyzed in a non-stationary
dynamic factor model

Sandra Eickmeier

36

32

33

34

2006

2006

2006

Forecasting using a large number of predictors: Christine De Mol
is Bayesian regression a valid alternative to
principal components?

Domenico Giannone
Lucrezia Reichlin

Real-time forecasting of GDP based on
a large factor model with monthly and
quarterly data

Christian Schumacher
Jörg Breitung

Macroeconomic fluctuations and bank lending: S. Eickmeier
evidence for Germany and the euro area

B. Hofmann, A. Worms

35

2006

Fiscal institutions, fiscal policy and
sovereign risk premia

Mark Hallerberg
Guntram B. Wolff

36

2006

Political risk and export promotion:

C. Moser

evidence from Germany

T. Nestmann, M. Wedow

37

38

2006

2006

Has the export pricing behaviour of German
enterprises changed? Empirical evidence
from German sectoral export prices

Kerstin Stahn

How to treat benchmark revisions?
The case of German production and
orders statistics

Thomas A. Knetsch
Hans-Eggert Reimers

37

Series 2: Banking and Financial Studies
1

2

2005

2005

Measurement matters – Input price proxies
and bank efficiency in Germany

Michael Koetter

The supervisor’s portfolio: the market price
risk of German banks from 2001 to 2003 –
Analysis and models for risk aggregation

Christoph Memmel
Carsten Wehn

3

2005

Do banks diversify loan portfolios?
A tentative answer based on individual
bank loan portfolios

Andreas Kamp
Andreas Pfingsten
Daniel Porath

4

2005

Banks, markets, and efficiency

F. Fecht, A. Martin

5

2005

The forecast ability of risk-neutral densities
of foreign exchange

Ben Craig
Joachim Keller

6

2005

Cyclical implications of minimum capital

7

8

2005

2005

requirements

Frank Heid

Banks’ regulatory capital buffer and the
business cycle: evidence for German

Stéphanie Stolz

savings and cooperative banks

Michael Wedow

German bank lending to industrial and nonindustrial countries: driven by fundamentals
or different treatment?

Thorsten Nestmann

9

2005

Accounting for distress in bank mergers

M. Koetter, J. Bos, F. Heid
C. Kool, J. Kolari, D. Porath

10

2005

The eurosystem money market auctions:

Nikolaus Bartzsch

a banking perspective

Ben Craig, Falko Fecht

Financial integration and systemic
risk

Falko Fecht
Hans Peter Grüner

11

2005

38

12

2005

Evaluating the German bank merger wave

Michael Koetter

13

2005

Incorporating prediction and estimation risk
in point-in-time credit portfolio models

A. Hamerle, M. Knapp,
T. Liebig, N. Wildenauer

14

2005

Time series properties of a rating system
based on financial ratios

U. Krüger, M. Stötzel,
S. Trück

15

2005

Inefficient or just different? Effects of
heterogeneity on bank efficiency scores

J. Bos, F. Heid, M. Koetter,
J. Kolatri, C. Kool

01

2006

Forecasting stock market volatility with
macroeconomic variables in real time

J. Döpke, D. Hartmann
C. Pierdzioch

02

2006

Finance and growth in a bank-based economy: Michael Koetter
is it quantity or quality that matters?
Michael Wedow

03

2006

Measuring business sector concentration
by an infection model

Klaus Düllmann

04

2006

Heterogeneity in lending and sectoral
growth: evidence from German
bank-level data

Claudia M. Buch
Andrea Schertler
Natalja von Westernhagen

05

2006

Does diversification improve the performance
of German banks? Evidence from individual
bank loan portfolios

Evelyn Hayden
Daniel Porath
Natalja von Westernhagen

06

2006

Banks’ regulatory buffers, liquidity networks
and monetary policy transmission

Christian Merkl
Stéphanie Stolz

07

2006

Empirical risk analysis of pension insurance –
the case of Germany

W. Gerke, F. Mager
T. Reinschmidt
C. Schmieder

39

08

2006

The stability of efficiency rankings when
risk-preferences and objectives are different

Michael Koetter

09

2006

Sector concentration in loan portfolios
and economic capital

Klaus Düllmann
Nancy Masschelein

10

2006

The cost efficiency of German banks:
a comparison of SFA and DEA

E. Fiorentino
A. Karmann, M. Koetter

40

Visiting researcher at the Deutsche Bundesbank

The Deutsche Bundesbank in Frankfurt is looking for a visiting researcher. Among others
under certain conditions visiting researchers have access to a wide range of data in the
Bundesbank. They include micro data on firms and banks not available in the public.
Visitors should prepare a research project during their stay at the Bundesbank. Candidates
must hold a Ph D and be engaged in the field of either macroeconomics and monetary
economics, financial markets or international economics. Proposed research projects
should be from these fields. The visiting term will be from 3 to 6 months. Salary is
commensurate with experience.
Applicants are requested to send a CV, copies of recent papers, letters of reference and a
proposal for a research project to:

Deutsche Bundesbank
Personalabteilung
Wilhelm-Epstein-Str. 14
D - 60431 Frankfurt
GERMANY

41

