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ABSTRACT
This article contributes to the literature on business cycle forecasts and their 
impact on asset prices by investigating how the 15-second Xetra DAX returns 
refl ect the monthly announcements of the two best-known business cycle fore-
casts for Germany, i.e., the Ifo Business Climate Index and the ZEW Indicator 
of Economic Sentiment. The analysis disentangles ‘good’ macroeconomics 
news from ‘bad’ news and, simultaneously, considers time intervals with and 
without confounding announcements from other sources. Releases from both 
institutes lead to an immediate response of returns occurring 15 seconds after 
the announcements, i.e. within the fi rst possible time interval. Announcements 
of both institutes are also clearly and immediately refl ected in the volatility, 
which remains at a signifi cantly higher level for approximately 2 minutes. 
Findings can be used to improve high-frequency forecasts in stock 
markets. Copyright © 2010 John Wiley & Sons, Ltd.
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INTRODUCTION

Many studies have analyzed the predictability of stock market returns and volatility based on mac-
roeconomic variables in the past. Most recently, high-frequency data have enabled new insights into 
measuring the effi ciency of markets and short-term market predictability. There is an increasing 
amount of literature analyzing macroeconomic announcements and their impact on stock and bond 
markets as well as exchange rates. Fleming and Remolona (1999) report a two-step price reaction 
due to macroeconomic news and other public information. After a large price movement Hamelink 
(2003) fi nds a persistent trend and a clear rebound some periods after the initial movements. 
Andersen et al. (2007) show that stock markets react differently to good news than to bad news 

Journal of Forecasting
J. Forecast. (2011)
Published online in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/for.1206

Copyright © 2010 John Wiley & Sons, Ltd. 

* Correspondence to: Horst Entorf, Department of Economics, Goethe-University Frankfurt, Grüneburgplatz 1, D-60323 
Frankfurt, Germany. E-mail: entorf@wiwi.uni-frankfurt.de



H. Entorf, A. Gross and C. Steiner

Copyright © 2010 John Wiley & Sons, Ltd. J. Forecast. (2011)
 DOI: 10.1002/for

depending on the state of economy. Studies on forecasting stock market returns and volatility benefi t 
from the fi ndings on the announcement effect of macro news. For example, Rapach et al. (2005) 
show that accounting for macroeconomic variables such as interest rates and infl ation rates improves 
the predictability of stock returns. Taylor (2008) verifi es that idiosyncratic volatility leads to signifi -
cant improvements of volatility models, whereas idiosyncratic volatility can also be infl uenced by 
macroeconomic information and events. MacMillan and Speight (2004) show that GARCH models 
can be improved by incorporating cumulative squared returns from intraday data in the volatility 
equation. In order to gain better understanding of the electronic market price reaction processes, a 
more recent line of research is studying the dynamics of the limit order book around macroeconomic 
news. Erenburg and Lasser (2009) show that the quality of the electronic market (measured by 
higher spreads and lower depth) deteriorates and traders need to follow a more aggressive strategy 
in response to news releases. Menkvelt et al. (2008) use the order fl ow following macroeconomic 
announcements in order to identify causality from customer fl ow to risk-free rates (and to exclude 
reverse causality).

The present study contributes to this literature by looking at the German evidence, represented 
by the German stock market index, DAX, in order to capture additional information in time series 
being relevant for forecasting purposes. Germany’s macroeconomic prospects are pooled and 
focused in the monthly releases of Germany’s two leading business cycle forecasts, namely the Ifo 
Business Climate Index and the ZEW Indicator of Economic Sentiment. Andersson et al. (2009), 
studying the impact of macro news and European Central Bank (ECB) monetary policy releases 
on European bond markets, show that releases of both indicators have a signifi cant impact on 
long-term German government bond futures contracts. Our study focuses on the stock market and 
analyzes the reaction of the DAX, which is available with a 15-second frequency upon their pub-
lications. Stock market reactions are considered for days without any further simultaneous macro-
economic news from other sources, and for days on which the announcements are made 
simultaneously along with other confounding news releases (such as announcements of the ECB 
or by Eurostat). Moreover, in order to account for the potential asymmetry of ‘good’ and ‘bad’ 
news, both are considered, thus separately leading to four different regime categories that need to 
be distinguished. Results presented in this paper show the implication of monthly releases of busi-
ness cycle indicators on forecasting DAX returns and volatility. Among others, such short-term 
forecasts are of particular interest for the exact timing of so-called iceberg orders, where a large 
order in an electronic order book is automatically split into smaller tranches (see, for example, 
Esser and Mönch, 2007).1

