Journal of Business Cycle Research (2021) 17:215-232
https://doi.org/10.1007/s41549-021-00055-5

REPORT
q

Check for
updates

Predicting the German Economy: Headline Survey Indices
Under Test

Robert Lehmann'® . Magnus Reif’

Received: 3 December 2020 / Accepted: 25 March 2021 / Published online: 15 April 2021
© The Author(s) 2021

Abstract

This analysis investigates the predictive power of the headline indices of the four
most important German survey providers. We conduct an out-of-sample, real-time
forecast experiment for growth of total and private sector gross domestic product
and growth of gross value added in both the manufacturing and the service sector.
All providers publish valuable leading indicators for both GDP measures, with some
advantages for the ifo indicators and the Economic Sentiment Indicator, respectively.
For the manufacturing sector, indicators provided by the ifo Institute are clearly
superior. For the service sector, all indicators prove to have a similar nowcasting
performance, whereas the Economic Sentiment Services of the Centre for European
Research is preferable for one quarter-ahead predictions.
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JEL Classification E17 - E27 - E37

1 Introduction

Survey indicators are a well-established source to derive early predictions on cur-
rent and future development of macroeconomic variables such as gross domestic
product (GDP) (see, for example, Angelini et al. 2011). For Germany, two survey
providers—namely the ifo Institute (ifo) and THS Markit (IHS)—and their corre-
sponding headline indices (the ifo Business Situation, the ifo Business Expectations,
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the ifo Business Climate, and the PMI Composite Output Index) receive consider-
able media attention each month and are found to be important for tracking eco-
nomic activity in both the Euro Area and Germany (see, for example, Basselier et al.
2018; de Bondt 2019; Fritsche and Stephan 2002; Lehmann 2020). Recently, the
indicators of both survey providers are listed on Bloomberg’s “12 Global Economic
Indicators to Watch”.! However, two further and very important survey providers
that publish monthly headline indices are mostly neglected in the public debate: the
Directorate-General for Economic and Financial Affairs of the European Commis-
sion (DF ECFIN) and the Centre for European Economic Research (ZEW). Whereas
the indicators of the former provider are also based on either business or consumer
surveys, the latter one uses a different source of information: the assessment of
financial experts.

In the case of the ifo Institute and IHS Markit, an ongoing debate across ana-
lysts takes place on which indicator is better suited to track the aggregate Germany
economy (see, for example, the Wall Street Journal or tradingfloor.com)” or certain
branches of the economy. An analysis by J.P. Morgan concludes that IHS Markit’s
service sector indicator is better in explaining movements in sectoral gross value
added than the ifo Business Expectations.® This exemplary analysis, however, only
investigates the in-sample fit of both indicators, that is, how much they can explain
a variable’s past fluctuations. From a forecaster’s perspective such an analysis is
of minor help as it does not take a stand on the indicators’ forecasting properties,
that is, on the reliability of the indicators’ signals for a variable’s current and future
development.

We conduct an out-of-sample, real-time forecast analysis which compares the
forecasting properties of the headline indices of the four very important survey
providers in Germany for the current quarter and one quarter-ahead predictions.
Instead of solely analyzing the properties for total GDP growth, we further study the
forecasting performance of the providers’ headline indices for private sector GDP
growth (that is market-traded output excluding public activities) and gross value
added (GVA) in the most important branches of the Germany economy, that is, man-
ufacturing and services. Furthermore, we discuss the indicators’ performance from
an applied forecasting stance, investigate the impact of two indicator transforma-
tions on the forecast performance, and the accuracy of the real-time forecasts for
revised data.

Our results can be summarized as follows. For total real GDP growth all provid-
ers publish meaningful and practical relevant leading indicators, with some advan-
tages for the ifo indicators in case of one quarter-ahead predictions. A similar picture
emerges for market-traded GDP, but in this case, the PMI Composite Output Index

1 Bloomberg, The 12 Global Economic Indicators to Watch, Update: December 1, 2020, https://www.
bloomberg.com/graphics/world-economic-indicators-dashboard.

2 The Wall Street Journal, Should You Believe German PMI or Ifo Data?, February 23, 2012. Trading-
Floor, 3 numbers to watch: German & Eurozone PMI, French bond auctions, April 23, 2012.

3 J.P. Morgan, Germany: PMI tracks services activity better than the IFO, August 27, 2019. Unfortu-
nately, there is no permanent link existing to this article.
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is advantageous for nowcasts in one of the two models, whereas the Economic Sen-
timent Indicator of DG ECFIN is preferred for next quarter forecasts. For the manu-
facturing sector, the ifo indicators—and here especially the ifo Business Situation
Manufacturing—are clearly superior with respect to the other providers’ headline
indices for both the nowcasting and the forecasting setup. For services, all providers
publish headline indices with a similar nowcasting performance; the Economic Sen-
timent Services of ZEW is superior in case of one quarter-ahead predictions.

The paper is organized as follows. In Sect. 2 we introduce the headline indices
of the four providers and the forecast experiment. Section 3 presents our baseline
results, followed by a discussion in Sect. 4. The last section concludes and gives an
outlook on future research activities.

