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Rumor Has It: Sensationalism in Financial Media

Abstract

The media has an incentive to publish sensational news. We study how this incentive

affects the accuracy of media coverage in the context of merger rumors. Using a novel

dataset, we find that accuracy is predicted by a journalist’s experience, specialized edu-

cation, and industry expertise. Conversely, less accurate stories use ambiguous language

and feature well-known firms with broad readership appeal. Investors do not fully ac-

count for the predictive power of these characteristics, leading to an initial target price

overreaction and a subsequent reversal, consistent with limited attention. Overall, we

provide novel evidence on the determinants of media accuracy and its effect on asset

prices. (JEL G14, G34, L82)
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The business press plays a key role in capital markets as a distributor of information

(Tetlock 2010; Engelberg and Parsons 2011; Peress 2013). This role is not passive, how-

ever, as business newspapers actively compete for readership. To win readers’ attention,

newspapers have an incentive to publish sensational stories, namely attention-grabbing,

speculative news with broad readership appeal. Understanding this incentive is impor-

tant. Media coverage that is skewed towards speculative stories, possibly at the expense

of accuracy, could distort investors’ beliefs and impact asset prices. While prior research

shows that the incidence of media coverage influences financial markets, there is relatively

little evidence on its accuracy.

In this paper, we study accuracy in the business press in the context of merger rumors.

These stories attract a broad audience because mergers have a dramatic impact on a

wide range of corporate stakeholders. For employees, customers, and rivals, mergers lead

to layoffs, discontinued products, and increased competition, in addition to the 15–20%

abnormal return realized by target investors. At the same time, merger rumors provide a

convenient setting to study accuracy in the press because we can observe ex post whether

a rumor comes true.

To illustrate the trade-off between readership appeal and accuracy, consider an article

that appeared on the front page of the Seattle Times on September 2, 1993, entitled,

“Could GE Buy Boeing? It’s Speculation Now, But Not Entirely Far-Fetched”:

A scenario by which fiercely independent Boeing succumbs to an oppor-
tunistic corporate raider has been quietly percolating in certain corners of
Wall Street for the past year. . . GE’s ambitious Chairman Jack Welch, 57,
has been taking steps to position GE to make a major acquisition. . . Although
he hasn’t said so explicitly, Welch appears to covet Boeing.

A letter to the editor that was published a few days later provides insight into how this

article was received by readers. The letter states,
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In my opinion, your paper chose to give this story front-page attention only
for the purpose of selling newspapers. Unfortunately, judging by the fact
that The Times newspaper box outside the gate where I work was empty
when I left work (this is the first time I’ve noticed this occurrence), you
succeeded. —J.J. Pruss, Bellevue

This anecdote illustrates a number of interesting features of merger rumors. First,

the article is designed to attract readers. Since Boeing is a major corporate presence in

Seattle, a merger with GE would impact a large number of Seattle Times readers. Second,

the article is written with provocative language that one might find in a paperback

novel, such as ‘opportunistic raider,’ ‘Boeing succumbs,’ and ‘Welch covets.’ Finally,

as the letter to the editor reveals, while not everyone was convinced by the article, the

sensational reporting style was successful in selling newspapers. In the end, however, the

rumor never materialized – GE never made a bid for Boeing.

We use merger rumors to investigate two main questions. First, which characteristics

of media articles predict whether a rumor will come true? Second, do investors account

for the characteristics that predict accuracy? While merger rumors allow us to address

these questions in a relatively clean setting, we believe the answers can shed light on the

accuracy of the business press in more general settings.

To answer these questions, we construct a novel database of merger rumors. We

manually search Factiva to identify ‘scoop’ articles that first report a merger rumor,

whether they appeared in the online or print edition of a newspaper. The sample includes

501 unique merger rumors in 2000–2011, whose targets are worth 32% of the aggregate

value of all acquisitions during this period. Consistent with an incentive to win readers’

attention, newspapers are more likely to report rumors about newsworthy targets: large,

public firms with recognizable brands and large advertising expenditures. For instance,

88% of targets in merger rumors are publicly traded, compared to 38% of targets in
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actual mergers. Also, 15% of rumor targets appear on league tables of the most valuable

brands, compared to 1% for all merger targets.

Central to this paper is the definition of accuracy. One definition of accuracy of rumors

is the literal definition. As long as a rumor is discussed in any setting, an article is literally

accurate. A more relevant definition to newspaper readers is based on whether the merger

materializes in the future, not whether someone is making idle speculation. Therefore,

we define a rumor to be accurate if the rumor target receives an official takeover bid

within one year. Using this definition, 33% of rumors in our sample are accurate. We

also provide a number of robustness checks using alternative definitions of accuracy.

The accuracy of rumor articles has a significant impact on stock prices. Targets of

accurate rumors earn an abnormal return of 6.9% on the rumor date, compared to 3.0%

for targets of inaccurate rumors. This dichotomy implies that returns are informative

about a rumor’s accuracy. However, the average firm realizes a significant reversal of

−1.4% over the ten days following the publication of the rumor. This finding suggests

that investors overestimate the accuracy of the average rumor.

To address our first question on the determinants of accuracy, we estimate logit re-

gressions of the likelihood that a rumor comes true based on four sets of factors: the

newsworthiness of the target, characteristics of journalists, details in the text of the ar-

ticle, and attributes of newspapers. Since some rumors likely circulate before they are

published in a newspaper, in all of our tests we control for stale information using the

run-up in the target’s stock price before the rumor is published.

First, we find that rumors about newsworthy targets are significantly less likely to

come true. This finding suggests that newspapers may be willing to publish rumors that

are less accurate if they feature large, well-known firms with broad readership appeal.
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Second, characteristics of journalists significantly predict the accuracy of a rumor.

Using a variety of independent sources, we hand-construct a comprehensive dataset on

journalists’ education, experience, and demographics. For example, we document that a

third of the reporters in our sample majored in journalism in college and about half of

the reporters are assigned to the New York bureau of national newspapers. A journalist

is more accurate if he is older, has an undergraduate degree in journalism, and specializes

in the target’s industry.

Third, details in the text of the article signal a rumor’s accuracy. Accurate articles are

more likely to mention a specific takeover price, to discuss possible bidders, and to indi-

cate that negotiations are in an advanced stage. Using the dictionary from Loughran and

McDonald (2011), we find that an article’s use of weak modal words, such as “maybe,”

“appears,” and “conceivable,” indicates that a rumor is less likely to come true.

Finally, newspaper characteristics are less important for accuracy than journalist and

article characteristics. While newspaper fixed effects help to explain accuracy, a news-

paper’s age, circulation, form of ownership, and location do not. Overall, in answer to

our first question, we find that rumors are more likely to be accurate when the target

firm is less newsworthy, when journalists are more experienced, and when the article text

provides specific details and uses explicit language.

To address our second question on the impact of accuracy on stock prices, we provide

two sets of tests. The first set of tests shows that the magnitude of the market’s immediate

response to a rumor does not fully predict a rumor’s accuracy. In particular, traits of

newsworthy firms, characteristics of the article’s text, and journalists’ age, experience,

and education remain significantly related to accuracy after controlling for the stock

market’s response to the rumor. The second set of tests shows that long-short portfolios

based on the predicted accuracy of a rumor generate significant excess returns of about 1%
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per month. Additionally, excess returns are greater when we predict a rumor’s accuracy

using variables that are harder to observe (e.g., journalists’ age and education) compared

to variables that are easier to observe (e.g., newspaper fixed effects). This suggests that

the average newspaper reader overlooks relevant, but obscure, information.

We next show that the costs of arbitrage and the sophistication of investors influence

asset prices following rumors. First, illiquid stocks with high idiosyncratic volatility have

greater long-short portfolio returns and reverse to pre-rumor stock prices more slowly

following an inaccurate rumor. Second, using daily data, we show that sophisticated

short sellers correctly infer a rumor’s accuracy. Finally, using daily data from a large

proprietary database of institutional trades, we show that institutions are net sellers on

rumors, suggesting that retail investors are likely net buyers.

These results are consistent with the theory that limited attention leads investors

to overlook valuable public information (Hirshleifer and Teoh 2003; Hirshleifer, Lim,

and Teoh 2011) and supporting empirical evidence (Engelberg 2008; Da, Gurun, and

Warachka 2013). While this previous work has focused on the behavior of investors, we

show that limited attention has important implications for the media. Because readers’

attention is limited, the media competes for their attention by publishing sensational

news. These news stories skew the information environment and move asset prices.

Finally, using a hand-collected sample of official merger agreements, we investigate

the real effects of merger rumors. Of the 51% of agreements that refer to a rumor, the

most common disclosure in the agreements is that the takeover premium is based on the

target’s stock price in the period before the rumor is published. We verify this effect in

a large sample of merger bids. The returns of rumor targets are about 8% higher during

the run-up period and about 8% lower at the announcement. Thus, the average acquirer

fully discounts the impact of a rumor on the target’s stock price.
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Our results have several implications. First, we challenge the view that the business

press is a passive conduit of financial information. Instead, we show that the media’s

incentive to attract readers is associated with more speculative reporting. This under-

scores the distinction of media articles from corporate disclosures, which are typically

more informative for large, well-known firms. Second, our results show that while the

media impacts asset prices, it also introduces noise through speculative articles. Finally,

we uncover important cross-sectional variation in the media’s accuracy. This variation

implies that the relation between information and asset prices could vary based on who

is relaying the information to investors.

