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Abstract

In this paper we present results from an event study based on a unique data set of corporate news
in the media. The data is provided by Media Tenor, a research institute which collects and rates all
corporate news from the most important German daily newspapers and TV news. Our analysis is
based on roughly 300,000 corporate news on 125 large- and medium-sized companies in 5 large daily
newspapers and 7 TV news shows from Germany between July 1998 and October 2006. Since media
analysts rate the news, we have an exogenous measure whether news are good or bad news for a
company. Based on this data we can show that the incorporation of information in prices is fairly
fast. The main price reaction occurs on the day of the arrival of the new information. This price jump
is especially large if the news coverage in the media is accompanied by ad hoc announcements made
by the corporation itself. While there is only a very short-term post-event drift after good news, prices
tend to drift for several days after bad news. The post-event trading volume is significantly higher
than before the news for several days for good as well as bad news. To provide a test of the model
of Hong and Stein (1999) we define several proxies for the speed of the information diffusion through
different investor groups. We find that for smaller companies with lower abnormal media coverage
the information diffusion is indeed slower, as predicted by theory.
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1 Introduction

A central question to researchers and practitioners concerned with asset pricing is how

precise and fast new information is reflected in the prices of securities. According to the

strong form of market efficiency of Fama (1970), prices should reflect all available in-

formation (including insider information) instantaneously. However, even his semi-strong

(i.e. prices reflect all public information) and weak (i.e. historical prices have no forecast-

ing power) versions of market efficiency were recently challenged by numerous empirical

studies that found autocorrelation patterns in securities prices. While the findings in the

mid- and long-term price movements are controversial1, for short-term reactions (up to

40 trading days) to new information, most researchers agree on the notion that a positive

serial correlation (i.e. momentum) exists. But there is a controversial discussion about

what causes this serial correlation. Possible explanations from different theories include

delayed information diffusion, investors’ inattention, and investors’ limited capability to

process information instantaneously. All of which would lead to underreaction with re-

spect to new information, causing slow incorporation in prices and thus positive serial

correlation. In addition, misperception of information due to different personal biases can

cause under- and prolonged overreactions with subsequent reversals which also lead to

the observed autocorrelation patterns.2

This paper contributes to literature by analyzing how stock prices and volume are

affected by corporate news. Due to a unique data set, we are able to provide new insights

of how different kinds of public information are incorporated into stock prices, and how

fast the market reaction is; thus we are able to test the model of Hong and Stein (1999).

The analysis is based on data provided by Media Tenor, a commercial media research

institute, which collects and analyzes media coverage of companies in Germany. They

analyze every report in the leading national daily newspapers and the main TV news,

and evaluate whether it is good, neutral or bad news for the respective company. This

1By reviewing the empirical literature, Fama (1998), p. 284, argues that in the long-run underreaction is nearly as

frequently observable as overreaction, and that the long-term return anomalies are sensitive to the different statistical

approaches. His conclusion is that the respective empirical studies are unable to discard the efficiency hypothesis.

2Hong and Stein (2007) classify one specific group of heterogenous-agent models as disagreement models and subdivide

this class of models into those that rely on either gradual information flow, limited attention or heterogenous priors as

underlying mechanisms.
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gives us an exogenous measure whether news are good or bad news3, and we are able

to simultaneously look at all kinds of news (including rumors and soft facts) that, to

the best of our knowledge, have not been investigated before. We find that stock prices

strongly react on days that we consider to be defined as news shock days, with ex-ante

expected results. Prices rise if a day is identified as a good news day, and fall if there is an

abnormal large amount of bad news on that day. The price reactions are particulary large

if the news shock is accompanied by an ad hoc announcement. In addition, in accordance

with other empirical analyses, we find only a short-term post-event price drift for positive

news shocks, but a larger drift after bad news. Trading volume is abnormally high for

several days after positive and negative events. Furthermore, we confirm the theoretical

prediction that the price drift is stronger for companies where the information diffusion is

slower, i.e. for smaller companies and for companies with more abnormal news coverage.

The remainder of this paper is structured as follows: In Section 2 we review the

model of Hong and Stein (1999) that we test, along with existing empirical evidence

on the short-term post-event price reactions to corporate events, and media coverage of

companies. In Section 3, we provide a description of the data we use in our analysis.

Section 4 provides stock price and volume reaction results from an event study and for

different information diffusion parameters at the market-wide level. Section 5 concludes.

2 Related Literature

There exists a large amount of literature on market reactions to corporate news. For the

theoretical as well as the empirical literature we can only provide a short review of some

important studies that we regard as influential to the questions addressed in this paper.

After giving an overview of theoretical models which can explain post-event drifts of prices

and high trading volumes, we provide and comment on a categorization of the empirical

literature of stock market reactions to new information. Our main focus is on studies that

3Existing analyses of the influence of good and bad news on price drifts endogenously derive whether information is

positive or negative from significantly positive or negative returns for the respective company. See Pritamani and Singal

(2001) and Chan (2003).
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look at short-term reactions, especially those who use media coverage of companies for

their analysis.

2.1 Models Explaining Underreaction to News

To answer the question whether market efficiency holds from a theoretical point of view,

one first has to define what private and public information is and how these concepts

relate to the different forms of market efficiency. Grossman and Stiglitz (1980) point

out that the strong form of efficiency cannot exist in equilibrium if costs of information

acquisition exist, because if the costly information does not help to generate excessive

returns which at least offset these costs, nobody has an incentive to acquire information.

Thus the models and empirical analyses concentrate on testing the semi-strong and weak

form of market efficiency. The difference between the strong and the semi-strong form

is whether private information is reflected in the asset prices or not. This leads to the

question what private and public information is. The following is a simple example of how

difficult it is to answer this question (based on an analysis of Davies and Canes (1978)):

A brokerage firm (with insider information) first made recommendations public to their

clients, and then published them in the Wall Street Journal a few days later. Davies and

Canes (1978) find a significant price reaction on both dates. Did the clients have had

private or public information? In that case, most people would classify the information as

private. But what if the broker would have published their recommendations in the Wall

Street Journal directly? Is the information then private to the readers of the Journal? Or

is this public information because everybody potentially could have had this information?