The remainder of the paper is organized as follows. In the next section we describe the forecast 
predictability of leading German business cycle indicators. The data used in our empirical inves-
tigation are illustrated in the third section. The fourth section presents the empirical results. The 
fourth section examines the DAX return reaction on macroeconomic news and investigates the 
intraday volatility of the DAX returns on Ifo and ZEW release days; a joint GARCH model for 
returns and volatility is then presented. The fi nal section summarizes results and outlines the main 
conclusions.

1 Existence of a macroeconomic announcement has an impact on the optimal trading strategy. As iceberg (hidden) orders 
have lower priority than regularly displayed orders, they have to be priced more aggressively (Erenburg and Lasser, 2009). 
Thus traders have to weigh the advantage of placing iceberg orders with the cost of pricing these orders more aggressively 
during the time period affected by macro news.



Business Cycle Forecasts Based on High-Frequency Data

Copyright © 2010 John Wiley & Sons, Ltd. J. Forecast. (2011)
 DOI: 10.1002/for

USING SURVEY-BASED INDICATORS FOR FORECASTING THE GERMAN 
BUSINESS CYCLE

German business cycle indicators
Apart from the two most popular German business cycle indicators, i.e., the Ifo Business Climate 
Index and the ZEW Indicator of Economic Sentiment, the Purchasing Manager Index (PMI),2 Eco-
nomic Sentiment Indicator (ESI)3 and the sentix Economic Indices for Europe (sentix)4 are available.

There have been several studies comparing different German sentiment indicators and their eco-
nomic forecast ability. Hüfner and Schröder (2002), for instance, compare these sentiment indicators 
and fi nd that the Ifo, PMI, and ZEW indicators indeed run well ahead of the economic activity in 
Germany. With respect to the three indicators Ifo, PMI, and ZEW, out-of-sample forecasts suggest 
that Ifo and ZEW provide the best forecasts. While all fi ve indicators—Ifo, ZEW, PMI, ESI, and 
sentix—are published monthly, there are signifi cant differences in the publication schedule. The 
sentix indicator is usually the fi rst to be released, followed by the ZEW indicator and the Ifo index. 
The ESI release takes place on the last day of the month, whereas the PMI is reported on the fi rst 
business day of the following month.

The Ifo (Munich) Business Climate Index has now been surveyed for more than 30 years follow-
ing the same method. According to Sinn and Abberger (2006), the timely persistence as well as the 
monthly on-time release have created great confi dence in the quality of the Ifo index.

A monthly survey questioning approximately 7000 fi rms in manufacturing, construction, whole-
saling, and retailing forms the basis of the Ifo Business Climate Index.5 In referring to ordinal 
responses as (+, = , −), the individual forecasts are aggregated into categories. Both Ifo and ZEW 
(see below) base their indicators on so-called balances.6 The initial release of the Ifo indicator is at 
10:00 Central European Time (CET). The forecasting power of the Ifo index has recently been 
analyzed by Sinn and Abberger (2006). According to them, the qualitative assessment of the strength 
of the economic situation in combination with the weighted survey results helps in drawing conclu-
sions about the strength of the cyclical growth. The Ifo Business Climate is also very useful in 
forecasting European economic development. A survey among 30 European economists led by 
Reuters in early 2005 found the Ifo Business Climate Index to be Europe’s most important business 
indicator. The forecasting power of the Ifo index even outside Germany is due to the high export 
quota of the German manufacturing industry and the leading role of the German economy in Europe 
(Sinn and Abberger, 2006).