The central contribution of this paper is to provide new evidence on the determinants

of accuracy in the business press. Previous research shows that individual investors

prefer stocks with attention-grabbing news (Barber and Odean 2008; Da, Engelberg, and

Gao 2011). Our findings suggest that newspapers might sacrifice accuracy in order to

appeal to individual investors. This provides one explanation why investors trade stocks

based on narratives in newspaper articles, despite easy access to firms’ press releases and

analysts’ reports (Engelberg and Parsons 2011). Furthermore, because media speculation

is difficult to disprove, our results help explain why media articles affect even the prices of

large and widely-followed stocks (Tetlock 2007). By identifying features of the text that

predict accuracy, we also extend prior research on textual analysis in finance (Tetlock,

Saar-Tsechansky, and Macskassy 2008; Loughran and McDonald 2011, 2014; Gurun and

Butler 2012). Finally, we provide new evidence on the role of journalists in the stock

market. Dougal, Engelberg, Garcia, and Parsons (2012) show that the identity of the

authors of a popularWall Street Journal column helps to predict next-day market returns.

We show that accuracy varies across journalists and identify specific characteristics that

help to explain this variation.
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1. Data and Summary Statistics

To collect merger rumors, we use a multi-step approach. First, using a wide filter, we

identify target firms named in merger rumors. After we identify the rumor target, we

search for the first article to report the rumor, or as we call it, the ‘scoop’ article.

More specifically, in the first step, we manually search the Factiva database using the

following filters. First, we limit our sample dates to January 1, 2000 through December

31, 2011. Second, we search within Factiva’s set of publications called “Major news

and business publications: U.S.” This set includes the 33 largest domestic newspapers.

Within these bounds, we search for articles that include at least one of these words:

“acquire,” “acquisition,” “merger,” “deal,” “takeover,” “buyout,” or “bid,” and at least

one of these words or phrases: “rumor,” “rumour,” “speculation,” “said to be,” or “talks.”

This search provides a noisy sample which we further refine by reading the articles to

identify those that report merger rumors. For example, this first sample includes articles

that discuss a merger and then an unrelated rumor, such as a rumor about a change in

management. Once we identify a merger rumor, we extract the article text, the name of

the target, the alleged bidders (if named), the media outlet, and the publication date.

With very few exceptions, each scoop article mentions just one target firm.

Next, we search for the scoop article. To find the scoop, we first trace backward

in time using the source of the rumor stated in the articles we have identified. When a

rumor is re-reported, journalists typically cite a newspaper article that reported the story

previously. In this second-pass search, we place no restriction on the newspaper’s size or

location. This means our sample includes foreign newspapers and small media outlets.

In addition, our sample also includes online versions and blogs of print newspapers, such

as Dealbook by the New York Times, which might publish rumors in advance of print
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versions. We follow the citation trail until we find an article that does not cite another

media source. To verify that it is the scoop article, we search for all articles on the target

firm starting one week before this potential scoop to find any previous articles on the

rumor. In some cases, articles do not report a source. In these cases, we search backward

in time for articles about the target firm until we find the earliest article that reports the

rumor, using all sources in Factiva.

Using the scoop article date, we search for all articles that include the target’s name in

the following week to measure how widely a rumor is reported. From this sample, we read

the articles to identify those that refer to the merger rumor. We identify separate rumors

for the same target firm if a year has passed between rumors. Finally, we search through

all merger bids announced between 2000 and 2012 in the SDC global merger database to

identify any rumors that were followed by a formal public merger announcement.

The final sample includes 2,142 articles covering 501 rumors about 354 target firms.

Targets include large, well-known firms, such as American Airlines, Alcoa, Sprint, and

US Steel, as well as foreign firms, such as InterContinental Hotels Group, Roche Holding,

and Samsung, and private firms, such as Calvin Klein, Skype, and Groupon.

Of the 501 rumors, 167 (33.3%) were followed by a public bid for the target within one

year, whether the deal was completed or not. Though we cannot know for sure whether

a rumor is false, we can state that the majority of rumors do not come true.

1.1. Time Series Statistics

Panel A of Table 1 presents the number of all articles, scoop articles, and public an-

nouncements by year from 2000 to 2011. There is an overall increasing pattern, with the

year 2010 having the most articles and scoops (393 and 75), and the years 2004, 2009,

and 2011 having the fewest. There is a positive but insignificant correlation between the
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number of scoop articles in a given year and the number of formal merger announcements

in the SDC database (0.30, p-value=0.34). The correlation between the percent of rumors

that emerged and the number of bids in SDC is weaker at 0.17 (p-value= 0.60). These

correlations suggest that the prevalence of rumors is not closely tied to actual merger

activity.

Panel B of Table 1 shows that articles follow a relatively uniform timing across calen-

dar months. In untabulated data, we find no seasonality in total circulation for a set of

prominent newspapers, consistent with uniform coverage of merger rumors by month.1 In

untabulated statistics, we find that few articles appear on Saturday or Sunday. Wednes-

day and Thursday are slightly more common than other weekdays for rumor articles, but

overall, there is not much meaningful variation by day of the week.

1.2. Sample Selection

One concern with our sample is that 501 rumors might seem relatively small compared

to the total number of mergers. In particular, over the period of our sample, 2000–2011,

there are 90,425 mergers in the SDC database, including public, private, and subsidiary

targets. However, most of these mergers are for very small firms. The average bid price

of this sample is $228 million, or $20.6 trillion in aggregate takeover value. In contrast,

the market equity of the average rumor target in our sample is about $16 billion, or $6.6

trillion in aggregate market equity for 414 rumors with available data. Thus, as a lower

bound, our sample’s market equity comprises 32% of the aggregate takeover value of the

1We use quarterly circulation data from the Audit Bureau of Circulations for the Wall Street Journal

and the New York Times from 2005 to 2012.
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entire SDC sample.2 This suggests that our results pertain to a large part of the universe

of mergers after accounting for target size.

Second, though there are close to 100,000 mergers in SDC, it is important to consider

how many mergers receive any media coverage at all. To estimate this, we search Factiva

over the period 2000-2011 for all articles in the Wall Street Journal, either in print

or online, that include any of the words “merger,” “takeover,” or “acquisition” in the

headline. Using Factiva ticker codes, we identify the total number of unique firms that

are mentioned in any of these articles. This is a conservative test because our sample

also includes firms that are discussed in the article but are not involved in a merger (e.g.,

industry rivals, valuation comparables, etc.). We then compare these numbers to the

number of unique firms in SDC.

We find that relatively few mergers receive media coverage. Using the algorithm de-

scribed above, there are 8,402 unique firms mentioned in merger-related articles in the

Wall Street Journal over 2000–2011. In comparison, there are 92,570 unique firms en-

gaged in mergers in SDC. Thus, using these estimates, roughly 9% of mergers are covered

in the media. These results show that our sample comprises a significant fraction of both

the aggregate value of mergers and the sample of mergers that receive media coverage.

1.3. Newsworthiness Characteristics

To empirically identify the newsworthiness of firms named in merger rumors, we re-

fer to commonly cited characteristics of newsworthiness in journalism studies: breadth,

prominence, and proximity (Eadie 2009). Breadth refers to the size of the audience that

2This is a lower bound because the estimate of our sample’s value excludes the takeover premium for
public targets and the value of private targets, though these additional valuations are included in the
SDC aggregate values.
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would be interested in a specific firm, prominence refers to how well-known is a firm, and

proximity refers to how close is a firm.

We use a number of variables to measure newsworthiness. First, large public firms

are more likely to interest readers because they employ more people, sell more products,

and have more diverse stockholders. As a measure of firm size, we use log (book assets)

from Compustat. As shown in Panel A of Table 2, nearly 90% of rumor targets are

publicly-traded and the average firm has book assets worth $12 billion. Second, as

evident in households’ stock portfolios (Frieder and Subrahmanyam 2005), firms with

high brand recognition are more likely to interest a broad audience. To identify firms

with recognizable brands, we use data from the marketing consultancy firms Interbrand

and BrandZ, each of which publishes a list of the 100 most valuable brands in the world

every year, starting in 2000 and 2006, respectively. Because these lists are so selective,

we simply record a dummy variable for any target firm that appears on either list in any

year from 2000 to 2011. Roughly 16% of rumor targets have valuable brands.

Additional measures of breadth and prominence are the ratio of a firm’s advertising

expenditures to total assets and the fraction of sales to households. Prior research shows

that advertising expenditures significantly increase a firm’s prominence to households

and lead to greater ownership breadth, more trading, and intensified purchases by retail

investors (Grullon, Kanatas, and Weston 2004; Lou 2014). The average firm in our

sample has an advertising-to-assets ratio of 0.8%. To measure a firm’s fraction of total

sales to households, we use the fraction of sales by the target’s industry that are purchased

by households, according to the 1997 Input-Output tables of the Bureau of Economic

Analysis. This measure identifies firms that sell more products directly to customers,

compared to those that sell intermediate goods in the supply chain. About 38% of
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rumor targets’ industry sales go to households. Our final measures of prominence are

innovativeness (R&D/assets) and growth potential (Tobin’s Q).

Proximity implies that firms located closer to readers are more newsworthy because

readers are more likely to work for such firms, buy their products, and invest in their

stocks (Huberman 2001; Ivković and Weisbenner 2005). To record proximity, we use two

measures of distance. In the first tests, in which we compare rumored merger targets to

actual targets, we record whether a firm is domestic or foreign. In the tests of rumor

targets, where we have a newspaper article for each target firm, we calculate the great-

circle distance in miles between the headquarters of the firm and the newspaper. This

measure also helps to account for the media slant toward local firms documented in

Gurun and Butler (2012). Foreign firms account for 25% of our sample, and the average

distance between a newspaper and the firm it covers is 387 miles.

1.4. Journalist Characteristics

To collect biographical data for the 382 journalists who authored or coauthored any

scoop article in our sample, we access a wide range of sources. We provide a detailed

description of our collection methods in the Internet Appendix and summarize the main

data sources here.