We agree with most authors that information is public as soon as everybody can

obtain this information. Whether people are actually aware of this information (and pro-

cess it correctly) is another question that has to be addressed. If attention to news or

the processing capacity is limited for investors, this might lead to a slow information

diffusion through different types of investors, and thus cause a delayed price reaction.

Brav and Heaton (2002) divide the existing models into behavioral and rational structural

uncertainty theories. Investors in the behavioral models suffer from cognitive biases and

therefore cannot rationally process the available information. Comparatively, investors

in the rational structural uncertainty models are rational in the sense that they update
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their beliefs statistically correct (according to Bayes’ rule), but they lack knowledge of

the fundamental structure of the economy. Yet the authors point out that it is hard to

distinguish the two classes of theories, because similarities in the mathematical modelling

create very similar return patterns and thus empirically indistinguishable hypotheses.

Kyle (1985) shows that rational investors with insider information have an incentive

to gradually spread their information, because they know that their demand influences

market prices, and thus can exploit the lack of knowledge of noise traders who trade in

a sequential auction market with efficiently price-setting market makers. Hong and Stein

(1999) model their information diffusion in a different way. In their behavioral model

to explain short-term underreaction (and long-term overreaction), one group of investors

with the same constant absolute risk aversion (CARA) utility, the newswatchers, obtain

a piece of private information on the true value of a single liquidating dividend of a risky

asset. They condition the value of the asset on this information, but on the other hand,

fail to condition on current or past prices. The newswatchers are subdivided into z groups

that are identical, except for the initial piece of information they get. Every of the z

groups receives information on one of z independent subinnovations (each with the same

variance) of a total dividend innovation. At time t every group of newswatchers have

a 1/z piece of the total information. In time t + 1, each group gets a further piece of

information that is known to another group since t already. This means that information

rotates between the z groups and at time t+z−1 the former (partly) private information is

public to every group of newswatchers. Thus, the information diffuses linearly, and serial

correlation emerges because the restriction of these investors to condition on observed

prices prevents a fully revealing equilibrium. The gradual information diffusion could be

explained by limited attention to information or limited capacity to process information.4

Hong and Stein (1999) introduce another type of investor, the momentum traders, to their

model. These traders also have CARA utility, but, in contrast to the newswatchers5, they

exhibit a finite investment horizon of j periods. The momentum traders do not observe

any signals about the true value of the liquidating dividend, but are able to condition

their forecasts on past prices. But they are bounded in their forecasting ability and thus

4See, for examples, Mankiw and Reis (2002) and Hirshleifer and Teoh (2006) for models with limited investors’ attention

and Sims (2003) and Peng (2005) for models with limited information processing capacity of investors.

5For a remark on the time-inconsistent behavior of the newswatchers, see Hong and Stein (1999), p. 2152.
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make univariate forecasts based on price changes from t− 2 to t− 1, meaning that they

are also unable to rationally extract and accumulate the different pieces of information.

The gradual diffusion of information to the newswatchers leads to positive short-

term serial correlation that influences the forecasts of the momentum traders. As a result,

this trend is amplified, leading to an overreaction with a convergence to the fundamental

value, and thus to negative serial correlation afterwards. Comparative statistics show that

the higher the information diffusion parameter z is, i.e. the longer the information needs

to rotate before all newswatchers are aware of it, and the higher the risk tolerance of

the momentum investors is, the longer is the time of positive serial correlation and the

stronger is the overreaction. In addition, the model predicts lower initial price reactions

for the first case, while they are the same in the second case. For longer momentum

investors’ investment horizons, the trend also lasts longer, but overreaction peaks at mid-

term investment horizons.6

Similar to Hong and Stein (1999), DeLong, Shleifer, Summers, and Waldmann (1990)

and Balsara, Zheng, Vidozzi, and Vidozzi (2006) use momentum traders to show how the

empirically observed price patterns could be explained. For the same purpose, Daniel,

Hirshleifer, and Subrahmanyam (1998), Odean (1998), Gervais and Odean (2001), and

Peng and Xiong (2006) include overconfident investors in their models. Barberis, Shleifer,

and Vishny (1998) use investors prone to conservatism and the representative heuristic,

while Grinblatt and Han (2002) show that disposition effect traders can cause positive

serial correlations in stock returns.

2.2 Empirical Literature on Market Reactions to News

To review the literature on price reactions to corporate news, one should define what those

news are. Typically, news is regarded as the release of new information to the market

(e.g. earnings announcements). But in the focus of researchers are also events that do not

carry information itself, but may be able to draw attention to the stock of the respective

company (e.g. stock splits). In the absence of short-selling opportunities, this attention

6The introduction of constrained contrarian investors, rational arbitrageurs with finite risk tolerance, and the possibility

for investors to endogenously choose to be momentum or contrarian investor dampens but does not qualitatively change

the results.
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might simplify the search problem when one needs to decide which of the thousands of

available stocks to buy.7 The pure attention would lead to buying pressure in a stock.

These two hypotheses, the information based and the buying pressure based stock price

drifts can occur simultaneously; as in the model of Hong and Stein (1999). There also exist

events (e.g. analysts’ recommendations) where it is ex-ante unclear whether they reveal

information or just create attention. To disentangle the price effects, researchers attribute

the price change that is reversed after some time to the price pressure hypothesis, while

the afterwards remaining price change is the stock price justified by the new information.

In our analysis, we focus on the media coverage of corporate news and not the initial

news. This type of news was named second-hand information by Davies and Canes (1978).

It is not clear whether this type of news reveals new information, or whether the media

coverage spreads the information to more investors, or whether it just creates attention.

That is why we provide an overview over empirical evidence on the influence of corporate

news in the media in the later section. First of all, we show empirical analyses concerned

with price patterns following special corporate events.