The ZEW (Mannheim) Indicator of Economic Sentiment is calculated from the results of the ZEW 
Financial Market Survey. This survey has been carried out monthly since December 1991. It displays 
the expectations of fi nancial experts for six7 important international fi nancial markets.8 It is released 

2 Calculated and managed by Association Materials Management, Purchasing, and Logistics (AMMPL) since 1996.
3 Calculated for Germany by the European Commission since 1985.
4 Calculated by sentix since 2003.
5 Most information about the Ifo Business Climate Index mentioned in this section can be found on the Ifo Institute’s website 
(Ifo, 2006).
6 These are defi ned as s = p − m, where p denotes the relative frequency of the positive categories (+), and m is the relative 
frequency of the negative categories (−). The balance equals the mean of the responses in the case that the categories are 
encoded as +1, 0, and −1. In terms of out-of-sample forecasting power, Entorf (1993) has shown that balances are easily 
outperformed by other combinations of +, = and −. In particular, the simple use of the minus share m instead of s would 
improve forecasting performance.
7 That is, Germany, USA, Japan, GB, France, and Italy.
8 See ZEW’s website for most information about the ZEW Indicator of Economic Sentiment presented in this section.
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online at 11:00 CET on the second or third Tuesday of each month. The ZEW Indicator of Economic 
Sentiment is a leading indicator for the German economy (similar to the Ifo index). A further indica-
tor, the G-Mind (German Market Indicator), displays the sentiment of the analysts concerning the 
German stock and bond markets. Both indicators enjoy broad public interest.

A comparison of the Ifo index and the ZEW indicator using monthly data
Hüfner and Schröder (2002) fi nd that both, ZEW and Ifo indices, have good qualities as leading 
indicators for the industrial production in Germany. Analyzing correlations and using tests of cau-
sality, they provide statistical evidence for the ZEW indicator having a 1-month lead over the Ifo 
business expectations. Accordingly, both Ifo business expectations and ZEW Indicator of Economic 
Sentiment show a signifi cant lead compared to industrial output in Germany (ZEW: 6 months; Ifo: 
4 months). A direct comparison of the two indicators shows that Ifo performs better in the short 
run (1 month), whereas the ZEW indicator is superior for medium- to long-term forecasts. A 
combination of the ZEW indicator and Ifo expectations might improve the forecasting quality 
for short- and medium-term horizons, given that the two surveys indeed contain complementary 
information.

An update of their study comparing the forecasting qualities of the ZEW indicator and the Ifo 
business expectations was released by Hüfner and Schröder (2005). This study confi rms the fi ndings 
of the fi rst study regarding the lead of the ZEW indicator, and the contribution of both indicators to 
the explanation of industrial production and the forecasting periods.

Stock market effi ciency and reactions to macro news
A potential reason for not fi nding any statistical signifi cance of announcement effects might be prior 
leakage of information. Andersson et al. (2009) hint at this widely neglected problem in the academic 
literature. As regards the German case, using detailed information from European media reports they 
fi nd that only information of the German unemployment report has been released before the offi cial 
announcement. However, based on these ‘unoffi cial’ release times no signifi cant impact on bond 
returns have been reported (Andersson et al., 2009). Funke and Matsuda (2006) fi nd a signifi cant 
surprise component in the German unemployment report, but they argue that international news from 
the USA might even have a more important impact on the German stock market.

Meanwhile, there are numerous studies reporting signifi cant announcement effects. Moreover, the 
degree of stock market effi ciency measured by the speed of price adjustments seems to increase over 
time. Patell and Wolfson (1984) report that the main reaction after the announcement of earnings 
and dividends was completed within 5–15 minutes. Ederington and Lee (1993) show that most of 
the price adjustment is fi nished within 1 minute. Most recent contributions (see, for instance, 
Andersen et al., 2003) fi nd almost immediate reactions of fi nancial markets.