First, we collect journalists’ birth year and gender from the Lexis Nexis Public Records

(LNPR) database. This database aggregates information on 450 million unique U.S.

individuals (both alive and deceased) from sources such as drivers’ licenses, property

tax assessment records, and utility connection records. An older journalist could be

better at assessing a rumor’s accuracy than a younger journalist due to experience or

better connections. This relation could also be driven by selection, in which only the

more accurate journalists remain employed. Gender differences between male and female
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journalists may arise if female journalists have different connections to business insiders

than male journalists.

We compute the average age across article coauthors and then use its logarithmic

transformation in regression analysis. Panel B in Table 2 shows that the average age of

journalist teams is 37 (log (age) = 3.6), and the 25th and 75th percentiles are 32 and

41 years old. For gender, we create a dummy variable equal to one if the article has

any female coauthors, an outcome observed in 45% of rumors. In 17% of scoop articles,

journalists are unnamed. Of the articles that report journalists’ bylines, the average

number of journalists per article is 1.5, with 62% of articles sole authored, 27% authored

by two journalists, and 11% authored by more than two journalists.

Next, we collect data on journalists’ education. We record the university attended by a

journalist from biographical sketches on newspaper websites and professional networking

websites. To verify a journalist’s degree, year of graduation, and academic specialization,

we contact the registrars of the universities attended by journalists or, if necessary, the

National Student Clearinghouse, a degree-verification service provider. To verify degrees

of female journalists, we use their maiden names from the LNPR database if we are

unable to verify the degree under the journalist’s current family name.

We record two characteristics of a journalist’s education: undergraduate major and the

quality of the undergraduate institution. Reporters who received more relevant academic

training, such as that in journalism or business, could be better equipped to assess a

rumor’s accuracy and the integrity of its sources. Also, journalists who attended higher-

ranked universities may have access to a more valuable alumni network, which can serve

as an important channel of information transfer (e.g., Cohen, Frazzini, and Malloy 2008,

2010; Engelberg, Gao, and Parsons 2012).
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We record a dummy variable equal to one if an article coauthor has an undergraduate

major in one of these six academic areas: Business & Economics, Journalism, English,

Political Science, History, and Other.3 Panel B in Table 2 shows that the most common

undergraduate major is Journalism (33%), followed by English (31%), History (26%),

Political Science (19%), Business & Economics (10%), and Other (10%). To measure

the quality of a journalist’s undergraduate training, we use the university’s median ver-

bal SAT score, expressed as a percentile. Since most journalists attended liberal arts

programs, the verbal score is arguably the more relevant score of quality for journal-

ists. Table 2 shows that the journalists in our sample attended selective undergraduate

programs, with a mean (median) SAT score percentile of 83.7 (87.0).

Next, we collect journalists’ primary and secondary areas of professional specialization

from the newspapers’ biographical sketches. We conjecture that a journalist with exper-

tise in the industry of the rumor target may be better positioned to evaluate a rumor’s

accuracy than a journalist specializing in another industry. In some cases, a journalist’s

specialization is evident from his or her professional job title (e.g., ‘Reporter, Automo-

tive’), while in others, it is provided by the newspaper in the journalist’s biographical

sketch. We verify the reported specialization by reading samples of the journalists’ ar-

ticles. Then, we create a dummy variable equal to one if any of the coauthors has a

primary or secondary expertise in the industry of the rumor target, using the Fama-

French 17-industry classifications. In our sample, 55% of articles are written by teams

with at least one journalist who is an expert in the target’s industry.

Because a journalist’s location may be important for access to information, we also

record the geographic location of the journalist. Since many of the relevant information

sources of merger rumors, such as investment bankers and stock traders, are concentrated

3Please see the appendix for the complete list of fields that are included in each of the six categories.
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in New York City, we create a dummy variable to identify New York-based journalists. We

first identify a journalist’s office location from his or her job title (e.g., ‘Correspondent,

Atlanta Bureau’) or from the newspaper’s biographical sketch. Then we verify these data

using journalists’ residential addresses from the LNPR Database and match them to the

location of newspaper bureaus. In 49.5% of articles, at least one of the article authors is

stationed in New York.

Finally, we collect information on a journalist’s awards, which may serve as a signal of

superior skill. We consider the most prestigious journalist awards: the Pulitzer Prize, the

Gerald Loeb Award, and the Society of American Business Editors and Writers (SABEW)

Award. We collect information on award winners from the databases maintained by the

award-bestowing organizations and record a dummy variable equal to one if any of the

article’s coauthors has been awarded or nominated for one of these awards. In our sample,

17.6% of articles are written by teams with an award-winning journalist.

Panel A of Table 3 presents statistics on the 12 most prolific journalists in our sample,

each with at least six scoop articles. The most prolific is Dennis Berman of the Wall

Street Journal with 24 scoops, followed by Andrew Ross Sorkin of the New York Times

with 19 scoops, and Nikhil Deogun and Robert Frank of the Wall Street Journal, each

with 13 scoops. In general, more prolific journalists are more accurate than the average

journalist. In particular, Berman’s accuracy rate is 62.5% and Sorkin’s is 42.1%, above

the average journalist accuracy rate of 37.6%.

1.5. Article Characteristics

Using the text of the newspaper article, we record two types of information contained in

the article: 1) the ambiguity of the language used in the article, and 2) details specific

to merger rumors.
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First, because we focus on rumor accuracy, we study the frequency of weak modal

words – a measure of an author’s confidence – based on the word list for financial texts

from Loughran and McDonald (2011), as updated in August 2013. This list includes 26

words, including “apparently,” “maybe,” “perhaps,” and “suggests.” The complete word

list appears in the appendix. We predict that rumors in articles that contain a greater

fraction of weak modal words are less likely to come true. When calculating the frequency

of weak modal words, we are careful to avoid spurious matches. For example, the weak

modal word ‘may’ could refer to the calendar month of May, the retailer May Department

Stores, or journalist’s contact information such as “the author may be reached at. . . ” The

Internet Appendix explains how we address this issue.

Panel C of Table 2 shows that the mean frequency of weak modal words in merger

rumors is 0.8%, noticeably higher than in annual reports (0.4%) or final IPO prospectuses

(0.6%) documented in Loughran and McDonald (2011, 2013). As expected, the text of

merger rumors is more speculative than that of financial disclosures.

Second, we collect details about the article that are specific to merger rumors. In

particular, we collect the original source of the rumor cited in the article text. The vast

majority (92%) are anonymous, with the rest made up of analysts, portfolio managers,

bidder and target management, and others. We next collect the targets’ comments in

response to the rumor. In 46% of rumors, the target declines to comment on the rumor.

In 38% of rumors, there is no mention that the newspaper attempted to contact the target

for a comment. In 8% of cases, the article states that the target could not be reached

and in 4% the target denies the rumor.4 We also record the stage of the merger talks in

seven categories based on the text of the article. Panel C of Table 2 shows that most

4In 3% of scoop articles, targets confirm the rumor. In Internet Appendix Table 1, we confirm that our
results are robust to dropping these rumors.
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rumors are in the ‘Speculation’ stage, accounting for 51% of the sample. The remainder

is made up by ‘Preliminary talks’ (9%), ‘In talks’ (27%), ‘Preparing a bid’ (4%), ‘Made

offer’ (5%), ‘Evaluating bids’ (2%), and ‘For sale’ (3%). We also record a number of

additional variables that may signal the accuracy of a rumor. In particular, we record

whether the article mentions the rumor in the headline (85%), reports the number and

identity of alleged bidders (1.5 on average), and states an alleged takeover price (39%).

We also count the number of rumor articles across all sources on the scoop date (1.7 on

average).

1.6. Newspaper Characteristics

Finally, we collect additional information about the newspapers that publish the articles

in our sample. We obtain circulation and founding year from company reports and Audit

Bureau of Circulation statistics. The average founding year of newspapers in our sample

is 1922. The oldest newspaper in our sample is the Times of London, founded in 1785.

The average daily circulation is 442,550 copies, and the most widely-circulated newspaper

is the Wall Street Journal with a circulation of 2,092,523 in 2011. We also identify the

ultimate owner of each newspaper and record whether it is a family-run firm, which is

the case for 74% of articles in the sample.

Panel B of Table 3 presents summary statistics of the number and accuracy of articles

published by the newspapers in our sample. The Wall Street Journal is the most prolific

publisher of rumor articles, with 158 scoops, followed by Dow Jones News Service (67

scoops) and the New York Times (38 scoops). The rumors published in the Wall Street

Journal and Dow Jones News Service are also more accurate than the average rumor,

with accuracy rates of about 39%, compared to 33% for the average rumor. In contrast,

the Los Angeles Times and NYT Blogs have accuracy rates less than 20%.
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1.7. Accuracy

It is important to define accuracy in the context of merger rumors. In the literal sense,

as long as any person, anywhere, with any degree of knowledge suggests to someone else

that a firm is ripe for a takeover, a merger rumor published in the press is accurate.

However, this is an extremely low bar for accuracy. It just implies that the journalist is

not fabricating the rumor.

We define accuracy in what we believe is a more relevant way. In our setting, a rumor

is accurate if it is followed by a public announcement of a proposed merger within one

year, whether or not it results in a completed deal. This is the measure of ultimate

interest to a newspaper’s readers. The consequences of the merger, such as the premium

paid to target shareholders, the change in control, and employee layoffs are what the

average reader cares about, not just that someone is making idle speculation.

As in any definition, our measure of accuracy is subjective. For instance, we could

define accurate rumors as those that are followed by an official announcement within a

shorter time frame. In our sample, 27.5% of rumors come true within six months and

15.8% come true within one month, compared to 33% using our 12-month window. We

could also require accurate rumors to correctly name the true bidding firm, which occurs

in 15% of our sample. If we require accurate rumors to come true within one month and

also correctly name the bidding firm, 8.4% of rumors in our sample are accurate.