2.2.1 Corporate News

Earnings announcements are probably the most reviewed corporate events. Among many

others, Bernard and Thomas (1989, 1990) report short-term post-earnings announcement

drifts (PEAD) in the direction of the standardized unexpected earnings (SUE). Positive

surprises are followed by positive abnormal returns, while negative returns occur subse-

quent to negative surprises. The PEAD is stronger for good news and for smaller firms.

The authors point out that the drift is unlikely due to a misspecification of the under-

lying model risk but consistent with a delayed price response. Abarbanell and Bernard

(1992) show that it is not only the market, but also security analysts who underreact

to earnings announcements. DellaVigna and Pollet (2004) report that short-term price

and volume reactions to earnings announcements on Fridays are smaller and tend to drift

more. They attribute this effect to lower investor attention on Fridays. Similar results

are found for earnings releases before the market start or after its close (as opposed to

the trading hours) by Bagnoli, Clement, and Watts (2006). In accordance with the atten-

7See Barber and Odean (2007).
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tion hypothesis, Hirshleifer, Lim, and Teoh (2006) show that the initial price and volume

changes subsequent to earnings announcements are weaker and PEAD is stronger if more

firms simultaneously report their earnings. Davis, Piger, and Sedor (2006) analyze the

wording of earnings press releases from companies with a textual-analysis program and

find a positive (negative) relation between optimistic (pessimistic) language usage and

future firm performance. Further evidence for positive serial correlation of stock prices

after corporate events comes from the initiation and omission of dividend payments8 and

from open market share repurchases9. Nofsinger and Sias (1999) find a positive correlation

between changes in the institutional ownership and returns of stocks.

As an alleged case of pure attention events, Fama, Fisher, Jensen, and Roll (1969)

and Ikenberry and Ramnath (2002) investigate stock price reactions to stock splits. Both

studies find a positive drift after stock splits, but also point out that stock splits are fol-

lowed by increased dividends/earnings and thus might signal to market participants. The

drift then arises from the underreaction of investors and analysts to the new information.

For analysts’ recommendations, it is unclear whether they reveal insider information, or

whether they spread aggregated but already published information through more groups

of investors. Stickel (1995), Womack (1996), and Jegadeesh and Kim (2005) show that

analysts’ recommendations do in fact have an investment value, because upgraded stocks

tend to outperform downgraded ones. In an empirical test of the Hong and Stein (1999)

model, Hong, Lim, and Stein (2000) analyze (holding the company sized fixed) whether

higher analyst coverage leads to a faster incorporation of information into stock prices.

They find that momentum strategies work better among stocks with low analyst coverage.

Their results support the hypothesis that analysts do not distribute new information, but

present old information to new investors. This gradual diffusion of company information

across investors is especially pronounced for negative news.

2.2.2 Corporate News in the Media

Direct evidence of whether corporate news diffuses slowly through investors’ population

can be drawn from studies about the media coverage of such news. For example, the

8See Michaely, Thaler, and Womack (1995).

9See Ikenberry, Lakonishok, and Vermaelen (1995).
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aforementioned study of Davies and Canes (1978) discovers price reactions on days of

analysts’ recommendations to their clients, as well as on days when the same recommen-

dations are made public in the Wall Street Journal a few days later. Similar results are

obtained by Barber and Loeffler (1993). They show that recommendations from analysts

in the Dartboard column of the Wall Street Journal induce positive abnormal returns for

two days, that are partly reversed over the subsequent 25 trading days, and that volume

nearly doubles on the two days following the publication. For stocks randomly picked by

throwing a dart, such effects are not observable. In a case study about the information

release of the invention of a new cancer-curing drug, Huberman and Regev (2001) show

that information published 5 months ago in a journal read predominantly by specialists,

and then republished in various popular newspapers still has a strong impact on market

prices on the second release date, because the information is allocated to a broader group

of investors.

Other studies related to ours investigate whether post-event price drifts are stronger

if they are accompanied by higher media coverage. They do not focus on a special corpo-

rate event. They define events endogenously by abnormal returns. A positive (negative)

event occurs if there is an unusually high (low) abnormal return on that trading day.

Pritamani and Singal (2001) find that initial price reactions, as well as post-event price

drifts, are stronger for events accompanied by news, especially earnings news and analyst

recommendations in the Wall Street Journal or the Dow Jones News Wire on the event

date, and are associated with unusually high trading volume as proxy for the precision

of the information signal. Chan (2003) divides stocks with and without news stories in a

month, and then uses returns to further divide these groups into deciles. Based on these

portfolios, he finds that there is a drift for stocks with news, especially for stocks with bad

news (i.e. with the lowest abnormal returns). This effect is stronger for smaller stocks. The

initial price moves are partly reversed if this movement was not accompanied by public

news. Fang and Peress (2007) show that stocks without media coverage outperform those

named in four nationwide newspapers. This is especially true for small stocks with low

analyst coverage, which are primarily owned by individuals. Mitchell and Mulherin (1994)

point out that a direct relation exists between the stock market activity and the number

of news from the Dow Jones Broadtape, as well as from the Wall Street Journal, but that

this relation is not particularly strong.
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To infer more information from news stories, some researchers use computational

linguistic methods. Tetlock (2007) constructs a sentiment measure based on the wording

in the “Abreast of the Market” column in the Wall Street Journal, and shows that media

pessimism is able to predict movements of market prices and trading volumes, but that

there also exits influence of market returns on media pessimism. Tetlock, Saar-Tsechansky,

and Macskassy (2007) extend this analysis and in addition, show that negative words

in news stories can forecast low earnings, especially if the news stories focus on firms’

fundamentals. Das and Chen (2007) and Antweiler and Frank (2004) focus on the wording

of messages posted on internet message boards. While Das and Chen (2007) show that an

aggregated tech stock sentiment measure, derived from the posted messages, is related to

stock returns, Antweiler and Frank (2004) find that their Bullishness indicator helps to

predict stock market volatility, but that the effect is economically small. Antweiler and

Frank (2005) also use computational linguistic methods, but they do not look at whether

news is good or bad news, but instead focus on the topic being covered. Besides showing

that stock prices reverse subsequentially to an initial jump after the arrival of a news

shock, they reveal stronger price and volume effects for smaller firms and if the economy

is in a recession.