2 Data and Forecast Experiment
2.1 Target Series

The four survey providers, which we evaluate, deliver headline indices for the aggre-
gate German economy as well as for manufacturing and services. In the out-of-
sample exercise, we therefore evaluate the forecasting performance for the following
target series: GDP, GVA in manufacturing, and GVA in the service sector. Addition-
ally, we consider GDP of the private sector economy, leaving activities of the gov-
ernment such as public administration or education aside. We do so because the pro-
viders do not survey the public sector at all which—given the public sector’s large
share of almost one-fifth in total GVA—might influence the results for total GDP.
All four target series are price-, seasonally- and calendar-adjusted, and transformed
into quarter-on-quarter growth rates in advance. Whereas total GDP and GVA in
manufacturing are officially published by the German Federal Statistical Office,
GVA in the aggregate service sector and private sector GDP are not readily available
in official German statistics. We calculate both aggregates by applying growth con-
tributions of the single sub-sectors, including all market-traded activities.*

To mimic the information set available to a forecaster at each period, we resort to
the real-time database of Deutsche Bundesbank. Each data vintage includes quar-
terly observations for the target series. For each target series, our forecast exercise
starts with the data vintage published in February 2012 and thus for the first release
of the target series referring to the fourth quarter of 2011. We do so because of data

4 Qur service sector aggregate comprises the following sub-sectors according to the German Classi-
fication of Economic Activities, Edition 2008 (WZ 2008): wholesale and retail trade; repair of motor
vehicles and motorcycles (section G), transportation and storage (section H), accommodation and food
service activities (section I), information and communication (section J), financial and insurance activi-
ties (section K), real estate activities (section L), professional, scientific and technical activities (section
M), administrative, and support service activities (section N). GDP of the private sector economy is the
aggregation of market-traded service activities plus agriculture, forestry and fishing (section A), mining
and quarrying (section B), manufacturing (section C), energy and water supply (sections D+E), and con-
struction (section F).
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limitations for the survey indicators and stick to this issue in Sect. 2.3 that describes
our forecasting exercise.

2.2 Headline Indices

The provider-specific headline indices for the target series are:’

e ifo: ifo Business Situation, ifo Business Climate, ifo Business Expectations;

e THS: PMI Composite Output Index, Manufacturing PMI, PMI Services Business
Activity Index;

o DG ECFIN: Economic Sentiment Indicator, Industrial Confidence Indicator,
Services Confidence Indicator;

e ZEW: Current Economic Situation, Economic Sentiment Manufacturing, Eco-
nomic Sentiment Services.

The two ifo headline indices—ifo Business Situation and ifo Business Expecta-
tions—are part of the monthly ifo Business Survey and are available for each single
sector. Firms can choose from three qualitative answers reflecting a positive, neutral,
or negative assessment. Both headline indices are calculated as the net balance of
positive and negative answers; the ifo Business Climate is the geometric average of
the two headline indices. The indices for the aggregate economy are calculated from
the sector-specific results by applying weights based on gross value added from
national accounts.

The headline index by IHS Markit for GDP—the PMI Composite Output Index—
is based on the information from manufacturing (Output Index) and services (Busi-
ness Activity Index). For services, construction, and retail, the headline indices of
IHS Markit are based on a question aiming at economic activity. For manufactur-
ing, the headline index is a composite indicator calculated as the weighted average
of the following five survey questions: new orders, output, employment, suppliers’
delivery times, and the stocks of materials purchased. All indicators are based on a
formula given the positive answer full weight, the neutral answers half weight, and
the negative answers zero weight. Thus, the indicator is centered around 50.

The Economic Sentiment Indicator is DG ECFIN’s headline index for GDP and
based on a weighted average of the (standardized) industry-specific Confidence Indi-
cators plus Consumer Confidence. The single Confidence Indicators are the result
of the Commission’s monthly “Joint and Harmonized Business and Consumer

5 We use the term headline index also in case of ifo, DG ECFIN as well as the ZEW and therefore
analog to IHS, that is, a headline index is the one closely watched by the markets (see IHS Markit 2017).
The Online Appendix contains a comprehensive table with key conceptual differences across the survey
providers’ headline indices. Additional and more detailed information can be found in: Sauer and Wohl-
rabe (2018) for ifo, IHS Markit (2019) for IHS, European Union (2016) for DG ECFIN, and Kohler and
Schmidt (2006) for ZEW. As we are restricted to show any indicator plots, we refer to the official repre-
sentations of the survey providers as well as to the existing literature (see, for example Broughton and
Lobo 2018; Christiansen et al. 2014; Hiifner and Schroder 2002; Lehmann 2020; Schroder and Hiifner
2002).
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Survey”. For the industrial sector, the Industrial Confidence Indicator is the mean
of the questions on production expectations, order books, and stock of finished prod-
ucts. Each question can be answered by three qualitative answers and the results are
represented in balances of positive and negative answers. The Services Confidence
Indicator is calculated accordingly and based on questions on the business climate
as well as past and future demand.