We choose to use the more generous definition of accuracy based on the 12-month win-

dow without the requirement to correctly name a bidder. However, in Internet Appendix

Table 2, we show that our main results are unchanged using a definition of accuracy

based on a rumor coming true in three, six, or nine months. We also show in Internet

Appendix Table 3 that rumors that are more likely to be accurate have a significantly



RUMOR HAS IT 19

shorter time lag between the rumor date and the announcement of the actual merger.

This helps validate our measure of accuracy.

We acknowledge that our definition of accuracy is not without limitations. An article

could accurately report that two firms are in advanced merger negotiations, which then

ultimately fail. This would be considered an inaccurate rumor using our definition.

However, for our definition to be biased, the likelihood of deal failure would have to be

systematically related to a characteristic of the merger negotiations or the firms involved

that the journalist does not consider. Given that newspapers select stories to publish

from a vast set of new information, it is reasonable that readers expect journalists to

consider the likelihood of deal failure when they choose to publish a rumor. We provide

empirical evidence to support this assumption in Section 7.3 of the paper.

2. Which Types of Rumors are Covered by the Business Press?

We first document the characteristics of target firms in merger rumors that attract news-

paper coverage. We would ideally compare firms discussed in published rumors to firms

discussed in unpublished rumors. Since it is difficult to observe unpublished rumors, we

use actual mergers as a benchmark for comparison. As long as the firm characteristics

we document are unrelated to the likelihood that a firm is discussed in a rumor, whether

published or not, using actual mergers as a comparison group is unbiased. To help ensure

that this is the case, we use three samples of actual mergers as comparisons: all mergers,

mergers of large public targets, and mergers of US targets only. The first subsample

includes all mergers in SDC from 2000 to 2011 with a deal value of at least $250 million.

In the second subsample, we include publicly traded targets and set the minimum size

threshold of actual merger targets such that their average value of log book assets is
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equivalent to that in the rumor sample. Finally, the third subsample includes only US

merger targets worth at least $250 million.

Table 4 presents univariate t-tests between average target characteristics in our rumor

sample, compared to the three different subsamples of actual mergers. In the rumor

sample, 88% of targets are publicly traded, more than double the fraction found in the

universe of SDC targets (38%) or in the sample of US targets (37%). We also find that

the average value of book assets of rumored targets is significantly larger than that of

actual merger targets. The difference between rumored targets and actual targets is

even more stark for brand value. More than 15% of rumored targets have high brand

values, compared to less than 1% for all mergers. Even in the size-matched sample, less

than 3% of actual merger targets have high brand values. Rumored targets also spend

significantly more on advertising than targets in any of the three samples of merger

targets. Similarly, rumored targets sell 38% of their output to households, on average,

significantly more than the 31% in all mergers and 34% in large mergers. Additionally,

75% of rumored targets are domestic firms, compared to 44% in the entire SDC sample.5

We also find that rumored target firms spend more on R&D and have higher Tobin’s Q

values than comparable large public merger targets. Analogous multivariate regressions

present similar results in Internet Appendix Table 4.

These results provide consistent evidence that the financial press skews coverage to-

wards more newsworthy firms. Rumors are more likely to be published for firms that

appeal to a broader audience and have greater prominence, consistent with the theoret-

ical models of media profit motives in Mullainathan and Shleifer (2005) and Gentzkow

and Shapiro (2006).

5In this setting, we cannot compare actual distances between newspapers and firms because the firms
in the actual merger samples do not have a newspaper associated with the merger. Since most of our
rumor articles are published in US newspapers, the fraction of foreign firms proxies for distance.
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3. How Do Merger Rumors Affect Stock Prices?

If investors can perfectly infer the likelihood that a rumor will come true, stock returns

of targets on the date the rumor is published should reflect all information with no

systematic over-reaction. Instead, if investors incorrectly believe that rumors are more

accurate than they truly are, the average target of a rumor will experience a reversal

following the publication of the rumor. To test these predictions, we calculate abnormal

stock returns by subtracting the daily return on the value-weighted CRSP index from

the daily return of the target’s stock. Cumulative abnormal returns are the time-series

sum of the abnormal returns.

Table 5 and Figure 1 present cumulative abnormal returns in event time from 20

trading days before the rumor to 20 trading days after. On the date of the rumor

publication (Day 0), the average target in a rumor experiences a 4.3% abnormal stock

return.6 Targets named in accurate rumors have abnormal returns of 6.9% on the rumor

date, compared to 3.0% for inaccurate rumors, a highly statistically and economically

significant difference. The average target experiences a substantial run-up of about 3%

over the period twenty days before the rumor, with no significant difference in the run-

up between accurate and inaccurate rumors. In contrast, in the 20 days following the

publication of the rumor, targets in accurate rumors experience returns that are 492 basis

points higher than targets in inaccurate rumors. This is driven by a significant reversal

in the inaccurate rumors of −2.7%. Aggregating returns over the entire 41 day period,

target firms of inaccurate rumors realize a complete reversal, where the total cumulative

abnormal return is statistically indistinguishable from zero.

6We use Day 0 returns throughout the paper rather than Day -1,0 to be conservative. This ensures that
the responses reflect the rumor article, rather than the run-up.
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These results show that rumors in the press have large stock price effects. They also

show that the market overreacts to the average merger rumor, suggesting that investors

cannot perfectly distinguish the accuracy of merger rumors in the press. In particular,

for the average rumor, there is a significant and large reversal of −1.4% over the ten days

following the publication of the rumor.

4. What Predicts Accuracy in Merger Rumors?

We design a set of four tests to identify the factors that predict a rumor’s accuracy and

the factors that influence the stock price reaction to the rumor. In the first baseline

test, we run a logit regression of the likelihood that a rumor comes true on the factors

described above, controlling for year and industry fixed effects.

In the second test, we include the abnormal stock return of the target on the day the

rumor is published (Day 0 return) as an explanatory variable in the logit test. This test

identifies which explanatory factors are reflected in stock prices and which are not. If the

day zero return reflects the likelihood that a rumor is true, then a variable that remains

significantly related to the rumor’s accuracy after controlling for the day zero return is

not fully reflected in the market reaction to the rumor.

In the third test, we refine the target’s day zero return as a control variable. In the

spirit of Bhagat, Dong, Hirshleifer, and Noah (2005), if we ignore the time lag between

the rumor and a public merger announcement, the day zero return has two components:

the likelihood that the rumor will come true and the expected return of the target if the

rumor does come true. Thus, the day zero return can be expressed as r0 = p · ra, where

p is the probability that the rumor comes true, and ra is the return of the target on the
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day of the public announcement of the merger.7 Rewriting this expression as p = r0/ra

isolates the component of the day zero return related to the accuracy of the rumor from

the component related to the expected value of an accurate rumor.

To estimate p, we first estimate ra from a linear regression of target announcement day

returns on target size, industry, and year fixed effects in a sample of 2,555 official merger

announcements of public targets over 2000 to 2011 from SDC. We use the coefficients

from this model to fit estimates of r̂a for each rumored target firm in our sample. The

coefficient estimates are presented in Internet Appendix Table 5. We discuss alternative

empirical models in Section 7.4. Using the estimate r̂a, we estimate p̂.

Following this procedure, we replace the day zero return as an explanatory variable in

the logit regression with p̂ in the third test. This logit test estimates the likelihood that

a rumor comes true, controlling for the component of the day zero return related to the

accuracy of the rumor. This means that variables that continue to predict accuracy in

this test are not fully reflected in the stock market response to the rumor. Section 5.1

also presents an analysis of long-short portfolio returns to assess whether investors fully

account for the variables that predict a rumor’s accuracy.

Finally, in the fourth test, we run a regression of the day zero target abnormal returns

on the same explanatory variables as in the logit tests. In addition, we control for r̂a, the

estimated official announcement return. Because we estimate r̂a using firm size, industry,

and year fixed effects, these variables are omitted from this regression. Second, we do

not control for estimated deal likelihood in this model because it is calculated using the

day zero return. While the first three tests identify which factors predict accuracy and

whether the market fully accounts for these factors, this fourth test identifies investors’

7The return ra itself has two components: the probability that the deal completes and the value of
the completed deal. For simplicity in our estimations and because of the noise inherent in estimating
compound probabilities, we do not decompose the announcement return further.



24 RUMOR HAS IT

beliefs about which factors influence accuracy, whether or not these factors actually

predict accuracy.

In all of our tests, we also control for the staleness of the rumor. As mentioned

above, newspapers are just one link in the diffusion of information from insiders to

outsiders. Though our data collection process is designed to ensure that our sample

correctly identifies the date and original source of the rumor among all media sources in

Factiva, the rumors in our sample could circulate in other venues first. As the theoretical

models of Van Bommel (2003) and Brunnermeier (2005) argue, informed traders have an

incentive to leak inside information in advance of official announcements. Tetlock (2011)

shows that stock returns respond less when media reports are more stale. If the staleness

of the information varies across our sample firms, we could make incorrect inferences. For

example, we could misinterpret a small stock price reaction to a variable that significantly

explains accuracy as investor inattention, when in fact the price reaction is small because

the information has already been incorporated in the stock price.

To control for staleness and information leakage, we use the cumulative abnormal

returns of the target in the five trading days before the rumor is published. If the rumor

has been widely circulated before the newspaper article is published, the pre-publication

returns are expected to be higher. Internet Appendix Table 6 presents similar results

using the cumulative abnormal returns over the twenty trading days before the article.