Stock markets are analyzed in terms of both returns and volatility. For more than 20 years research 
partly focused on the asymmetric impact of good news and bad news. Pearce and Roley (1985) argue 
that ‘good’ economic perspectives might trigger increasing interest rates such that rising expected 
costs of capital would lead to negative stock market returns. Engle and Ng (1993) describe an asym-
metric response of volatility to good and bad news, with negative shocks causing higher volatility. 
The effect of stock market prices to good or bad news depends on the state of the economy (McQueen 
and Roley, 1993; Boyd et al., 2005; Andersen et al., 2007). Andersen et al.’s (2007) fi ndings suggest 
that bad macroeconomic news has the expected negative effect on stock prices during recessions but 
a positive impact during expansions. Concerning both returns and volatility Chulia et al. (2010) fi nd 
that the magnitude of surprises is more pronounced for good than for bad news.
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The availability of high-frequency data has enabled fi nancial researchers to investigate seasonal 
phenomena of intraday volatility. Berry and Howe (1994), Goodhart and O’Hara (1997), Jones 
et al. (1998), and others fi nd that intraday volatility has a U-shaped form, implying that market 
uncertainty is highest at the beginning and at the end of the trading day. In a recent paper, Harju and 
Hussain (2006) confi rm this fi nding based on 5-minute returns of the four most important European 
stock exchanges (CAC40, FT100, SMI, XDAX). Entorf and Steiner (2007) refi ne the fi ndings about 
the German DAX using 15-second intervals.

DATA

Empirical evidence of this paper is based on two leading indicators of the German economy (i.e., 
the Ifo Business Climate Index and the ZEW Indicator of Economic Sentiment) and Deutscher 
Aktienindex (DAX) intraday data. The DAX measures the performance of the Prime Standard’s 30 
largest German companies in terms of order book volume and market capitalization (Deutsche Börse, 
2006). Calculation of the index starts at 09:00 CET and ends with documenting prices from the 
Xetra9 closing auction at 17:30 CET.

The intraday data for our analysis was provided by the Karlsruher Kapitalmarktdatenbank 
(KKMDB),10 who obtain their market data directly from Deutsche Börse AG, Frankfurt. The records 
consist of date, index price, and time. Bid–ask quotes or trading volume data are not provided.11

Until the end of 2005, 15-second intervals are the highest available frequency for the German 
Xetra DAX (XDAX). Since January 2006, the XDAX is computed every second. Thus, for our 
observation period—2 January 2004 to 28 April 2006; in total, 597 trading days—we base our work 
on 15-second intervals. To create one uniform sample at 15-second frequency, only the observations 
at ••:••:00, ••:••:15, ••:••:30, and ••:••:45 are selected for 2 January 2006 to 28 April 2006. The time 
frame is adjusted from 09:00:30 to 17:30:15 (2040 intervals) in order to keep the number of observa-
tions for each interval roughly constant.

RESULTS

We start by analyzing the DAX return reaction on business cycle forecast indicators. Subsequently, 
we concentrate on the announcement effect on intraday volatilities and fi nally conclude by combin-
ing results from both analyzing returns and volatilities into comprehensive GARCH models. The 
method proposed by Andersen et al. (2003) using trigonometric decay functions for time-varying 
response patterns has been frequently applied in order to account for effects of macroeconomic news 
on bond (e.g., Andersson et al., 2009) and stock markets (e.g., Harju and Hussain, 2006). These 
studies are based on 5-minute return series, whereas our study is based on 15-second intervals. 
Additionally, we do not study the trading process during the whole day but focus on impacts during 
60-minute intraday windows. As detailed below, most stock market reactions can be characterized 
by highly signifi cant amplitudes within the fi rst minute after the news release; time and magnitude 
of these effects are identifi ed using a semi-parametric (dummy variable) approach (see, for example, 

9 Xetra is the name of the electronic trading system.
10 See http://fmi.fbv.uni-karlsruhe.de.
11 Thus neither the impact of the bid–ask spread nor volume effects can be analyzed.
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Ederington and Lee, 1993, as well as Erenburg and Lasser, 2009, for similar identifi cation 
strategies).

The announcement effect of business cycle forecasts on the DAX returns
After testing for the presence of non-trading effects which turn out to be negligible, an autoregres-
sive moving average (ARMA) model for the returns is fi tted. Surprise dummies are included in order 
to determine at which time intervals the release of macroeconomic announcements shows an effect 
on the DAX.