Compared to the previous three providers, the ZEW does not survey firms but
financial experts instead. The monthly survey is based on answers from 350 finan-
cial experts who are, infer alia, asked on the current economic situation and on
industry-specific expectations. As for the other surveys, the participants can choose
from three qualitative answers and the headline indices are presented in balances.
The ZEW Current Economic Situation can be seen as the headline index for GDP.
The ZEW Economic Sentiment Services is directly based on an expectations ques-
tion regarding the total service sector. Such an aggregate is, however, missing for
manufacturing. Nevertheless, the ZEW asks its financial experts on the following
industries, that account for more than 60% of GVA in manufacturing: automobile,
chemicals/pharmaceuticals, electronics, mechanical engineering, and steel produc-
tion. We apply official GVA weights from national accounts to weight these sub-
sectors together and calculate the Economic Sentiment Manufacturing.

2.3 Forecasting Approach

To compare the indicators’ predictive power for the current (nowcast, horizon:
h = 0) and the next quarter (forecast, horizon: 7 = 1), we apply two indicator mod-
els, AR-X(p,q), where p and g denote the lag length of the target series and the indi-
cator, respectively:

1. AR-X(0,0) model including a constant, and the contemporaneous value of an
indicator,

2. AR-X(0,g) model including a constant and up to a maximum of two lags of the
indicators to consider the indicators’ dynamics. We select the optimal lag number
q using the Akaike Information Criterion (AIC).®

Our sample for the forecasting experiment covers the period from the first quarter
2005 (the first period for which ifo service sector data is available) to the third quar-
ter of 2019; the first 28 quarters are used to compute sensible coefficient estimates.
Thus, the first now- and forecast is generated for the first quarter of 2012. After
calculating the first predictions, the sample is enlarged by one quarter of observa-
tions which is equal to a new vintage of data, the models are re-estimated, and new

5 We further apply an AR-X(1,0), an AR-X(1,q), and a Random Walk specification. The lag length
for GDP is fixed to unity because of the low persistence of German GDP growth (see Carstensen et al.
2020), which is also underpinned by the lag selection criteria. The three additional models delivered
higher forecast errors than the two indicator models. We therefore refrain from discussing them in the
main text, but put the results in the Online Appendix.
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now- and forecasts are generated. This procedure is repeated until the end of our
observation period. We assume that the now- and forecasts are generated at the end
of each quarter, thus, the seasonally-adjusted monthly survey indicators are trans-
formed to quarterly frequency by calculating quarterly averages.’

Moreover, we apply first differences of the indicators mainly because of the fol-
lowing two reasons. First, the literature focusing on Germanny has found that differ-
ence specifications yield lower forecast errors than their level counterparts (see, for
example, Henzel et al. 2015; Kholodilin and Siliverstovs 2006). Second, we follow
the discussion in the literature survey by Lehmann (2020). If a business cycle is
defined as a cyclical fluctuation around a trend, survey indicators that are defined by
a balance statistic measure these fluctuations by construction. In this case, the “neu-
tral” survey category represents the “normal” activity level of the economy, a posi-
tive balance can be interpreted as overutilization; the opposite holds for a negative
balance statistic. Given this argumentation, the reference series of survey indicator
in levels is the cyclical component of any macroeconomic aggregate (for example,
GDP). As we, however, forecast quarterly growth rates, we apply an asymmetric fil-
tering to the original target series. This filtering causes a phase shift of the series
back in time and thus suppresses the leading properties of the survey indicators
for the original series. Ultimately, the literature surveyed recommends to apply the
same transformation to the indicators as to the target series. We follow this recom-
mendation and also apply first differences in our baseline case. However, we will
discuss the transformation issue again in Sect. 4 by comparing the forecast errors of
the indicators in differences with those of its level counterparts.

The forecast comparison is based on root mean squared forecast errors (RMSFE).
We evaluate the now- and forecasts with respect to the first release of data for a spe-
cific quarter, which usually receives the highest media attention. Nevertheless, we
will also discuss the forecasting performance with respect to the final release of data
in Sect. 4. To statistically identify the “best” indicators, we apply the model confi-
dence set (MCS) procedure of Hansen et al. (2011). According to the MCS, “best”
comprises all models that are statistically superior for a given confidence level,
which we set to 90%. Thus, the MCS allows for making statements about statistical
significance, which are not possible according to standard pairwise comparisons.

3 Baseline Results

Total gross domestic product. The RMSFEs (in percentage points) for total GDP
growth, both forecast horizons, and each model are presented in Table 1. Figures in
bold face highlight the indicator with the lowest RMSFE. Across the two models,
all indicators deliver forecast errors within a quite similar range in the nowcasting
case. For the AR-X(0,0), the span ranges from 0.34 p.p. (ifo Business Expectations)

7 We also tested a different timing assumption. Specifically, we calculate the predictions at the end of
the second month of the quarter. The results are virtually identical and available upon request from the
authors.
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Table 1 Indicator performance for total GDP growth, in p.p

Horizon Indicator RMSFE RMSFE
AR-X(0,0) AR-X(0,q)

Nowcast ifo Business Situation Germany 0.38 0.36*
ifo Business Climate Germany 0.37 0.37*
ifo Business Expectations Germany 0.34* 0.40"
PMI Composite Output Index 0.36 0.36*
DG ECFIN Economic Sentiment Indicator 0.39 0.37*
ZEW Current Economic Situation 0.44 0.49