4.1. Does Newsworthiness Predict Media Accuracy?

Column 1 of Table 6 shows that the same factors that are associated with greater read-

ership appeal are also associated with less accurate reporting. Rumors about large firms

with valuable brands and greater advertising expenditures are significantly less likely to

come true. These results are economically substantial. The odds ratio that a rumor
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comes true about a firm that does not have a valuable brand is 1.65 times as large as

the odds ratio for a firm with a valuable brand. For a one standard deviation increase in

target log(assets), the odds ratio that a rumor comes true decreases by 43%.8

In column 2 of Table 6, we add the target’s day zero returns. As expected, the day zero

returns are positively related to accuracy. However, even after controlling for the day

zero returns, the characteristics of newsworthy firms are still negatively and significantly

related to rumor accuracy. In column 3, after including the estimated deal likelihood

as a control variable, the results persist. The coefficients for firm size, brand value,

advertising, and industry sales to households are statistically equal across the columns.9

This implies that including the market reaction (whether the day 0 returns in column 2 or

the estimated deal likelihood in column 3) does not change the impact of these variables

on a rumor’s accuracy. Thus, these findings indicate that investors do not fully account

for the incentives of newspapers to publish rumors about newsworthy firms.

Column 4 of Table 6 shows that firms with valuable brands, high Tobin’s Q, and

low R&D expenditures experience lower returns on the rumor day. This indicates that

investors’ perceptions of the rumor’s accuracy are based on some characteristics, such as

Tobin’s Q and R&D, that are not significant predictors of accuracy.

4.2. Do Journalists Predict Rumor Accuracy?

In Table 7, we run identical regressions as in Table 6, but use journalist characteristics

as explanatory variables.10 Column 1 shows that older journalists are significantly more

accurate than younger journalists. Second, articles written by reporters that studied

8The impact on the odds ratio is the multiplicative effect of exp(β × ∆X). A one-standard deviation
increase in log(assets) generates exp(β ×∆X) = 0.564, equivalent to a 43% decrease in the odds ratio.
9In Internet Appendix Table 7, we present Wald tests of the equality of coefficients from seemingly
unrelated regression models for all of the main regressions in the paper.
10Sample sizes vary across specifications due to data availability.
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journalism in college are significantly more accurate than articles written by journalists

who studied other fields, though the quality of the college, as proxied by SAT scores, is

unrelated to accuracy. Third, journalists that specialize in the target’s industry are more

accurate. Finally, journalists based in New York City are also more accurate.

Controlling for the target’s day zero stock returns in column 2 or the estimated deal

likelihood in column 3 does not affect the results. This suggests that the market might not

fully account for the predictive power of journalist age, education, and expertise. Column

4 shows that a journalist’s age, education, and expertise do not affect the day zero stock

returns. However, rumors written by New York-based journalists have a significantly

higher stock price reaction on the day the rumor is published.

These findings are intuitive. Older journalists with more relevant experience may be

better able to filter out false rumors, or they may have culled more reliable information

sources than younger journalists. An undergraduate degree in journalism may equip re-

porters with investigative skills useful for verifying suspicious claims. The insignificant

effect of SAT scores may indicate that these basic principles of journalism are taught

equally at high and low ranked colleges. In contrast, inexperienced or untrained journal-

ists may be more näıve and more easily fooled by a false rumor. Location also matters,

as New York-based journalists tend to be more accurate. This could occur because the

best business journalists end up in New York, or because New York-based journalists

have better connections to Wall Street insiders. It is reasonable that investors might not

fully account for most of the journalist characteristics, given that this information is not

prominently made available.

In additional tests, we measure whether investors respond to a journalist’s track record.

For each rumor, we calculate the average accuracy rate of the last scoop, the last two

scoops, the last three scoops, and all prior scoops by a journalist. We also measure a
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journalist’s experience by recording a variable that indicates a journalist’s scoop number

in chronological order during our sample period. Finally, we record the number of days

from the journalist’s last scoop. This may help identify whether a journalist actively

publishes scoops or, instead, occasionally gets a lead. In Internet Appendix Table 8, we

find no meaningful effects.11

Though we have identified the biographical traits of journalists that we believe are the

most important for predicting accuracy, other unobserved characteristics of journalists

are likely to be related to accuracy as well. In Internet Appendix Table 10, we run

journalist fixed effects regressions where the dependent variables are accuracy and day

zero returns. We only include dummy variables for the most prolific journalists with at

least four scoop articles. Consistent with the summary statistics in Table 3, journalists

Berman, Sorkin, and Sidel have positive fixed effects on the likelihood that a rumor

comes true. For instance, the odds a rumor comes true are roughly six times higher if

the article is written by Berman, compared to all other journalists. These results hold

after controlling for the day zero return and the estimated deal likelihood.

This evidence is consistent with the theory that limited attention may lead investors

to overlook valuable public information and cause distortions in stock prices (Hirshleifer

and Teoh 2003; Hirshleifer, Lim, and Teoh 2011).12 The marginal effects for Andrew Ross

Sorkin and Dennis Berman illustrate how limited attention is likely to drive these effects.

Sorkin is a well-known author of the best-selling book “Too Big To Fail,” which was

made into a television-movie for HBO. He is also known as the founder of the New York

11Our main results are unchanged after controlling for newspaper track records in Internet Appendix
Table 9.
12Empirical evidence in support of limited attention has been documented in the context of financial
information (Tetlock 2011; Da, Gurun, and Warachka 2013), earnings announcements (Engelberg 2008;
DellaVigna and Pollet 2009; Hirshleifer, Lim, and Teoh 2009), economic shocks (Cohen and Frazzini
2008), and investment choices (Barber, Odean, and Zheng 2005; Solomon, Soltes, and Sosyura 2014).
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Times news service on mergers called Dealbook, which uses the masthead, “DealBook

with Founder Andrew Ross Sorkin.” Without controlling for the day zero return, the

magnitude of Sorkin’s fixed effect is 1.64. However, once the day zero return is included,

the fixed effect drops to 1.27, indicating that the stock returns account for Sorkin’s

accuracy, at least partially. Compare this to Dennis Berman, a prolific journalist with

high accuracy rates, but not nearly as well-known as Sorkin. The magnitude of Berman’s

fixed effect is 1.79 without controlling for the day zero return. Once the day zero return

is included, Berman’s fixed effect remains virtually unchanged at 1.77. Rumors reported

by Berman are more accurate than the average rumor, but stock prices do not reflect

this additional accuracy.

4.3. Does the Article Text Predict Rumor Accuracy?

In Table 8, we run identical regressions as before using article characteristics as explana-

tory variables. Consistent with our prediction, the first column shows a strong negative

relationship between the use of weak modal words and the accuracy of a rumor. We also

find that when targets confirm a rumor, it is substantially more likely to be accurate,

compared to when targets decline to comment. Next, an article that alleges that the firms

are already engaged in merger talks is more likely to be accurate than an article that is

purely speculative. An article that mentions a takeover price or lists more prospective

bidders is also more likely to be accurate.13

All of these variables remain significant after controlling for the market response, which

suggests that the language in the rumor articles is informative of the rumor’s accuracy but

overlooked by investors. This is consistent with Tetlock, Saar-Tsechansky, and Macskassy

13We estimate identical regressions on article characteristics, in which we also include journalist fixed
effects (Internet Appendix Table 11) and newspaper fixed effects (Internet Appendix Table 12). Virtually
all of the results are unchanged. This means that even among the articles published by a particular
newspaper or journalist, the characteristics of the text predict the accuracy of a rumor.
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(2008), who find that negative words in the financial press predict lower firm earnings,

but stock prices reflect this information only after a delay.

Investors do respond to some article characteristics. For example, when a rumor is

covered by more newspapers, the rumor is more likely to be accurate, and this accuracy is

reflected in the stock price response. In contrast, targets’ day zero returns are higher when

the rumor comes from an anonymous source than when there is an identified source, yet

anonymity of the rumor source is unrelated to the likelihood that the rumor is accurate.

4.4. Do Newspapers Predict Rumor Accuracy?

Internet Appendix Table 13 presents the results of fixed effects regressions for newspapers

on accuracy. In general, newspapers display fewer statistically significant fixed effects

than journalists. This suggests that the characteristics of journalists are better predictors

of accuracy than the identity of a newspaper.

Internet Appendix Table 14 shows that a newspaper’s age, circulation, and ownership

do not influence the accuracy of rumors. However, newspaper characteristics do influence

the stock returns on the day the rumor is published. A rumor that appears in an older

newspaper with a larger circulation generates greater day zero stock returns than one

appearing in a younger newspaper with a lower circulation. These results are consistent

with the view that the media influences stock returns, even if it doesn’t provide new or

relevant information (Tetlock 2007, 2011).

Results in Internet Appendix Table 8 show a significant positive relationship between

day 0 returns and the newspaper’s accuracy rate in the last two and three scoops. This

provides some evidence that investors have a greater response if an article is published by

a newspaper that has recently been accurate. These results could suggest that investors

are more sensitive to newspapers’ reputations than journalists’ reputations. This seems
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reasonable because it is easier for readers to keep track of the reputation of relatively

few newspapers, compared to the large number of journalists. Alternatively, since the

number of articles per newspaper is larger than the number per journalist, the track

record measures may be more precise for newspapers than for journalists.

4.5. The Correlation Between Newsworthiness, Journalists, and Articles

The above results show that characteristics of target firms, journalists, and the text

of rumor articles help to predict a rumor’s accuracy. These characteristics could be

systematically related. For example, older journalists may use fewer weak modal words

and cover less newsworthy firms. While our sample size prohibits us from including all

of the numerous variables in one single regression model, Internet Appendix Tables 15,

16, and 17 present correlations between all of the variables.

The correlations reveal that rumors about large firms are more likely to state that the

talks are in preliminary stages and that firms with high advertising expenses are more

likely to be covered by the press in speculative articles and to use more weak modal

words. These correlations provide some evidence that journalists attempt to indicate to

their readers that rumors are more speculative when the target is more newsworthy. We

interpret this to mean that the media follows its incentive to cover newsworthy firms

even if the coverage is less likely to be accurate, but at the same time, signals that the

story is potentially inaccurate.