Following previous approaches (see, for example, Balduzzi et al., 2001; Hautsch and Hess, 2002; 
Harju and Hussain, 2006), the return analysis is conducted on the set of all observations on release 
days, whereas non-release days are excluded. The return in the 15-second interval of one-hour 
windows release day t is given by

 R i ti t
i t

i t
,

,

,

ln , , , , , ,= = =
−

DAX

DAX 1

1 240 1 28� �  (1)

It is a common fi nding that not the announcement per se but the unanticipated news contained in 
the announcement affects returns on announcement days. We therefore use announcement surprises 
as the difference between realizations and expected values.12 Since our aim is to compare the impact 
of Ifo and ZEW announcements, we use standardized surprises following Balduzzi et al. (2001). The 
standardized surprise associated with data at time t is given by

 S
A E

t
t t t t= − ≡ − −

ˆ ˆσ σ
index index 1  (2)

where At denotes the announced value, Et the expected market value of the indicator at time t, and 
σ̂ is the sample standard deviation of (At − Et). Using standardized news facilitates the comparison 
of responses to the different news releases. We replace the forecast Et in equation (2) by the index 
value at time t − 1. This idea is supported by the fact that research institutes appear to pay only little 
attention to the release of various forecasts for their indicators. Note also that forecasts of forecasts 
never capture the entire information available immediately before the announcement, since the 
information keeps fl owing until the macroeconomic indicator is released. ‘index’ stands for either 
Ifo or ZEW and σ̂ denotes the sample standard deviation of Ifo or ZEW, respectively. Henceforth 
we distinguish between positive (St ≥ 0) and negative (St < 0) surprises or, equivalently, between 
‘good’ and ‘bad’ news.

For both indices, our observation period from 2 January 2004 to 28 April 2006 comprises 
15-second data of 28 release days. We focus on a 1-hour interval around the release, i.e., [09:30:00–
10:30:00) for the Ifo index and [10:30:00–11:30:00) for the ZEW indicator, which results in 6720 
observations for each indicator.

Due to the fact that the reactions might be heterogeneous with respect to the valence of news 
(‘good’ vs. ‘bad’), and in order to correct for confounding news releases from other sources, we 
distinguish four different situations. First, we summarize release days on which announcements are 
published along with other competing news, and in a different set of days without potentially con-

12 Note that, in this context, ‘expectations’ refer to the expected value of the respective index and are not to be confused with 
the expectations component of the Ifo index.
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Figure 1. Design of estimation levels based on subsets of release days

founding simultaneous announcements of other macroeconomic indicators. Next, we categorize 
according to the existence/non-existence of simultaneous news and positive/negative surprises (see 
also Figure 1 for an illustration):

• ‘no sim neg’—refers to days with no simultaneous releases; the released index value refl ects ‘bad’ 
news (i.e., the index value is lower compared to the previous month);

• ‘no sim pos’—denotes days with ‘good’ news without simultaneous releases from other sources;
• ‘sim neg’—indicates ‘bad’ news on days with simultaneous releases;
• ‘sim pos’—refl ects positive surprises on days with simultaneous releases.

Our observation period contains 13 Ifo release days with simultaneous announcements by the ECB 
and 12 out of 28 ZEW release days with simultaneous releases at 11:00 CET, of which 11 are 
announcements by Eurostat (Statistical Offi ce of the European Communities).13 Thus the proportion 
of days along with and without simultaneous announcements as well as the type of simultaneously 
released information for Ifo and ZEW are similar.

The goal is to identify signifi cant return reactions (i.e., signifi cant deviations from mean returns) 
between [09:30:00–10:30:00) on Ifo release days and [10:30:00–11:30:00) on ZEW release days 
(i.e., 1 hour around the news release). This is done in two steps. First, according to the potential 
existence of simultaneous releases of confounding macroeconomic news, time intervals with signifi -
cant return reactions have been pre-selected using evidence from four separate equations for the 
categories ‘no sim neg’, ‘no sim pos’, ‘sim neg’, and ‘sim pos’. In the second stage of the procedure, 
pre-selected time intervals from the fi rst step are included in an ARMA model of DAX returns:

 R D S D S D Si t j j t t

J

j j t t

J

j j t t

J

j, , , ,= + + + ++ + − − + + −

+ − +
∑ ∑ ∑ARMA δ δ γ γ� �

�
DD Sj t t

J

i t, ,
−

−
∑ +
�

ε  (3)

where four groups of dummy variables are considered, namely D+
j,t indicating signifi cant time inter-

vals for the category ‘no sim pos’, D−
j,t for ‘no sim neg’, D̃  +j,t for ‘sim pos’, and D̃  −j,t for ‘sim neg’.