Forecast ifo Business Situation Germany 0.39* 0.39*
ifo Business Climate Germany 0.45 0.47
ifo Business Expectations Germany 0.45 0.55
PMI Composite Output Index 0.44 0.43
DG ECFIN Economic Sentiment Indicator 0.40* 0.46
ZEW Current Economic Situation 0.52 0.51

The table shows root mean squared forecast errors (RMSFE) of the two indicator models for both fore-
cast horizons (Nowcast horizon: & = 0, Forecast horizon: 4 = 1). Bold typeface indicates the best per-
forming indicator for each model-horizon combination. Asterisks indicate that the indicator is part of the
Model Confidence Set

to 0.44 p.p. (ZEW Current Economic Situation); the span for the AR-X(0,g) ranges
from 0.36 p.p. (PMI Composite Output Index) to 0.49 p.p. (ZEW Current Economic
Situation). However, the relative improvement of the best indicator over the worst is
23% (model 1) and 27% (model 2) or 0.09 p.p. and 0.13 p.p. in absolute terms. Set-
ting these differences in relation to the standard deviation in quarterly growth rates
of total GDP—O0.91 p.p. in our sample—means that the worst indicator produces a
higher RMSFE that corresponds to 15% of the series’ volatility. By taking a closer
look on the performance between IHS and DG ECFIN, our results for Germany
are in line with those for the euro area: the PMI Composite Output Index performs
slightly better than the DG ECFIN Economic Sentiment Indicator to nowcasting
GDP growth (see European Union 2017).

The differences across the indicators are a bit larger in the forecasting case. For
both models, the ifo Business Situation produces the lowest RMSFE (0.39 p.p.).
The largest average forecast errors is provided by the ZEW Current Economic Situ-
ation with 0.52 p.p. (model 1) and 0.51 p.p. (model 2). This amounts to a relative
improvement of 25% and 24% or to 0.14 p.p. and 0.12 p.p. in absolute terms. In
total, we conclude that all providers produce leading indicators for total German
GDP growth, with some advantages for the ifo Business Situation in the case of the
forecast.

Especially the finding that the ifo Business Situation works best in the forecasting
setup whereas the ifo Business Expectations work relatively better in the nowcasting
case is very interesting and worthwhile to mention. We can offer no final conclusion
to this result. However, it might be related to three issues. First, the wording of the
question might play a role. In fact, it is not quite clear which horizon the individual
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Table 2 Indicator performance for private sector GDP growth, in p.p

Horizon Indicator RMSFE RMSFE
AR-X(0,0) AR-X(0,q)
Nowcast ifo Business Situation Germany 0.47* 0.50
ifo Business Climate Germany 0.48* 0.48*
ifo Business Expectations Germany 0.47* 0.50
PMI Composite Output Index 0.47* 0.44*
DG ECFIN Economic Sentiment Indicator 0.50 0.49
ZEW Current Economic Situation 0.57 0.59
Forecast ifo Business Situation Germany 0.56 0.56
ifo Business Climate Germany 0.60 0.60
ifo Business Expectations Germany 0.57 0.65
PMI Composite Output Index 0.58 0.55
DG ECFIN Economic Sentiment Indicator 0.54* 0.52*
ZEW Current Economic Situation 0.69 0.65

The table shows root mean squared forecast errors (RMSFE) of the two indicator models for both fore-
cast horizons (Nowcast horizon: i = 0, Forecast horizon: 4 = 1). Bold typeface indicates the best per-
forming indicator for each model-horizon combination. Asterisks indicate that the indicator is part of the
Model Confidence Set

firm considers when forming its expectations as the question wording—*‘for the next
six months”—leaves room for interpretation. If, on the one hand, the firm has a very
short horizon in mind, the differences between both indicators might shrink. On the
other hand, if the firm has a rather long horizon in mind, the expectations might be
too blurry because the firm cannot anticipate all the relevant shocks. In this case, the
expectations might include too much noise. Second, the aggregation of the monthly
expectations series to quarterly values in order to match the target series’ frequency
might impact the results. Obviously, reducing the indicators frequency absorbs both
noise and signal from the indicators. Our results suggest that a significant fraction of
the signal is lost by aggregation to the lower frequency. Third, the evaluation period
might influence the average performance of the indicators. If our sample includes a
period which is, for instance, driven by high uncertainty, the firms have difficulties
in anticipating future shocks, leading to an inferior predictive power of the expecta-
tions indicators. This suggestion is underpinned by taking a closer look on the aver-
age forecasting performance in the period from 2014 to 2019. During this period,
the expectations indicator clearly outperforms the business situation for one quarter-
ahead forecasts.