5. The Asset Pricing Impact of Rumors and the Limits to Arbitrage

Our results show that investors ignore pertinent information and overestimate the ac-

curacy of merger rumors, leading to distortions in the rumor targets’ stock price. In
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this section, we first quantify the economic magnitude of rumor predictability and then

consider the frictions that generate abnormal returns.

5.1. Long-Short Portfolio Returns

We form long-short portfolios of target firms based on the predicted accuracy of the rumor

using the empirical models presented in column 2 of Tables 6 (target newsworthiness),

7 (journalist characteristics), and 8 (article text characteristics). We also use journalist

and newspaper fixed effects to predict accuracy. We then split the sample into firms with

above-median and below-median fitted values of accuracy, based on each of the models.

We put target firms with above-median accuracy in the long portfolio and firms with

below-median accuracy in the short portfolio. We include the day zero returns in the

prediction models, as shown in column 2 of the tables. Thus, the first day that a firm

can be placed in a portfolio is the day after the rumor is published. This makes our

long-short portfolios more conservative, since we do not include the large differences in

returns for accurate versus inaccurate rumors that occur on day zero. Firms are held

in the portfolio for up to one year after the rumor date, and the portfolio is rebalanced

daily using equal weights. If there are at least five firms in each long and short portfolio,

we calculate the long-short portfolio returns. If there are fewer than five firms, we record

the portfolio return as zero. This also biases our results towards zero.

Table 9 presents the long-short portfolio returns compounded to the monthly frequency

over the period 2000 to 2012. Newey-West p-values are reported in parentheses. Each

row presents results using a different prediction model, based on the newsworthiness

of the target, the journalists’ characteristics, article characteristics, and journalist and

newspaper fixed effects.14

14These tests are not predictive regressions and these portfolios may not be an implementable trading
strategy. They do not account for transaction costs and the portfolio sizes are small. Instead, these
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If investors perfectly account for the characteristics of rumors, the long-run returns of

the long-short portfolio should be zero. In Column 1, we find positive and significant

returns using newsworthiness, journalist, and article characteristics to predict accuracy.

These results suggest that the market does not fully account for all available information.

Journalist and newspaper fixed effects are positive but insignificant, which suggests that

the market does account for the most easily identifiable information – newspaper and

journalist identities.

5.2. Limits to Arbitrage

For excess returns to persist in long-run portfolio returns, there must be frictions that

prevent arbitrage. We investigate this claim in four settings: long-short portfolio returns,

speed of reversals for inaccurate rumors, shorting activity, and institutional trading.

5.2.1. Long-Short Portfolio Returns and Limits to Arbitrage. We split our sam-

ple into above- and below-median subsamples based on two widely-used measures of the

costs of arbitrage: idiosyncratic volatility and Amihud illiquidity (Shleifer and Vishny

1997; Pontiff 2006; Amihud 2002; Hirshleifer, Teoh, and Yu 2011). Table 9 shows that

the long-short portfolio returns for newsworthiness variables are driven by less liquid

firms. Similarly, when a firm is illiquid, the long-short portfolio returns are significantly

positive when using journalist or newspaper fixed effects to predict accuracy. However,

when stocks are liquid, there are no excess returns in the long-short portfolios. Similar

results hold for idiosyncratic risk. Though the statistical significance of these results is

tests provide an in-sample measure of the economic magnitude of the distortions associated with rumor
articles.
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modest, it is important to recognize that these are low-power, conservative tests con-

ducted with small samples over a year. Even in this setting, we still find evidence that

price distortions are mitigated when arbitrage is less costly.

5.2.2. Reversals and the Limits to Arbitrage. Next, we expect that stock prices

should take longer to reverse to pre-rumor levels following the publication of an inaccurate

rumor when arbitrage is more costly. Figure 2 presents cumulative abnormal returns sur-

rounding the publication of an inaccurate rumor based on idiosyncratic volatility (Panel

A) and Amihud Illiquidity (Panel B). Cumulative abnormal returns that are significantly

greater than zero are indicated by squares on the return lines. When cumulative ab-

normal returns are no longer significantly different from zero, stock prices have fully

reversed.

A firm with high idiosyncratic volatility takes 21 days, on average, before its stock price

fully reverses following an inaccurate rumor. A firm with low idiosyncratic volatility takes

only one day. Stock prices of illiquid firms take 22 days to fully reverse after an inaccurate

rumor, compared to five days for liquid firms.

5.2.3. Short Selling Activity. Short selling activity may help to understand the trad-

ing activity of informed investors following merger rumors. In particular, Boehmer, Jones,

and Zhang (2008) and Kelley and Tetlock (2014) present evidence that short sellers, in-

cluding retail traders, are informed. Engelberg, Reed, and Ringgenberg (2012) show that

short sellers are better able to process publicly available information. In our setting, if

short sellers are privately informed or just better at analyzing public information, they

should be more likely to predict a rumor’s accuracy. This implies that the demand for
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shorting targets of accurate rumors should fall and the demand for shorting targets of

inaccurate rumors should increase following the publication of a rumor.

Empirically, changes in short interest could reflect both supply and demand shifts in

short selling. To isolate changes in the demand for short selling, we need to control

for the supply of shares available for short selling. We exploit a recent database on

equity lending from Markit, a data provider that collects short selling activity directly

from security lending desks at financial institutions (see Saffi and Sigurdsson (2011) and

Engelberg, Reed, and Ringgenberg (2013) for descriptions of Markit). The advantage of

the Markit database is that it includes daily data for both the number of shares lendable

(a proxy for the supply of shares available for short selling) and the number of shares on

loan (a proxy for shorting activity).15 We obtain daily coverage for these two variables

from July 2006 (the earliest date available) through December 2011.

Using the data from Markit, we calculate the short utilization ratio: the number of

shares on loan divided by the number of shares lendable. By dividing by shares lendable,

utilization accounts for changes in the supply of shares available for shorting. We calculate

abnormal short utilization by subtracting the average daily short utilization over the six

month period that ends 20 days before the rumor date. To account for the delay in

settlement and delivery in short sales, we record short selling activity for day t using the

data from Markit on day t + 3, following Geczy, Musto, and Reed (2002).

Figure 3 shows that short utilization falls substantially following the publication of

accurate rumors, while utilization in inaccurate rumors stays relatively unchanged. This

suggests that short sellers close their positions in targets of accurate rumors because they

correctly predict that the shares will increase in value. Because the decrease in short

15The data provider reports a correlation of 90% between short interest and Markit shares loaned out.
This proxy has been recently used in Jain, Jain, McInish, and McKenzie (2013) and Ljungqvist and
Qian (2014).
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utilization does not occur until after the rumor is published, these results are consistent

with the idea that short sellers can better process public information, as in Engelberg,

Reed, and Ringgenberg (2012). We acknowledge that the data do not show a sizable

increase in short selling for inaccurate rumors, as might be predicted. This could reflect

that verifying an accurate rumor is easier than disproving a false rumor. For instance,

even a target insider may not know if another firm is planning to make a bid.

5.2.4. Retail Versus Institutional Trading. Next, we present evidence on institu-

tional trading around rumors. Though some retail investors are informed, it is likely that

as a class, institutional investors are more sophisticated than are retail investors.

We obtain a large proprietary database of institutional trades from 2000–2011 from

ANcerno Ltd, a consulting firm that assists fund managers with monitoring trading costs.

ANcerno reports that all of its institutional subscribers’ trades must be routed via an

ANcerno platform and are recorded in the database. For our purposes, the database

has two advantages. First, the database allows us to observe institutional trades at a

daily frequency, thus permitting clean identification around the release of merger rumors.

Second, during our sample period, ANcerno covers a broad sample of 969 institutions

(fund families, pension plans, and hedge fund complexes). Importantly, Puckett and Yan

(2011) show that the ANcerno data are free from survivorship and backfill bias and are

representative of the average institutional investor that files Form 13F.

Using the ANcerno data, we first measure the change in total CRSP volume compared

to the total ANcerno volume. Compared to the daily CRSP volume over the six-month

period that ends 20 days before the rumor is published, total trading volume on CRSP

increases by 136% on the day the rumor is published. In contrast, the total trading

volume of funds in the ANcerno data (measured as the sum of buys and sells), increases
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by 47%, relative to the benchmark period. These results imply that the spike in trading

volume of rumor targets is driven by non-ANcerno investors. Although we do not know

the identities of the non-ANcerno investors, it is reasonable to assume that they are likely

retail traders, since the ANcerno data is representative of institutional investors overall.

Second, if retail investors buy shares from institutional investors after a rumor is pub-

lished, we should observe a decrease in the net buying activity of institutions. Therefore,

we construct the cumulative abnormal buy-sell imbalance for all institutions covered in

the ANcerno database. The buy-sell imbalance is the daily number of shares of the tar-

get purchased by institutions minus the number of shares sold, normalized by the total

number of shares bought or sold by institutions in the ANcerno database. We calculate

the abnormal buy-sell imbalance by subtracting the average daily buy-sell imbalance over

the six-month period that ends 20 days before the rumor date.

Panel A of Figure 4 shows that following the publication of a rumor, the institutional

investors covered in ANcerno are net sellers: starting with the rumor, the cumulative

abnormal buy-sell imbalance becomes substantially negative over the next thirty trading

days. If we separate accurate and inaccurate rumors, the overall pattern is unchanged.

These results suggest that institutions sell to retail traders following the rumor.