The fi rst-stage pre-selection procedure can be summarized as follows:14

13 A detailed list of all simultaneous events is reported in an earlier DP version of this paper (see Entorf et al., 2009).
14 Details and intermediate results are presented in Entorf et al. (2009).
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(a) For each category an ARMA model is estimated and augmented by a full set of interval dummies; 
in order to check for robustness the procedure is repeated for 140, 160, 180, 200, 220, and 240 
intervals.

(b) All time intervals being signifi cant (at 10% level) in at least one of the equations under (a) are 
retained and included in a second round estimate (after excluding all insignifi cant time 
intervals).

(c) All intervals still being signifi cant after the second round are captured in J+, J− J̃+
 and J̃−.

Results reveal a simple AR(1) (ρ = 0.10) for Ifo and a more complex ARMA(2, 2) for ZEW (see 
Entorf et al., 2009, for details). ARCH tests clearly reject the null hypothesis of no conditional 
heteroskedasticity which motivates modeling returns as a GARCH process (see below). Signifi cant 
return reactions are summarized in Table I.

We fi nd that for both institutes there is a fi rst reaction after 15 seconds of time. This response can 
be characterized as ‘immediate’, because 10:00:15 and 11:00:15, respectively, coincide with the left 
margin of the fi rst time interval after the news release at 10:00:00 and 11:00:00, respectively. First 
reactions of the DAX return to the realization of the surprise variable have the expected positive 
sign, i.e., the reaction is positive to ‘good’ news and negative to ‘bad’ news. ZEW and Ifo differ 
with respect to the second time interval starting at ••:00:30: While reactions to ZEW surprises lead 
to a second upward movement of the DAX, responses to Ifo surprises are negative, indicating an 
immediate reverse reaction to the fi rst upward movement of the DAX. For ZEW news, this reaction 
is detected during the next time interval, i.e., at 11:00:45. For Ifo, the reaction seems to be stronger 
on days with simultaneous announcements of other institutions. On release days without simultane-
ous announcements (no sim neg, no sim pos), we do not fi nd signifi cant results for Ifo in case of 
‘bad’ news, but rather strong effects for ZEW, whereas in the case of ‘good’ news reactions to the 
announcements of both institutes are of similar size.

Table I. Signifi cant (5%) return responses within fi rst 5 minutes after announcement

Returns Ifo ZEW Ifo ZEW

Good news Bad news
No confounding 

news
0:15 (+) 0:15 (+) No confounding news None 0:15 (+)
0:30 (−) 0:30 (+) 0:30 (+)

0:45 (−) 0:45 (−)
1:15 (−) 1:30 (−)
3:00 (−) 2:00 (−)
3:45 (+) 2:15 (−)
4:15 (−) 3:45 (−)
4:30 (−)

Along with 
confounding 
news

0:15 (+) 0:15 (+) Along with 
confounding news

0:15 (+) 0:15 (+)
0:45 (−) 1:00 (−) 0:30 (−) 0:30 (+)

0:45 (+) 0:45 (−)
1:15 (−) 1:15 (−)

1:30 (−)
2:00 (+)
2:30 (+)

Note: Positive signs are caused by positive (negative) responses to positive (negative) news; negative signs refl ect positive 
reactions to ‘bad’ news or negative reactions to ‘good’ news (see defi nition of surprise indicator).
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Volatility evolution
In this section similarities and differences of the intraday volatility of the Xetra DAX returns con-
sidering Ifo release days and ZEW release days are considered. Our observation period for this 
analysis comprises all trading days from 2 January 2004 to 28 April 2006 (in total, 597). The volatil-
ity is calculated for each 15-second interval from 09:00:30 to 17:30:15 (namely 2040 intervals). 
However, we do not present results covering the complete trading day, as no differences to the 
analysis of intraday seasonalities by Harju and Hussain (2006) and Entorf and Steiner (2007) have 
been identifi ed.