Gross Domestic Product of the Private Sector Economy. Turning to total pro-
duction of the private sector (see Table 2), we observe an interesting phenomenon:
the RMSFEs for each headline index and forecast horizon are higher compared
to those for total GDP growth. This phenomenon might be related to the smooth-
ing properties of the public sector for GDP growth. Whereas the standard devia-
tion in quarterly growth rates for total GDP in our observation period is 0.91 p.p., it
increases to 1.15 p.p. for GDP of the private sector economy. As quarterly averaged
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Table 3 Indicator performance for GVA growth in manufacturing, in p.p

Horizon Indicator RMSFE RMSFE
AR-X(0,0) AR-X(0,q)
Nowcast ifo Business Situation Manufacturing 1.19 1.18*
ifo Business Climate Manufacturing 1.22 1.27
ifo Business Expectations Manufacturing 1.13* 1.42
Manufacturing PMI 1.21 1.27
DG ECFIN Industrial Confidence Indicator 1.28 1.35
ZEW Economic Sentiment Manufacturing 1.16 1.81
Forecast ifo Business Situation Manufacturing 1.25% 1.38
ifo Business Climate Manufacturing 1.33 1.32%
ifo Business Expectations Manufacturing 1.38 1.56
Manufacturing PMI 1.50 1.57
DG ECFIN Industrial Confidence Indicator 1.39 1.41
ZEW Economic Sentiment Manufacturing 1.80 2.01

The table shows root mean squared forecast errors (RMSFE) of the two indicator models for both fore-
cast horizons (Nowcast horizon: i = 0, Forecast horizon: 4 = 1). Bold typeface indicates the best per-
forming indicator for each model-horizon combination. Asterisks indicate that the indicator is part of the
Model Confidence Set

survey indicators are quite smooth variables, this might explain why they exhibit a
better average forecasting performance than for private sector GDP. We stick to this
issue again when we discuss the practical relevance of our results.

Compared to total GDP growth, the span between the best and the worst indicator
for private sector GDP is larger for both the two forecasting horizons and the two
models. In the case of the nowcasts, the span for the AR-X(0,0) lies between 0.47
p-p- (ifo Business Expectations) and 0.57 p.p. (ZEW Current Economic Situation);
for the AR-X(0,g) , the span lies between 0.44 p.p. (PMI Composite Output Index)
and 0.59 p.p. (ZEW Current Economic Situation). These spans correspond to the
relative improvements of the best compared to the worst indicator of 19% (model
1) and 25% (model 2). Expressed in absolute terms the differences are 0.11 p.p. and
0.15 p.p., respectively.

The spans again become a bit larger in the case of the forecasting setup. For the
AR-X(0,0), it ranges from 0.54 p.p. (DG ECFIN ESI) to 0.69 p.p. (ZEW Current
Economic Situation). The span for the AR-X(0,g) instead lies between 0.52 p.p. and
0.65 p.p. (ZEW Current Economic Situation). The relative improvements amount
to 22% (model 1) and 20% (model 2); these relative improvements correspond with
0.15 p.p. and 0.13 p.p. in absolute terms. Overall, all providers also publish leading
indicators for private sector GDP growth, with some advantages for the PMI Com-
posite Output Index in one out of the two nowcasting models and for the Economic
Sentiment Indicator of DG ECFIN in case of the forecast.

Gross Value Added Manufacturing. Table 3 presents the RMSFEs for manu-
facturing. Overall, the average forecast errors are three times higher than those for
total GDP, which is not surprising given the higher volatility of the manufacturing
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series. In the nowcasting setup, the best performing indicators (model 1: ifo Busi-
ness Expectations Manufacturing; model 2: ifo Business Situation Manufacturing)
produce RMSFEs of 1.13 p.p. and 1.18 p.p., respectively. Compared to the worst
performing indicators (model 1: DG ECFIN Industrial Confidence Indicator; model
2: ZEW Economic Sentiment Manufacturing), the relative improvements amount
to 12% and 35%; these figures correspond to improvements of 0.15 p.p. and 0.63
p.p. in absolute terms. Given the volatility of 3.03 p.p. in quarterly GVA manufac-
turing growth, these differences can be expressed in RMSFEs that correspond to
5% and 21% of the series’ volatility. Sticking again to the discussion of the per-
formance between IHS and DG ECFIN for the euro area, our results for Germany
are only partially comparable. The European Union (2017) finds a better nowcast-
ing performance for the Industrial Confidence Indicator compared to the IHS indi-
cator, whereas we find the opposite result. However, the evaluation for the euro
area is based on monthly industrial production, but we apply quarterly GVA in
manufacturing.

Turning to one quarter-ahead forecasts, the spans across indicators become even
larger. For the AR-X(0,0), the span lies between 1.25 p.p. (ifo Business Situation
Manufacturing) and 1.80 p.p. (ZEW Economic Sentiment Manufacturing). The span
for model 2 ranges from 1.32 p.p. (ifo Business Climate Manufacturing) to 2.01
p-p- (ZEW Economic Sentiment Manufacturing). The relative improvement is 30%
(model 1) and 34% (model 2) or 0.55 p.p. and 0.69 p.p. in absolute terms. Measured
in terms of the standard deviation of the target series, these absolute improvements
correspond to 18% and 23%, respectively. Taking both forecast horizons together,
the ifo indicators—especially the ifo Business Situation Manufacturing—seem to
be superior to the headline indices of the other three providers.® However, we have
to state that IHS Markit also publishes a PMI Manufacturing Output Index which
is equivalent to their index for the service sector. Our application of their headline
index, the Manufacturing PMI, might be a caveat of our analysis and can be investi-
gated in follow-up studies. The same might hold true for other industrial indicators
published by DG ECFIN.