Other evidence of influence from media coverage on firm performance comes from

Bhattacharya, Galpin, Ray, and Yu (2007). They classify all reports from the Dow Jones

Interactive Publications Libary concerning 458 internet IPOs and 458 matched firms from

1996 to 2000 to be either good, neutral or bad news, and find that media coverage explains

only a small part of the differences between returns of newly issued stocks and stocks of the

matched firms. Contrary evidence of the role of media coverage about a firm’s CEO and the

influence on firm’s performance is provided by Nguyen-Dang (2005) and Malmendier and

Tate (2007). While Nguyen-Dang (2005) reports higher returns and Tobin’s Qs for firms

with CEOs who attract higher levels of media coverage, Malmendier and Tate (2007) find

that if a firm’s CEO is awarded with a prestigious nationwide media award, the subsequent

corporate stock return underperform the market as well as matched firms.
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3 Description of the Data

We base our analysis a unique data set that is provided by Media Tenor, a media research

institute that screens the leading daily newspapers and TV news shows in Germany with

the help of 240 media analysts. According to strict rules from the Media Tenor codebook,

that “was developed in cooperation with the scientific community”10, the analysts classify

the news as positive, neutral or negative. They evaluate the explicit wording and the

implicit context. Both have to be either positive or negative if a news story is regarded

as positive or negative, respectively. All other news falls into the category neutral. Media

Tenor analysts do not only evaluate headlines but encode every single unit of information

from all articles or news stories of more than 5 lines in newspapers (section news, business,

and politics) or 5 seconds in the TV news. Media Tenor provided this data for companies

that were included in the German stock market indexes for large (DAX) and medium-

sized (MDAX) companies. This includes news coverage of 125 companies from July 1998

to October 2006. On average, 112 companies are included in the data every day. Table

1 reveals that the range of the market capitalization is fairly large. While a few large

companies exist, there is also a number of small companies that are included in our data

set. More than 25% of all companies have an average market capitalization below 400

million euros, which could be regarded as small, especially in an international comparison.

Table 2 shows the number of all, good, and bad news within the different newspapers

and TV news. 5 daily newspapers and 7 daily TV news shows are covered every single

day by the Media Tenor analysts. For the newspapers, the number of daily printed copies

printed is available. Unfortunately, such numbers do not exist for the TV news shows.

From the website of the broadcast station of the main German news show, the ARD

Tagesschau, one can see that it is viewed by roughly 10 million people (to compare, the

German population is about 82 million people).11 All other TV news have lower audience

ratings. Altogether, more than 300,000 articles and TV contributions were analyzed. More

than one third could be clearly classified as either positive or negative, whereas the positive

articles outbalance the negative ones. From Figure 1, one can see that the total number

10See http://www.mediatenor.com/smi MT research.php (July 10th, 2007) for further details.

11See http://intern.tagesschau.de/flash/index.php (July 9th, 2007).
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of monthly news slightly grew over our observation period and that the ratio from good

to bad news has fallen slightly.

To support our understanding of which information events influence the price and

volume of stocks, we relate the news coverage from Media Tenor to ad hoc announce-

ments, that include all legally compulsory news releases from the 125 companies. These

announcements come from the factiva information database, owned by Dow Jones, and in-

clude 3,816 ad hoc news. In addition, we received price, volume, and market capitalization

data from Datastream.

4 Stock Market Reactions to Corporate News with Media Cov-

erage

According to finance theory, market prices are driven by expectations about future fun-

damentals of stocks. New information leads to a revision of those expectations. How fast

this happens is the central question investigated in this paper. To address this issue, one

must define what an information event is. A large body of literature investigates specific

corporate events that are either self-selected by the company’s management or non-self-

selected events.12 Ikenberry and Ramnath (2002) point out that researchers might become

“errantly excited over spurious results”13, meaning that special events that are likely to

produce post-event drifts are investigated more often and predominantly analyses that

find such a drift are published. In our analysis we do not rely on a special event. We de-

fine an event day according to unusually high media coverage concerning a company. Thus,

our analysis can include rumors and other stories that are not reflected in other corporate

news, but may be important in the investors’ expectation formation process. Since we

look at all kinds of relevant news events, the critique of Fama (1998) that different events

might (randomly) generate over- and underreaction but cancel out in aggregate, thus be-

ing consistent with market efficiency, is addressed. In addition, we have an independent

measure, the Media Tenor analysts’ ratings of whether news is good or bad news for the

specific company. Because previous research has found that drifts after special corporate

12See Ikenberry and Ramnath (2002), p. 493.

13Ikenberry and Ramnath (2002), p. 490.
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events are rather short-lived and to attenuate the joint hypothesis problem, that arises if

the underlying pricing model is not valid, we only look at short-term reactions to news.14

4.1 General Results

The number of news about each company is too high to regard every single news report

as an event, as Table 2 reveals. In fact, on average there is more than one news story

for each of the 125 companies on every of the 2,117 trading days in our sample period.

Therefore, we define an event if there is unusually high media coverage on a specific day.

Our first measure is the news score. This is simply the number of news reports of the

specific company, no matter whether it is good, bad or neutral news. The news score

should measure the attention the stock receives on that day. An event is triggered if the

number of news reports is three standard deviations15 higher than on an average day

for that specific company within our whole observation period.16 Since we are looking

at news from newspapers and TV, we has to make sure that we assign the news to the

appropriate event date. At the earliest, newspapers can report the news from the previous

day, whereas the TV news shows are broadcasted in the evenings after the close of the

German market at 05.30 pm.17 We therefore assign TV news to the next trading day’s

newspaper news. If an event (defined as above) occurs on a day, we regard the reason

for this high media coverage as information from the day before. Thus, we define the day

before the unusually high media coverage as the event day 0, where the new information

most likely became public. The event window is 10 trading days before and 10 trading

days after the event day 0. We do not regard a day as an event day, although their is

14See Fama (1998) and Ikenberry and Ramnath (2002) for a discussion of the “bad model problem”.