To better understand what drives the buy-sell imbalance of institutional investors, we

estimate changes in institutional buys and sells, relative to total volume. In particular, we

calculate ANcerno buys/CRSP volume and ANcerno sells/CRSP volume. We calculate

abnormal trading, as before, by subtracting the average daily trading activity in the

six-month period that ends 20 days before the rumor. Panel B of Figure 4 presents the

cumulative abnormal institutional buys and sells in event time. The figure shows that as

a fraction of total CRSP volume, institutional investors in ANcerno place substantially

fewer buy orders following the rumor. Given that Puckett and Yan (2011) show that the
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ANcerno funds are representative of institutions in general, it is reasonable to assume that

retail investors account for much of the remaining increase in buy orders. These results

are consistent with the idea that target stock returns are driven by the overreaction of

relatively unsophisticated traders.

6. The Real Effects of Merger Rumors

In this section, we provide evidence on the effect of rumors on merger outcomes. First, we

collect a sample of merger agreements for deals in our sample from the SEC’s Electronic

Data Gathering, Analysis, and Retrieval (EDGAR) system. In several cases when the

merger documents are unavailable via EDGAR, we obtain merger agreements by con-

tacting the investor relations departments of the acquirers. A typical merger agreement

is between 150 and 300 pages long and contains a detailed discussion of the history of

merger negotiations, the determinants of deal pricing, the opinions of financial advisors,

and the disclosure of important risks, among other details. A limitation of studying

merger agreements is that they are filed only for publicly announced deals and, there-

fore, speak only to the real effects of accurate rumors. Consequently, this approach does

not allow us to evaluate the effect of rumors on the probability of deal announcement.

Because the process of obtaining and processing merger agreements is labor intensive, we

limit our sample to 95 agreements.

We search for the following keywords throughout the merger agreement: rumor, ru-

mour, media, article, journal, journalist, leak, leakage, times, press, news, newspaper,

speculation, speculate, and speculative. Second, we manually read each section that con-

tains a hit, discard spurious matches, and classify relevant matches by the context of the

discussion of the rumor and the effect of the rumor on the takeover process. Internet

Appendix Table 18 shows the main categories of the effects of rumors and tabulates the
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percentage of merger agreements that discuss each effect. Section 3 of the Internet Ap-

pendix presents passages from the merger agreements to illustrate the language used in

each category.

First, though all 95 of the mergers were preceded by a rumor in the press, approximately

one half of the firms (50.5%) discuss rumors in their merger agreements. Such discussions

appear most frequently in the sections that present the narrative history of merger ne-

gotiations (68.8%), the opinion of financial advisors (41.7%), and the recommendations

of the boards of directors (25.0%). Less frequently, media rumors are mentioned in the

market value analysis (4.2%), executive summary (4.2%), or appendixes (2.1%).16

Second, among the firms that discuss merger rumors, almost two thirds (62.5%) ac-

knowledge the effect of the rumor on the market price of the target and state that the

premium paid for the target is based on the target’s price in a period that precedes

the rumor. These discussions suggest that the negotiating parties actively discount the

run-up in the target’s stock price driven by the rumor when determining the premium.

In an additional 12.5% of the cases, the merger agreement acknowledges the effect of

the rumor on the target’s stock price, but does not explicitly state how it affects the

premium. A sizable fraction of merger agreements explicitly mention that the rumor led

the involved parties to call a meeting to discuss the rumor (20.8%) and to expedite the

negotiation process (4.2%). Finally, approximately 14.6% of agreements mention that a

rumor triggered the negotiating parties to issue a comment on the rumor.

The evidence from merger agreements shows that the most frequently-cited effect of

the rumor is that the negotiating parties recognize the change in the target’s stock price

attributable to the rumor and fully discount such an effect in the determination of the

takeover premium. We next verify whether this is true for the average merger.

16Percentages do not sum to 100% because some discussions appear in multiple sections of the agreement.
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Schwert (1996) shows that takeover premiums include two components: the run-up

in the target’s stock price before the announcement of a merger and the markup from

the announcement to the close of the merger. If the bidder believes the run-up simply

reflects the anticipation of the upcoming merger bid, it would revise its takeover price

down accordingly. Schwert finds the opposite: the run-up is an added cost to the bidder,

and there is no trade-off between the run-up and the markup.

To test the effect of rumors on takeover premiums, we include the full sample of official

merger bids in SDC over the period 2000–2011 for public targets and record a dummy

variable equal to one if the deal was preceded by a merger rumor identified in our main

sample. Following Schwert (1996), we calculate the target’s cumulative abnormal stock

return over the period from 42 trading days before the public announcement of the

merger until one day before the announcement. The second period is the period from

the day of the public announcement to five days after the announcement.17 The total

premium is calculated as the target’s cumulative abnormal returns from 42 days before

the announcement to five days after it. We then regress the total premium on the rumor

dummy variable, plus a host of factors that might influence target returns, including

target size, industry fixed effects, and deal characteristics.

Table 10 presents the results from these regressions. Consistent with our prior findings,

rumors increase target returns in the run-up period by about 8 percentage points, on

average. This is true after accounting for variables that could affect the accuracy of the

rumor, such as brand value and size, as well as deal characteristics, such as payment

method and the use of takeover defenses. The second set of regressions shows that

rumors have a strong and statistically significant negative effect on target returns at

17Schwert (1996) extends this period for a longer duration, but the vast majority of the returns occur
within the first few days of the announcement.
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the announcement of about 8 percentage points. Thus the markup for rumored deals

is substantially reduced. Finally, the third set of regressions shows that rumors have

no significant effect on the total takeover premium. The marginal effect of the rumor

variable is insignificant and economically minuscule.

These results show that rumors do not contribute to the premium paid in mergers.

Consistent with the textual analysis of merger agreements, insiders appear to correctly

attribute the additional stock returns caused by the rumor and adjust takeover prices

downward accordingly.

7. Robustness

7.1. Do Bidders’ Characteristics Attract Media Coverage?

Internet Appendix Table 19 shows that bidders are also newsworthy firms. They are large,

public firms with valuable brands and high advertising expenses. However, Internet Ap-

pendix Table 20 shows that the magnitudes of the logit coefficients on the newsworthiness

variables for targets are all statistically greater predictors of media coverage than the cor-

responding coefficients for bidders. These results suggest that target characteristics have

a stronger relationship with media coverage than do bidder characteristics.

Next, Internet Appendix Table 21 presents abnormal returns of the median bidder

surrounding the rumor publication date. In contrast to the target’s average return of

4.3% on day 0, the average returns to bidders are −0.1%, a result that is both statistically

and economically insignificant. This implies that investors do not react to news about the

bidder, but they do react strongly to news about the target. Thus, the media’s impact

on target stock returns is much greater than its impact on bidder stock returns.
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7.2. Do Extreme Returns Cause Media Coverage?

Though we argue that the media covers large, public firms, with high brand values

because they appeal to their readers, an alternative explanation is that journalists in-

vestigate firms that have abnormal returns or trading patterns, and mention the most

extreme cases. To test this hypothesis, we regress newsworthiness variables on run-up

returns in Internet Appendix Table 22. If journalists prefer to cover stocks with extreme

run-ups, rather than newsworthy stocks, we would expect to find a positive relationship

between newsworthiness and stock returns. Our empirical results do not support this

view. Run-ups are negatively related to firm size and unrelated to all other newswor-

thiness characteristics except R&D. This suggests that newsworthiness is unlikely to be

confounded by extreme returns that lead to the publication of a merger rumor.

7.3. Likelihood of Withdrawals

One concern with our measure of accuracy is that rumors about merger negotiations that

do not advance to a public bid could be classified as inaccurate, even if there were actual

merger talks happening. This could confound our tests if more newsworthy firms are also

more likely to engage in negotiations that ultimately fail. A direct test of this alternative

explanation requires a sample of all rumors, both published and unpublished, and their

outcomes. Since we cannot observe such a sample, we use a similar setting where we can

identify negotiation failures: withdrawals of public merger bids.

We select a sample of official merger announcements that are chosen to match the char-

acteristics of our rumor sample. Because our test relies on variation in newsworthiness

variables, we match our sample based on other variables. In particular, we follow prior

literature on the determinants of deal withdrawals and match on year, industry, firm, and
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deal characteristics that are likely to influence the likelihood of a withdrawn bid, includ-

ing controls for form of payment, tender offers, leveraged buyouts, cross-border deals,

and the use of target takeover defenses (Baker and Savaşoglu 2002; Golubov, Petmezas,

and Travlos 2012). For each rumor target we select three non-rumored deals from SDC

using Mahalanobis distance of these matching variables to select the best matches.

T -tests in Internet Appendix Table 23 show that there is no significant difference be-

tween the two samples across almost all matching variables. Internet Appendix Table 24

presents logit regressions of the likelihood of a withdrawn bid using the refined matched

sample. We find no relationship between newsworthiness and the likelihood of a with-

drawn bid. This provides evidence that more newsworthy firms are not more likely to

engage in negotiations that ultimately fail and that our results are not biased in our

favor.

7.4. Alternative Prediction Models

In the Internet Appendix, we provide a wide range of alternative models to those pre-

sented in Section 4. First, Internet Appendix Table 5 presents four different regression

models to explain target returns at the merger announcement. The model in Column 1

is our base model and includes target industry, size, and year fixed effects. The other

columns include additional target and bidder variables to explain returns, including ROA,

Tobin’s Q, leverage, capex/assets, intangibles/assets, and profitability. The adjusted R2

increases with more variables, but the sample size shrinks to one-third of the original

sample. In general, the bidder variables remain largely insignificant, while target Q,

leverage, intangibles, and profitability significantly help to explain target returns.

Next, we construct a number of alternative estimates of p̂, the estimated likelihood

of the deal, using the new estimates of ra. Internet Appendix Table 25 presents logit
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regressions, identical to specification 3 of Tables 6, 7, and 8, except that we use a variety

of alternative measures of p̂ to account for the market’s estimated deal likelihood. These

include winsorizing r̂a to be non-negative, measuring day 0 returns using the six-day re-

turns over the period −5 to day zero, log-transforming p̂ by ln
(

p̂

1−p̂

)

, and using estimates

of r̂a that include bidder industry, size, and additional firm characteristics. Across all

sets of tests, our main results remain almost identical.