Gross Value Added Services. The results for market-traded services are summa-
rized in Table 4. In the case of the nowcasting setup and the AR-X(0,0), the RMS-
FEs are virtually identical and range between 0.32 p.p. (PMI Services Business Activ-
ity Index) and 0.35 p.p. (ifo Business Situation Services). Interestingly, all indicator
RMSFEs worsen by applying the AR-X(0,q), with the exception of the ZEW Economic
Sentiment Services. In the end, the in-sample AIC suggests for all indicators a higher
lag order that comes with the price of a lower forecast accuracy. Again, the ZEW indi-
cator is the exception as in the vast majority of cases the AIC recommends a model
that only includes the contemporaneous indicator value. The application of the AR-
X(0,9) leads to an increase of the span between the best and worst performing indica-
tor, which runs from 0.33 p.p. (ZEW Economic Sentiment Services) to 0.43 p.p. (ifo
Business Situation Services). The relative improvement amounts to 23% or 0.10 p.p. in

8 Similar results for the comparison between ifo and THS are found by Pinkwart (2018) who documents a
higher forecast accuracy of ifo manufacturing indicators.
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Table 4 Indicator performance for GVA growth in services, in p.p

Horizon Indicator RMSFE RMSFE
AR-X(0,0) AR-X(0,q)
Nowcast ifo Business Situation Services 0.35 0.43
ifo Business Climate Services 0.33 0.41
ifo Business Expectations Services 0.32* 0.40
PMI Services Business Activity Index 0.32* 0.42
DG ECFIN Services Confidence Indicator 0.34 0.37
ZEW Economic Sentiment Services 0.33 0.33*
Forecast ifo Business Situation Services 0.51 0.47
ifo Business Climate Services 0.46 0.43
ifo Business Expectations Services 0.41 0.37
PMI Services Business Activity Index 0.44 0.44
DG ECFIN Services Confidence Indicator 0.38 0.34*
ZEW Economic Sentiment Services 0.32* 0.34"

The table shows root mean squared forecast errors (RMSFE) of the two indicator models for both fore-
cast horizons (Nowcast horizon: i = 0, Forecast horizon: 4 = 1). Bold typeface indicates the best per-
forming indicator for each model-horizon combination. Asterisks indicate that the indicator is part of the
Model Confidence Set

absolute values. In terms of the series’ volatility (0.89 p.p.), the absolute improvement
corresponds to an improvement of 11%. Our nowcasting results for Germany partially
underpin the results for the euro area. Whereas the European Union (2017) documents
a lower RSMFE of the IHS indicator compared to the one by DG ECFIN, this only
holds for Germany in the case of the AR-X(0,0) model and reverses by investigating
our second model. Thus, the performance seems to be a matter of modeling.

The forecasting setup reveals that the ZEW Economic Sentiment Services is the best
performing indicator in both model specifications (RMSFE: 0.32 p.p. and 0.34 p.p.).
For the two models the upper limits of the ranges are 0.51 p.p. and 0.47 p.p. (both ifo
Business Situation Services), respectively. Nevertheless, the performance of all indica-
tors—again with the exception of the ZEW indicator—improve by allowing for more
dynamics in terms of the AR-X(0,q) model. However, the relative improvements of the
ZEW indicator compared to the worst candidate are 21% and 16%, respectively. Over-
all, the providers publish quite similar indicators in terms of their nowcasting perfor-
mance, but the ZEW Economic Sentiment Services seems to be superior in case of
one quarter-ahead predictions. As for manufacturing, a possible caveat of our analysis
might be the solely focus on the headline indices by DG ECFIN as it publishes other
service indicators in addition to their Confidence Indicator.

4 Discussion
In the following, we discuss our baseline results in the light of the following three

aspects. First, we assess their practical relevance for applied forecasting work. Sec-
ond, we take up the discussion on the indicator transformation by comparing the
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performance across first differences and levels. Third, we evaluate how well the indica-
tors perform by comparing our real-time forecasting results with those based on revised
data.

4.1 Relevance for Applied Forecasting Work

We base our discussion on the practical relevance on the Noise-to-Signal Ratio (NTS).
The NTS compares the RMSFE of an indicator (enumerator) with the standard devia-
tion of the target series (denominator). Based on this ratio, an indicator is practically
relevant if its NTS is below unity, that is, the indicator produces forecast errors that are
smaller compared to the volatility of a series. For our period under investigation (2005-
Q1 to 2019-Q3), the standard deviations in quarterly growth rates of our target series
are the following: 0.91 p.p. for total GDP, 1.15 p.p. for private sector economy GDP,
3.03 p.p. for GVA manufacturing, and 0.89 p.p. for GVA services.