15To analyze how sensitive our results are to the definition of an event, we also defined events if they are two or four

standard deviations away from their means. In the first case we got much more events and thus more problems with over-

lapping event windows. In the latter case the number of events is only slightly reduced and the results remain qualitatively

unchanged.

16We also compared the number of news reports on a day with the average number of reports the year before. The results

remain qualitatively unchanged, but since we lose one year of observations by this methodology, we report results for the

deviations from the average over the whole observation period.

17The main German marketplace closes at 05.30 pm. Some regional marketplaces trade to 08.00 pm. 3 of the 7 TV news

shows are broadcasted before 08.00 pm. If we exclude the 11,842 news from those TV news shows, our results remain

unchanged.
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abnormally high media coverage, if it occurs within 20 days after another event18, such

that we prevent overlapping event windows.

The main focus of this paper is not on the news score measure, but on separate

measures for good and bad news. A good (bad) news event occurs if the number of good

(bad) news reports is three standard deviations higher than on an average day. In addition,

the difference between good and bad news must be positive (negative). The event date 0

is the day before such an event is triggered. That leads to 2,123 news score events as well

as 2,068 positive and 1,284 negative events (see Table 3).

4.1.1 Abnormal Returns

Market efficiency would lead to the testable hypothesis that abnormal returns (and vol-

ume) only exist on the day of the arrival of new information. No drift should exist due

to overreaction or underreaction, should exist on the days after the event. We calculate

abnormal returns of the stocks according to an OLS market model:19

ÂRi,t = Ri,t − α̂i − β̂iRm,t (1)

where α̂i and β̂i are OLS values from the estimation window that include daily returns of

the stock of company i and the market index m from event date t=-252 to t=-11. For the

market index, we used either the DAX or the MDAX according to the index the company

was included on the event day 0.20 The reported cross-sectional averages of abnormal

returns are calculated as:

ARt =
1

N

N∑

j=1

ÂRj,t (2)

where N is the number of events in the respective category. The cumulative abnormal

returns are:

CAR−10,t =
t∑

τ=−10

ARτ (3)

18We regard an event closely after another as associated with the previous event, and use it to infer a measure of delayed

information diffusion. See Section 4.2.1.

19For further details, see Brown and Warner (1985) and MacKinlay (1997).

20We also applied the CDAX, that includes all traded stocks in Germany, as market index and in addition, calculated

market adjusted returns as simply the difference between companies and market returns. The results are robust to those

different procedures.
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From the second and the third column in Table 3, and Figure 2, one can see the

results for the news score events. Since we simultaneously consider positive, negative, and

neutral news reports, we report the absolute values of the abnormal returns. As expected

and in accordance with the efficient market hypothesis, there exists high abnormal abso-

lute returns on the event day. On this day, the price of the respective companies changes

1.23% more than prices of other companies. This result is economically and statistically

significant.21 The results for the days after the event day are theoretically more difficult

to explain. Although the main reaction to the news occurs on the event day itself, there

is some reaction on the next day as well. For the next three days, abnormal high absolute

returns are observed which indicate some post-event drift.

Surprisingly, the day before the event day also yields significantly positive absolute

returns. There are two possible explanations for this phenomenon. First, there might be

trading from insiders who trade using private information. Second, there might also be a

delay in the news coverage of the newspapers and TV news for some corporate news, such

that the majority of media picks up on a story two days after it actually happened. This

pattern is more pronounced for good than for bad news. Closer insights into this question

can be derived from the distribution of ad hoc announcements, which we will discuss in

detail in Section 4.2.4.

To analyze the direction and strength of post-event drifts, we now turn to the analy-

sis of good and bad news events separately (see sixth to eighth and eleventh to thirteenth

column of Table 3 and Figure 3). For good news, we find an economically and statisti-

cally important reaction on the event day. The returns of the stocks are on average 1.12%

higher than on other days. In addition, a significant post-event drift of 0.28% in the same

direction as the initial reaction is present on the next day, indicating an initial underre-

action to the information. But if one compares the cumulative abnormal returns on the

event day and on the last day of our observation period (which are fairly close to each

other; see [1, 10] at the bottom of Table 3), then one can come to another conclusion.

There is an appropriate price reaction on the event date and an overreaction on the next

day that is reversed during the next few trading days. To further investigate this topic,

we also provide abnormal returns from two days after the event until the end of our event

21We report the absolute values of the t-statistics throughout the remainder of this paper.

16



period (see [2, 10]). An abnormal return on event day one in the same direction as the

initial price reaction could either be an underreaction or an overreaction to a news shock.

In the first case, subsequent returns, i.e. [2, 10], should move in the same direction or be

insignificantly different from zero. If the price move on event day one is reversed within

the next trading days, this abnormal return could be regarded as overreaction. Table 3

displays that there is no evidence for a post-event drift for positive news shocks if we look

at the returns from event day one to event day ten. A more detailed analysis shows that

an abnormal positive return does exist on the first day after the event, but that this ab-

normal return is completely reversed over the next nine trading days. This result is in line

with the model of Hong and Stein (1999), that predicts an overreaction to news shocks

caused by momentum traders who trade on feedback from the initial price reaction.

Abnormal stock returns are 1.24% lower on bad news event days than on normal

trading days. On the next day the price decrease continues with a significantly abnormal

return of -0.35%. What differs from the price reaction to good news is that the reaction

on the day after the information release is not reversed over the following days. Instead,

the negative price trend continues. The cumulative return is 0.51% lower on the last day

of our observation period than after the initial price reaction, but the additional -0.17%

in the nine following days are far from being significantly different from zero. Negative

news seem to diffuse only slowly through all groups of investors. Hong, Lim, and Stein

(2000) and Chan (2003) find no (or very small) drifts after good news, and stronger drifts

after bad news. They conclude that bad firm-specific information diffuses only gradually

across the investing public.