For our analysis the volatility of the time interval i at day t is given by

 V R Ri t i t i, ,= −  (4)

where Ri,t denotes the Xetra DAX return for time interval i at day t and R
T

Ri
i

i tt

Ti=
=∑1

1 ,  is the average

return for time interval i over all trading days. The average intraday volatility for each interval I 
(i = 1, . . . , 2040) is formulated as

 V
T

Vi
i

i t
t

Ti

=
=
∑1

1
,  (5)

where Ti is the number of observations for interval i with respect to the period under review.15

Subsequent GARCH models (see below) are based on the time interval around the release of the 
Ifo index, namely [09:30:00–10:30:00) and the ZEW indicator, namely [10:30:00–11:30:00). Figure 
2 provides volatility graphs of the 1-hour window around the publication date, where the upper plot 
compares the volatility on Ifo release and non-release days and the lower panel offers volatility 
graphs on ZEW release and non release days. Both the Ifo and ZEW releases are clearly refl ected in 
the market volatility, which remains elevated for approximately 2 minutes. Thus volatility reactions 
seem to be more persistent than return reactions. The peaks are even more pronounced for the ZEW 
release than for the Ifo release.

Modeling returns and volatility using a GARCH model
This section summarizes previous insights and introduces a joint model for returns and volatility 
around the release of the Ifo index and the ZEW indicator, respectively. Starting from the initial 
ARMA-setting derived above, we add to the complexity of our return model by extending the previ-
ous ARMA models to a GARCH model. As for the return analysis, we limit our 15-second data to 
the 28 Ifo (ZEW) release days registered for our observation period from 2 January 2004 to 28 April 
2006. Again, we focus on 1-hour intervals around the respective releases, i.e., [09:30:00–10:30:00) 
for the Ifo index and [10:30:00–11:30:00) for the ZEW indicator. Thus our sample consists of 6720 
observations for Ifo and ZEW, respectively.

The extended GARCH model with dummies included in the mean and variance equation can thus 
be stated as follows:

15 Alternatively, we tried a volatility measure based on (Ri,t − R̄   
i)2. The two volatility measures exhibit similar behavior and 

appear to follow identical regularities.
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Figure 2. Ifo/ZEW-caused volatility V̄i/V̄ for 15-second intervals. This fi gure is available in colour at www.
interscience.wiley.com/journal/for
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In addition to previous return equations, equation (6) includes two groups of dummies in the vari-
ance equation, namely Dk,t for release days without simultaneous releases, and D̃ 

k,t for days with 
simultaneous releases at 10:00 CET (these dummies again equal 1 only for interval k and are zero 
elsewhere). Included intervals have been pre-selected following the procedure presented above (see 
Entorf et al., 2009, for details).

Estimation of model (6) reveals that the added GARCH(1,1) coeffi cients μ and v are signifi cant 
at the 1% level (results not reported). A concluding comparison of reactions to Ifo and ZEW releases 
based on GARCH results is presented in Table II. It documents all highly signifi cant (5%) responses 
within the fi rst 5 minutes after the respective announcements. Most return reactions are characterized 

Table II. Signifi cant (5%) GARCH responses within the fi rst 5 minutes after announcement

Returns Ifo ZEW Ifo ZEW

Good news Bad news
No confounding news 0:15 (+) 0:15 (+) No confounding 

news
None 0:15 (+)

0:30 (−)
0:45 (−)

0:45 (−)
. . .