The NTS for GDP growth nowcasts across both models range from 0.38 to 0.54.
For one quarter-ahead predictions, the span of NTS lies between 0.43 and 0.60. Over-
all, each indicator is of practical relevance as all produce average forecast errors that
are smaller than the underlying volatility of GDP growth. However, a practical gain
exists by comparing the differences between the best and the worst performing indica-
tors with the standard deviation of the target series. For both forecast horizons together,
the improvement of the best indicator compared to the worst one is approximately 13%
in terms of the series’ volatility.

A similar picture emerges by looking at private sector GDP growth. All indicators
seem to have practical relevance as the NTS range between 0.38 and 0.51 for the now-
casts and between 0.45 and 0.59 for the forecasts. Nevertheless also a practical gain
exists for private GDP growth. On average over both forecasting horizons and models,
the application of the best performing indicator can increase the RMSFE by 12% in
terms of the series’ volatility over the worst performing one.

The target series for manufacturing is the most volatile one—two to almost four
times higher compared to the other series. However, all indicators do a good job as the
NTS range from 0.37 to 0.60 in the nowcasting case and from 0.41 to 0.66 in the fore-
casting setup. The practical gain is substantial as for both GDP measures and amounts,
on average, to 20% over the two forecasting horizons.

The results for the service sector are similar to those of the previous series. All NTS
are below unity and range from 0.36 to 0.49 in the nowcasting setup and lie between
0.36 and 0.57 by looking at one quarter-ahead predictions. The relative improvement
of the best over the worst performing indicator is, on average, 16% in terms of the
series volatility. Overall, each indicator seems to have practical relevance as the NTS
are below unity in each case. However, remarkable gains exist across indicators and it
seems worthwhile to apply the best performing ones.

4.2 Levels vs. Differences

There is an ongoing discussion among researchers, applied forecasters, and
policymakers on how the survey indicators should be transformed and used for
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Notes: The figure compares the root mean squared forecast errors (RMSFE) from a forecasting experiment where the indicators
enter in first differences with a forecasting experiment where the indicators enter in levels. The four target series are quarterly
growth rates based on real-time data. Both forecast horizons are shown simultaneously. Dots refer to nowcasts, squares refer
to forecasts.

Fig. 1 RMSFE comparisons across indicator transformations

economic forecasting. Based on our argumentation in Sect. 2.3 we decided to
apply first differences as our baseline specification. However, studies such as Bas-
selier et al. (2018) and de Bondt (2019) show that also level specifications pro-
vide sensible results, hence it might be an empirical matter what works best. We
therefore compare the forecasting power of the indicators transformed into first
differences with their accuracy based on levels.

For this purpose, Fig. 1 presents—for each target series—the comparison of
the RMSFEs of the difference specification against those of the level specifica-
tion. The abscissa depicts the RMSFEs from the baseline results (first differences
transformation) for each of the two models and forecast horizons; the ordinate
plots the RMSFEs from a comparable forecasting exercise based on the indicator
levels.” Dots refer to nowcasts, squares refer to forecasts. A marker above (below)
the bisecting line indicates a case where the difference specification provides
lower (higher) forecast errors than the level specification. A marker on the bisect-
ing line indicates that both specifications provide an identical average forecast
error.

° Both forecasting experiments are comparable as we only exchanged the indicators and let the forecast-
ing framework untouched (model specification, evaluation period etc.).
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We analyze Fig. 1 along two dimensions. First, focusing on all indicators
reveals that the difference specification delivers lower RMSFEs in most of the
cases. This result is in line with the existing literature for Germany (see Kholodi-
lin and Siliverstovs 2006; Henzel et al. 2015; Lehmann 2020). In particular, for
services and manufacturing (bottom left and bottom right panel) the results are
clear-cut—in 75% and 79% of all cases the difference specifications is superior.
For private sector GDP growth (top right panel), the results are more blurred.
However, also in this case the difference specification is superior in 62% of the
cases. Only for total GDP (top left panel) the results are ambiguous—half of the
combinations are in favor of first differences and the other half prefers the level
specification. Interestingly, this result is driven by the forecast horizon (h = 1).
Except for one case, all model-indicator-combinations for the forecast horizon
(indicated by the squares) lie below the bisecting line. The opposite holds true for
the nowcasting case (h = 0).

Second, focusing solely on the best performing indicator for each target series
reveals that a difference specification is always superior for the nowcast case; for
total GDP: AR-X(0,0) with ifo Business Expectation, for private sector GDP: AR-
X(0,q) with PMI Composite Output Index, for GVA manufacturing: AR-X(0,0) with
ifo Business Expectations Manufacturing, and for GVA services: AR-X(0,q) with
PMI Services Business Activity Index. However, in the forecast case a level specifi-
cation of the best performing indicator is superior to its difference specification for
three out of four target series; for total GDP: AR-X(0,0) with PMI Composite Out-
put Index, for private sector GDP: AR-X(0,0) with ZEW Current Economic Situ-
ation, and for GVA manufacturing: AR-X(0,0) with ifo Business Situation Manu-
facturing. Only for GVA services a difference specification (AR-X(0,0) with ZEW
Economic Sentiment Services) provides superior RMSFEs. Overall, we cautiously
take the results from this comparison as confirmation of our baseline specification.
However, our results also suggest that both difference and level specifications pro-
vide useful signals. Thus, future research might concern the question of how to opti-
mally combine forecasts from level and difference specifications.