4.1.2 Abnormal Volume

To omit problems with non-stationary volumes, we relate the actual trading volumes

within our event period to the average daily trading volume the four weeks before the event

window. To make the abnormal trading volumes comparable through different companies,

we standardized them. The abnormal trading volumes in euros are calculated as follows:

AV OLt =
1

N

N∑

j=1

AV OLj,t (4)
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with

AV OLi,t =
volumei,t − voli,t

voli,t
(5)

and

voli,t =
1

20

−11−t∑

τ=−30−t

volumei,τ (6)

By looking at Figures 2 and 3, one can observe a sharp increase in abnormal volumes

on the event day. The trading volume roughly doubles for these days. The abnormal

volume remains abnormally high for the next trading days. The volume before the event

is also statistically abnormally high compared to the month before (see Table 3), but

the t-statistics reveal which volumes are far from equalling zero. More important than

the statistical significance is the economic one. To see whether the event influences the

trading volume beyond the actual day of the information release, we compare the average

trading volumes from day -10 to day -1 to the volumes from day 1 to day 10 in Table

4. We find that before and after the event, the average trading volume is significantly

higher than in the 20 trading days before the event period. The differences in the trading

volumes before and after the event reveal that investors trade significantly more on the

days after the event. Whereas for positive news shocks the trading volume after the shock

is 20% higher than before, the difference for negative shocks is 40%. This might be a sign

that differences in the expectations are larger after bad news, and thus the information

diffusion is slower.22 This pattern is true for all cases we look at in the remaining sections.

4.2 Information Diffusion

The model of Hong and Stein (1999) predicts positive serial correlation for more periods

if the information diffusion is slower, i.e. it takes longer before each group of investors

receives the new information. In a test of the model, Hong, Lim, and Stein (2000) show

that company size and analyst coverage as proxies for the speed of information diffusion

do indeed affect the strength of the post-event serial correlation of stock prices. We now

turn to additional tests of proxies for information diffusion, first a univariate and then in

a multivariate setting in Section 4.3.

22See Pritamani and Singal (2001).
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4.2.1 Multiple News Shocks

Our first measure of information diffusion is based on the empirical fact that we observe

some serial correlation in the event days, meaning that it is more likely that there are

abnormally many news reports about a company tomorrow if it is also in the news today.

This is because some news needs to be discussed in the media. The more news coverage

there is over some days, the slower we regard the information diffusion in the market.

By definition, days with abnormal returns are only event days if there are no other event

days the 20 days before (see Section 4.1). We think that abnormally high media coverage

ten days after an event day is caused by the very same information event. We count the

number of additional abnormal news days after the actual event day and call this measure

the multiple news score. We then divide the news shocks in those that are not followed

by another unusually high media coverage day and those where the media coverage was

intense the next days.

Table 5 and Figure 4 show the results of this division. In accordance with the

theoretical prediction, the positive serial correlations in the stock prices are strong for

positive and negative multiple news shock events. In both cases, the initial price reaction

is roughly doubled within the next ten trading days. If there was only one news shock, the

stock prices show a reversal for positive news events and no significant drift for negative

shocks. Also of interest is that the abnormal returns on the event days are much stronger

for multiple news shocks. For negative shocks in stocks with a multiple news score, the

abnormal volume has its peak not on the actual event day but one day later. This could

be regarded as an additional sign for slower information diffusion.

4.2.2 Size

Another proxy for information diffusion is the size of the company. As shown by Hong,

Lim, and Stein (2000) and Chan (2003), price drifts after large initial price reactions

are much more pronounced for smaller (although not the very smallest) companies.23 We

made a median split of all companies according to their market capitalization separately

23Since the companies in our data are large and medium sized companies (see Table 1), we omit the problem with very

small firms, pointed out in Hong, Lim, and Stein (2000).
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for every day. If a news shock occurs, we assign this shock either to the large or medium-

size group, based on the market capitalization of the company on the event day.

The initial price reactions at the day of the information release are large and similar

in strength for positive and negative news shocks, as Table 6 and Figure 5 reveal. Most

important, medium-sized companies react more strongly on the initial event date and

show, in accordance with the hypothesis that the information diffusion is slower for smaller

stocks, a significant drift in the same direction on the next trading day. A longer lasting

post-event drift is only observed for negative news shocks in medium companies. This

confirms the findings of Hong, Lim, and Stein (2000) and Chan (2003). The positive

abnormal returns on the first day after a good information event are reversed within the

next trading days.

4.2.3 Relative Attention

Similar to Hirshleifer, Lim, and Teoh (2006), we define a measure called relative attention.

The underlying hypothesis is that investors are only able to process a limited number of

news reports at the same time. Thus, if there are simultaneously several news shocks that

affect different companies, the diffusion of this information will be slower. Therefore, we

divide the news shocks into two groups. They are attributed to a high relative attention

group if there is no more than one other news shock for another company on that day. If

there are more than two simultaneous shocks, these were regarded as low relative attention

events.

Table 7 and Figure 6 do not confirm our ex-ante hypothesis that information dif-

fusion is generally slower for low attention stocks, as it was found by Hirshleifer, Lim,

and Teoh (2006) for earnings surprises. Stronger post-event drifts and higher trading vol-

umes24 are found for low attention events, but only for negative shocks. In contrast to the

findings of Hirshleifer, Lim, and Teoh (2006), the initial price reaction is slightly weaker

for the high attention events. The generally observed pattern that abnormal returns tend

to reverse after good news and continue after bad news could also be observed here.

24Seasholes and Zhu (2006) find that individual investors increase their purchases of stocks that hit an upper price limit

if fewer other stocks simultaneously hit their limits in the Shanghai market.
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4.2.4 Ad hoc announcements

Another proxy of information diffusion is whether the media coverage is accompanied by

legally mandatory corporate announcements, so called ad hoc announcements. We argue

that really important news such as earnings announcements, stock splits etc. (basically

all events other event studies regarding corporate news look at), are accompanied by ad

hoc announcements, but there are also additional news reports (such as rumors in the

market or developing news stories) that are important for the investors in the process of

expectation formation and that are not considered in previous studies. The latter ones

might take more time to be reflected in stock prices, meaning that information diffusion

is slower.