4:15 (−)
Along with 

confounding news
0:15 (+)
0:45 (−)

0:15 (+) Along with 
confounding 
news

0:15 (+)
0:30 (−)

0:30 (+)
0:45 (−)

1:00 (−) . . .
1:30 (−)
2:00 (+)
2:45 (−)

Variance Ifo ZEW

No confounding news None 3:00 (+)
Along with 

confounding news
0:15 (+) 0:15 (+)
0.45 (+)

1:00 (+)
2:15 (−)

Note: Positive signs are caused by positive (negative) responses to positive (negative) news; negative signs refl ect positive 
reactions to ‘bad’ news or negative reactions to ‘good’ news (see defi nition of surprise indicator).
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by a fast response after 15 seconds, followed by a counter-reaction after 30–45 seconds. For ‘good’ 
news, there is an upward movement for both institutes after 15 seconds, irrespective of the presence 
of confounding announcements. The picture is less clear for ‘bad’ news, as there is no signifi cant 
reaction to announcements of the Ifo Institute, at least in the absence of confounding information. 
ZEW announcements seem to cause some further stock market adjustments, since responses are not 
limited to the fi rst 60 seconds but also some signifi cant ups and downs can be observed thereafter.

The immediate reactions at 11:00:15 (Ifo) and 10:00:15 (ZEW) can be observed for the variance 
equation too, but only in the absence of confounding announcements. Moreover, looking at the 
broader picture reveals that counter-reactions are less important than further positive outliers (at 
00:45 for Ifo and 01.00 for ZEW), confi rming the generally increased volatility levels in response 
to business cycle forecasts shown in Figure 2.

SUMMARY AND CONCLUSIONS

This article contributes to the literature on business cycle forecasts and their impact on asset prices 
by investigating how the 15-second Xetra DAX returns refl ect the monthly announcements of the 
two best-known business cycle forecasts in Germany, i.e., the Ifo Business Climate Index and the 
ZEW Indicator of Economic Sentiment. From the methodological point of view, the main focus lies 
in disentangling ‘good’ macroeconomics news from ‘bad’ news and, simultaneously, considering 
time intervals with and without confounding announcements from other sources.

We fi nd that responses to forecasts reveal an immediate impact at 15 seconds after the announce-
ments of both Ifo and ZEW: positive (negative) news results in an immediate increase (decrease) of 
returns. Moreover, a fi rst counter-movement becomes apparent at 30 seconds for Ifo and at 45 
seconds for ZEW. In general, the impact of ‘positive’ news appears to be faster and stronger than 
the impact of ‘bad’ news. A detailed volatility analysis is conducted for the 1-hour interval around 
the Ifo and ZEW releases. We fi nd the respective announcement (i.e., Ifo or ZEW) to be clearly and 
immediately refl ected in the volatility, which remains at a signifi cantly higher level for approximately 
2 minutes. Finally, we proceed with a combined modeling of returns and volatility in a GARCH(1,1) 
model. Results reveal that signifi cant increases in volatility only show up in the presence of simul-
taneous news released by other sources, whereas return reactions can be observed irrespective of 
whether confounding announcements are present or not.

Aiming at explaining the somewhat less pronounced return reaction to Ifo announcements com-
pared to the reaction to ZEW releases, we suppose that this result might be caused by the earlier 
publication of the ZEW indicator. According to Andersen et al. (2003), early announcements within 
the same category of macroeconomic indicators exhibit greater impact than those released later, as 
the impact of new information diminishes if major components of the release are already known or 
may be forecast from other previously released fi gures. Since the ZEW value for the current month 
is already known to the market when the Ifo index is released (Ifo forecasts are published during 
the last week of the month, whereas ZEW news are released during the second or third week), any 
change of the Ifo surprise variable might already be priced by fi nancial markets.

Given the better short-run forecasting performance of Ifo compared to the ZEW indicator men-
tioned in the literature, the Ifo qualifi es to be accounted for in 1-month horizon forecasts, whereas 
the ZEW indicator is superior for medium-term forecasts (year-on-year). Presented fi ndings add to 
this knowledge, because both indicators can improve validity and reliability of high-frequency 
models. Knowledge of the impact of macro news is also important for understanding the price 
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dynamics related to the limit order book and for designing optimal trading strategies, e.g., with 
respect to the placement of hidden (iceberg) orders (see Erenburg and Lasser, 2009).

Future research should focus on the reasons for the regular pattern of counter-reactions found after 
30 and 45 seconds. Some hints might be found in the problem of overshooting, but also research on 
reactions caused by changing interest rates in anticipation of future money demand is of related 
interest.
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