4.3 Real-time vs. Final Data

Finally, we assess the indicators’ forecast performance regarding the final data
releases. We proceed in two ways. First, we conduct a similar forecast experiment
as in Section 3, but in a pseudo out-of-sample setting, implying that we estimate the
models based on the latest data vintage. This procedure hence abstracts from data
revisions. Second, we use the forecasts from Sect. 3 and calculate RMSFEs based on
the latest data vintage instead of first releases.

The pseudo out-of-sample forecast experiment provides two insights. First, the
ranking across indicators remains virtually identical. Thus, our findings from the
real-time forecasting experiment also hold for revised data. Second, almost all RMS-
FEs based on real-time data are smaller in magnitude than their counterparts based
on revised data.
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Fig.2 RMSFE comparisons across first release and final vintage

The previous finding ties up with our second part of this discussion which can
be seen as an extension to the first part. Namely we ask whether the forecasts
based on real-time data are also good predictors for the final release of the target
series. This consideration is in line with the investigations by Strohsal and Wolf
(2020), who assess whether the first release of a German macroeconomic aggre-
gate is a good nowcast for the final release. Figure 2 plots the RMSFEs of each
model-indicator-forecast horizon combination with regard to the first release (on
the abscissa) against the corresponding RMSFEs regarding the final release (ordi-
nate); dots refer to nowcasts, squares refer to forecasts.

For the majority of the cases, the RMSFEs of the first release are smaller than
those based on final data. In addition, we ask whether these now- and forecasts
are “good” predictions for the latest values. Therefore, we again resort to the NTS
by comparing the RSMFE with respect to the final release to the standard devia-
tion of the corresponding target series. For total GDP nowcasts, the NTS ranges
from 0.48 to 0.62. Especially the NTS for the best indicators are of similar mag-
nitude as in Strohsal and Wolf (2020). They find that the standard deviation of the
revisions go hand in hand with a NTS of 0.44 compared to the series’ volatility.
However, they analyze a different time period as we do. Nevertheless we inter-
pret our results in favor of the good performance of the headline indices. The
NTS for GDP forecasts lie between 0.51 to 0.68, which is also a quite “good”
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performance. A similar picture emerges for private sector GDP: the NTS range
for the nowcast is 0.42 to 0.55 and for the forecast 0.46 to 0.61.

Turning to the sectoral forecasts, the indicators also do perform well. For now-
casts in manufacturing, the NTS range from 0.43 to 0.67. Thus, the best perform-
ing indicator’s forecast errors are less volatile than the underlying target series. The
NTS span for the forecasts slightly increases to values between 0.46 to 0.72. Never-
theless, especially the best performing indicators are of high practical relevance. A
similar conclusion can be drawn from the NTS of the service sector. The range in
the case of nowcasts lies between 0.48 and 0.53; the span for the forecasts is 0.51 to
0.69. Overall, it seems worthwhile to use the indicators for final release predictions
with pronounced gains from applying the best performing ones.

5 Conclusion

This analysis conducts a comprehensive forecasting experiment of the headline indi-
ces of the four main survey providers in Germany: the ifo Institute, IHS Markit, DG
ECFIN, and the ZEW. We do not only focus on total GDP growth, but addition-
ally examine the accuracy for private sector GDP and gross value added in both the
manufacturing and the service sector. Our out-of-sample, real-time forecast exercise
reveals the following results. For GDP growth, all providers publish useful leading
indicators with advantages for the ifo indices in the case of one quarter-ahead fore-
casts. A similar picture emerges for private sector GDP, with an advantageous now-
cast performance of the PMI Composite Output Index for one out of the two mod-
els and advantages of the Economic Sentiment Indicator in the case of the forecast
setup. For the volatile manufacturing sector, the ifo indicators are clearly superior
compared to the headline indices of the other providers. Regarding the service sec-
tor, the four institutions provide meaningful leading indicators to nowcast service
sector gross value added growth. For one quarter-ahead predictions, the Economic
Sentiment Services of the Centre for European Economic Research is superior.
From a researcher’s perspective, it would be interesting to analyse the causes
of the differences in forecast accuracy, for example in the service sector. How-
ever, this would require having detailed information on each provider’s panel and
its detailed sectoral coverage. Unfortunately, longer time series are not publicly
available. Another interesting research idea deals with the “optimization” of the
single indicators and the mixture of the different indicator concepts. Whereas,
for example, the ifo Business Situation is only based on the outcome of one sin-
gle question, the Economic Sentiment Indicator is designed as a composite index
with several questions entering. In the case of the ZEW, one might also think
of combining their Economic Situation Index with its expectations counterpart
in style of ifo’s Business Climate. For the Confidence Indicators of DG ECFIN
one can also ask whether backward- and forward-looking questions have to be
combined or only forward-looking questions are preferable for the forecasting
performance. Furthermore—given detailed information on the samples—an opti-
mization of the weighting scheme, for example for the ESI, might help to further
increase the forecasting properties of each headline index. Finally, future research
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could also combine the providers’ headline indices and ask whether these com-
binations further increase the overall absolute forecasting performance for each
target series at hand.
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