By combining the ad hoc data with the media coverage data, three interesting cases

emerge: How large are the returns if there is (i) an event accompanied by an ad hoc

announcement, (ii) an event without an ad hoc announcement, or (iii) no event but an ad

hoc announcement. The first case is the most interesting in our analysis. Figure 7 shows

that 387, respectively 198 of the 3,816 total ad hoc announcements occur on the same

day as a positive or negative news shock is measured. That means there are statistically

highly significant more ad hoc announcements than on normal trading days. Most other

days in our event window do not show an abnormal number of announcements, except for

the day before positive news shocks. As we started to discuss in Section 4.1.1, abnormal

returns the day before the actual event day could be either due to insider trading, or

because the reaction of the news coverage in the media is delayed in a few cases. The

results from Figure 7 supports the later view. In Table 8 we report the returns for the

aforementioned cases. The return on days with a positive (negative) event and ad hoc

news is 0.90% higher (2.85% lower) than on event days without an ad hoc announcement.

To see whether we picked up the important news and thus validate our measure, we also

look at absolute returns on ad hoc announcement days for which our measure does not

report an information shock. We choose absolute returns on days where our news score

measure indicates an abnormal number of news reports, because we have no exogenous

measure whether an ad hoc announcement is good or bad news for the respective company.

The returns on the ad hoc but not event days are significantly smaller (see Panel B of

Table 8). Since the difference to ad hoc days where a news shock is indicated is roughly
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1.52%, we are confident that our measure filters out the more important news from the

less important news.

The results in Table 9 and Figure 8 show that the reaction of the stock prices are

much stronger if a news shock is accompanied by an ad hoc announcement, especially for

bad news, but that the drift for the next day is stronger if there was no announcement

the day before. These results support the hypothesis that less salient information is incor-

porated more slowly into stock prices. The differences in trading volumes for events with

and without ad hoc news are remarkable. For bad news with ad hoc announcements, the

trading volume is more than 300% higher on such an event day than on a normal trading

day, whereas it does not even double if there are no additional ad hoc announcements.

4.3 Multivariate Results

In this section we provide a multivariate model with the different proxies for the infor-

mation diffusion, as well as some other independent variables to explain the short-term

and the mid-term drifts, as well as the variance of stock prices after the arrival of new

information. In addition, we test whether the difference of the trading volume before and

after the news shock could be explained by our set of variables.

The used proxies for the information diffusion are the multiple news score, ranging

from 1 (for only the initial event day being abnormal) to 8 where 8 of the eleven days

from t=0 to t=10 show abnormal news coverage, the size (measured as market capital-

ization), the relative attention measure (ranging from 1 to 14), and a dummy for ad hoc

announcements. For additional explanatory variables, we include the absolute return and

volume of the event day.25 The dependent variables are the whole post-event drift from

event day one to event day ten, as well as the subdivision into the drift for event day one

and the drift from event day two until the end of the event window. Besides those drift

variables, other dependent variables are the standard deviation of the returns for the ten

days after the event, as proxy for the difference of the opinions of the market participants,

25Pritamani and Singal (2001) find that large price changes capture the magnitude and volume changes capture the

precision of information signals.
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and the difference between the average abnormal volume in the ten days after the event

and the average abnormal volume in the ten days before the event.

In Panel A of Table 10, we report descriptive statistics of the dependent variables

that confirm aforementioned findings. The average return over the whole post-event period

is close to zero for positive news and -0.43% for negative news (see Columns P1 and N1 in

Table 10). Columns P2 and P3 show a pattern within those ten trading days for positive

information shocks. The drift in the direction of the initial price reaction is nearly reversed

over the following days. For negative news, the highest contribution to the post-event drift

comes from the day after the event (0.34%), while the subsequent returns are only -0.09%

(see Columns N2 and N3). The standard deviation and the difference in the volumes

before and after the news shock are higher for negative news.

In the multivariate models, reported in Panel B of Table 10, we are not mainly

interested in the direction of the drifts but in the question of what causes a post-event

drift. Thus, we take the absolute values of our drift variables and relate them to the above

explained independent variables. The results reveal that basically three variables influence

the drifts, the variance and the trading volume after positive and negative news shocks.

The first is the absolute return on the event day itself. The higher this return is, the

stronger the short-term and the mid-term drifts, as well as the standard deviation after

an event are. For example, the absolute drift one day after the event is 0.28% higher if

the initial return increases by 1%. This number is remarkably similar for drifts after good

and bad news shocks. The difference in the volumes before and after the shocks are only

related with the initial return for negative shocks. Among the proxies for the information

diffusion, two can explain dependent variables. The strongest influence is the size of the

company, as also reported by other authors. The smaller the company, the stronger are

the short- and mid-term drifts, the higher is the standard deviation and the stronger is

the increase in trading volume, at least for negative news. That means the information

diffusion for smaller companies is slower as predicted by the model of Hong and Stein

(1999). This size effect is stronger for bad news. The multiple news scores have a positive

influence on the dependent variables, except for the short-term drift after good news.

This indicates that the more days there are with unusually high media coverage within

the ten days after the event, as sign for the necessity to further discuss a topic and thus

23



the difference of opinions, the stronger is the drift, the standard deviation of the returns,

and the increase in trading volume after the event. The relative attention measure only

slightly influences the short-term drift and the standard deviation for positive events. The

short-term drift and the post-event standard deviation are high if the relative attention

measure is low, which indicates high relative attention. These results run against our

hypothesis and existing empirical evidence that information diffusion is slower for stocks

that receive lower relative attention by the investors. Whether an information event is

accompanied by an ad hoc announcement is important for the initial return (see Section

4.2.4), but does not play an important role for the information diffusion on the days after

the event in a multivariate setting. The higher the volume on the event day is, the higher

is the difference between the trading volume before and after positive shocks. Altogether,

the independent variables explain the price and volume patterns better after bad news;

as obvious from the higher R2s.

5 Conclusion

From a unique data set we are able to derive a measure for the arrival of new informa-

tion to the market. This measure does not only include news reported by the companies

themselves, but also incorporates other news such as rumors. It is derived from the news

coverage of companies in the largest German daily newspapers and TV news and was

evaluated by analysts from the media research institute Media Tenor. We thus have an

exogenous measure for the rating of the news. In addition, we derive several measures for

the speed of the information diffusion through different groups of investors; thus we can

test the predictions of the model of Hong and Stein (1999).

We find that stock prices do strongly react on days that our measure defines as news

shock days in a way one would expect. Prices rise if a day is identified as good news day and

fall if there are abnormally many bad news on that day. The price reactions are particulary

large if the news shock is accompanied by an ad hoc announcement. In addition, in

accordance with other empirical analyses, we find only a short-term positive post-event

price drift for good news shocks with a subsequent reversal, but a larger drift after bad

news that does continue (or at least does not reverse) over the following nine trading
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days. Trading volume is abnormally high for several days after positive and negative

events. Furthermore, we confirm the theoretical prediction that the price drift is stronger

for companies where the information diffusion is slower, i.e. for smaller companies and for

companies with more abnormal news coverage.
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Table 1: Number and Size of the Companies
This table reports the number and size of the companies in our data set. Size is the average market value over the whole

observation period and is reported in millions of euros.

Size Percentiles

No. of Companies Max 84,137

Total Companies 125 95% 35,629

Mean No. of Comp. 90% 23,826

per Trading Day 112 75% 4,909

Size Median 1,207

Mean 6,839 25% 397

Std. Dev. 13,47 90% 200

Skewness 3.09 95% 154

Kurtosis 13.81 Min 23

Table 2: Number of News in Different Newspapers and TV News
This table reports the number of total news, as well as positive and negative news for 125 companies in different large German

daily newspapers and daily TV news. For the newspapers, the daily number of copies at the end of 2006 is reported. *For TV

news no such numbers are available. The most seen TV news format is the Tagesschau. The broadcast station reports on its

own website that on average 10 million people watch the news every day (see http://intern.tagesschau.de/flash/index.php

(July 9th, 2007).

circulation All News Positive News Negative News

Frankfurter Allgemeine Zeitung 462,366 80,935 15,349 11,408

Die Welt 356,615 69,989 13,987 11,303

Sueddeutsche Zeitung 554,881 67,561 12,245 11,986

Frankfurter Rundschau 179,936 39,904 7,245 7,874

Bild 4,481,326 7,881 1,735 1,596

ARD Tagesthemen * 10,451 3,529 3,775

ZDF Heute Journal * 7,406 2,277 2,161

RTL aktuell * 4,974 1,303 1,203

ZDF Heute * 3,501 783 1,009

SAT1 18:30 * 3,367 934 775

ARD Tagesschau * 3,273 598 1,030

Pro7 Nachrichten * 2,976 885 679

total 302,218 60,870 54,799
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Table 4: Differences in Abnormal Volumes before and after a News Shock
This table reports the average daily abnormal trading volume before (vol[-10,-1]) and after (vol[1,10]) positive and negative

event days, as well as the difference of both. The t-statistics are for tests against the hypothesis that the abnormal volume

is zero for rows 3 and 4, and that the differences in those abnormal volumes are equal in the row 5. *** (**, *) indicates

significance at the 1% (5%, 10%) level.

positive news shocks negative news shocks

abn. volume t-stat. abn. volume t-stat.

vol[-10,-1] 0,1461*** (4.46) 0,1340*** (4.44)

vol[1,10] 0,3503*** (9.89) 0,5204*** (7.30)

difference 0,2042*** (6.61) 0,3864*** (5.60)
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Table 8: Returns for Days with and without Events and Ad hoc Announcements
This table reports raw returns for days with an ad hoc announcement and an event simultaneously and for days with no ad

hoc announcements but an event along with the difference between these two (Panel A). Additionally, the absolute returns

on high news score days with ad hoc announcement compared to days with ad hoc news but no event can be seen in Panel

B. The returns are reported in percentages. The reported t-values are absolute t-statistics. *** (**, *) indicates significance

at the 1% (5%, 10%) level.

Panel A positive news shocks negative news shocks

obs. return obs. return

ad hoc, event 387 2.0449 198 -3.5233

no ad hoc, event 1,463 1.1451 948 -0.9385

combined 1,850 1.3333 1,146 -1.3851

difference 0.8998*** -2.5848***

t-statistic (3.83) (5.89)

Panel B news score shocks

obs. abs. return

ad hoc, event 440 4.3632

ad hoc, no event 3,376 2.8436

combined 3,816 3.0189

difference 1.5196***

t-statistic (7.14)
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Figure 1: Number of Positive and Negative News Articles
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Figure 2: Events with High Absolute News Scores
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Figure 3: Positive and Negative News Shocks
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Figure 4: Events with and without Multiple News Shocks
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Figure 5: Events for Large and Medium Size Companies
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Figure 6: Events with Different Relative Attention

0
.5

1
1.

5
0

.5
1

1.
5

−
2

−
1

0
1

2
−

2
−

1
0

1
2

−10 −5 0 5 10 −10 −5 0 5 10

1. Positive Events with High Relative Attention 2. Positive Events with Low Relative Attention

3. Negative Events with High Relative Attention 4. Negative Events with Low Relative Attention

cumulative abnormal return relative abnormal volume

re
la

tiv
e 

ab
no

rm
al

 v
ol

um
e

cu
m

ul
at

iv
e 

ab
no

rm
al

 r
et

ur
ns

event date (days)

41



Figure 7: Number of Ad hoc Announcements on Event Days

0
10

0
20

0
30

0
40

0

−10 −5 0 5 10 −10 −5 0 5 10

1. Ad−hoc News for Positive Events 2. Ad−hoc News for Negative Events
N

um
be

r 
of

 A
d−

ho
c 

N
ew

s

event date (days)

Figure 8: Events with and without Ad hoc Announcements
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