In Internet Appendix Table 26, we run the same regressions in column 4 of Tables

6, 7, and 8, where we include alternative estimates of ra using the three additional

models of announcement returns in columns 2–4 of Internet Appendix Table 5. Across

all specifications, our main results are virtually unchanged.

7.5. Legal Aspects of Merger Rumors

In Section 2 of the Internet Appendix, we provide a detailed discussion of the legal

environment surrounding the publication of rumors. In summary, it is highly unlikely

that a journalist or newspaper would be charged with securities fraud for publishing

a merger rumor. To prove its case, the SEC would have to provide evidence that a

journalist intentionally spread a false rumor in order to realize a monetary gain. This

is a very high hurdle, and we are not aware of any case in which a journalist has been

charged with market manipulation through spreading false rumors.

8. Conclusion

This paper shows that media coverage of merger rumors is biased towards newsworthy

firms that appeal to a broad audience. At the same time, rumors about more newsworthy

firms are substantially less likely to come true. However, stock returns do not reflect the

reduced accuracy related to newsworthiness.



44 RUMOR HAS IT

We also provide new evidence that the biographical traits of journalists are strong

predictors of accurate reporting. Older reporters who received degrees in journalism and

specialize in the rumor target’s industry are significantly more accurate. In addition,

the specific language used in the text of a media article helps to predict whether the

rumor is accurate. For example, a discussion of a specific takeover price, the disclosure

of potential bidders, and the use of weak modal words that indicate uncertainty provide

important signals of a rumor’s accuracy. Nevertheless, the returns of portfolios sorted

by rumor accuracy show that investors do not fully account for important predictors of

future stock returns.

We believe our results have important implications for the role of the financial media

in the stock market that extend beyond merger rumors. In particular, our results suggest

that the media selectively provides more information about large, public firms with wide

readership appeal, but this information is likely to be less accurate. The same bias could

influence media coverage of earnings reports, executive turnover, financial distress, or

any other significant corporate event that attracts media attention.
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Appendix: Variable Definitions

Newsworthiness Variables

Target book assets Total book assets, as reported in Compustat.

Public target Dummy variable equal to one if the rumor target is pub-
licly traded at the time of the rumor.

Valuable brand Dummy variable equal to one if the target firm was listed
in the top 100 most valuable brands by the Interbrand
or Brandz data in any year from 2000 to 2011.

Advertising/Assets Advertising expenses/Total book assets, as reported in
Compustat.

Industry sales to households The fraction of the target industry’s sales that are pur-
chased by households. Data are from the 1997 Bureau of
Economic Analysis Detailed-level Input-Output tables.

Tobin’s Q (Total assets − common equity + market equity)/Total
assets. Data from CRSP and Compustat.

R&D/Assets R&D/Total book assets, as reported in Compustat.

Distance Great circle distance in miles between the headquarters
of the newspaper that published the scoop article and
the target firm.

Foreign target Dummy variable equal to one if the rumor target is head-
quartered outside of the US.

Journalist Variables

Age The average age (in years) of all journalists listed as
authors of a scoop article.

Undergraduate major Dummy variable equal to one if an article is written by
a journalist who graduated with a major in one of the
following categories:

Business & Economics Degrees in business, economics, finance, and manage-
ment

Journalism Degrees in broadcasting, communication, journalism,
mass media, and media studies

English Degrees in creative nonfiction, English, literature, liter-
ary studies, and screenwriting

Political Science Degrees in government, international affairs, interna-
tional relations, law, politics, political science, public
policy, and public relations
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History Degrees in ancient history, American studies, art his-
tory, Asian history, Chinese history, classics, history,
and modern history

Other Degrees in animal science, anthropology, biology,
biopsychology, criminal justice, East Asian languages,
East Asian studies, electrical engineering, environmental
biology, film, general studies, Germanic studies, human
development, liberal arts, mathematics, philosophy, psy-
chology, religion, Russian studies, sociology, teaching,
urban affairs, veterinary medicine, and zoology.

College SAT percentile The average verbal SAT percentile of the undergraduate
institutions of all journalists listed as authors of a scoop
article.

Expert in target industry Dummy variable equal to one if any journalist who au-
thored an article is an expert in the same industry as
the primary industry of the rumor target, using Fama-
French 17 industry codes.

New York-based Dummy variable equal to one if at least one of the au-
thors of an article is based in New York City.

Award winner Dummy variable equal to one if at least one of the au-
thors of an article has been nominated for or received the
Pulitzer Prize in Journalism, the Gerald Loeb Award, or
the Society of American Business Editors and Writers
(SABEW) award.

Gender Dummy variable equal to one if an article has at least
one female coauthor.

Article Variables

Weak modal words The fraction of weak modal words in the text of an arti-
cle. Weak modal words are defined in Loughran and Mc-
Donald (2011) and include the following words: appar-
ently, appeared, appearing, appears, conceivable, could,
depend, depended, depending, depends, may, maybe,
might, nearly, occasionally, perhaps, possible, possibly,
seldom, seldomly, sometimes, somewhat, suggest, sug-
gests, uncertain, and uncertainly.

Anonymous source Dummy variable equal to one if an article does not iden-
tify a specific source of the rumor.

Target comment Categorical variable that records the target firm’s re-
sponse to the rumor, according to the text of the news-
paper article: No comment, Has conversations from time
to time, Confirmed rumor, Denied rumor, Couldn’t be
reached, or Wasn’t asked.
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Merger stage Categorical variable that records the stage of the ru-
mored talks, according to the text of the newspaper arti-
cle: Speculation, Preliminary talks, In talks, Made offer,
Preparing a bid, For sale, or Evaluating bids

Articles on scoop date (#) The total number of articles reporting the rumor pub-
lished on the same date as the scoop article.

Rumor in headline Dummy variable equal to one if the rumor article refers
to the rumor in the headline of the article.

Number of bidders men-
tioned

The number of firms mentioned in the text of the article
as potential bidders.

Price mentioned Dummy variable equal to one if a specific takeover price
is mentioned in the text of the article.

Newspaper Variables

Family-run media company Dummy variable equal to one if a newspaper is owned
by a family-run firm.

Newspaper age The age of the newspaper in years from its original
founding date to the date of article publication.

Newspaper circulation The total daily circulation of the newspaper, as recorded
in the Audit Bureau of Circulation reports.

Other Control Variables

Amihud illiquidity Average
(

|rt|
Volumet

)

as calculated by Amihud (2002).

Completed Dummy variable equal to one if a merger bid is success-
fully completed, as reported in SDC.

Cross-border Dummy variable equal to one if a merger bid is a cross-
border bid, as reported in SDC.

Day 0 return The abnormal stock return of the target firm on the day
the scoop article is published. Abnormal returns are
calculated as the firm’s return minus the CRSP value-
weighted index return.

Estimated announcement
return

The fitted value of the expected announcement return
of the target of an actual merger announcement. Fitted
values are based on the coefficients in Internet Appendix
Table 5.

Estimated deal likelihood Day 0 return/Estimated announcement return

Idiosyncratic volatility The standard deviation of the residual in the time-series
regression of a firm’s excess daily stock returns over the
risk-free rate on the Fama-French factors, where obser-
vations are over the one-year period that ends 20 days
before the publication of a rumor. We require at least
100 observations of daily returns to calculate idiosyn-
cratic volatility.
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Industry fixed effects Dummy variables for the target firm’s primary Fama-
French 17 industry code.

Institutional buy-sell imbal-
ance

The daily number of shares bought minus the number of
shares sold divided by the sum of the number of shares
bought and sold, using all funds in the ANcerno data-
base.

Leveraged buyout Dummy variable equal to one if a merger bid is classified
as a leveraged buyout, as reported in SDC.

Majority cash Dummy variable equal to one if a merger bid uses cash
as the majority form of payment, as reported in SDC.

Returns(−5,−1) The cumulative abnormal stock returns over the period
from five days to one day before the scoop article is pub-
lished. Abnormal returns are calculated as the firm’s re-
turn minus the CRSP value-weighted index return. Cu-
mulative returns are the sum over the five days of the
abnormal returns.

Target market equity The target stock price times the number of shares
outstanding two days before the announcement of the
merger.

Target takeover defenses Dummy variable equal to one if a target employed
any defensive antitakeover provisions following an un-
solicited merger bid, as reported in SDC.

Tender offer Dummy variable equal to one if a merger bid is a tender
offer, as reported in SDC.

Utilization ratio The ratio of a firm’s number of shares on loan to the
number of shares lendable, using daily data from Markit.

Year fixed effects Dummy variables for the year the scoop article is pub-
lished.
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Figure 1

Abnormal Returns of Accurate and Inaccurate Merger Rumors

This figure presents the time series of cumulative abnormal returns of merger rumor
targets for three time series relative to the date of the first publication of a merger
rumor. There are 414 rumors with stock price data over 2000-2011. Cumulative
abnormal returns are the cumulative sum of daily abnormal returns, calculated
as the firm’s daily return minus the value-weighted CRSP index. The solid line
represents the average of all target firms. The dotted line represents the subsample
of merger rumor targets where a public merger announcement was made within
one year of the rumor date. The dashed line represents the subsample of merger
rumor targets where no public merger announcement was made in the following
year.
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(b) Amihud Illiquidity

Figure 2

Reversals Following Inaccurate Rumors by Limits to Arbitrage

This figure presents the time series relative to the date of the first publication of
a merger rumor of cumulative abnormal returns of targets in rumors that do not
come true within one year of the publication of the rumor. Cumulative abnormal
returns are the cumulative sum of daily abnormal returns, calculated as the firm’s
daily return minus the value-weighted CRSP index. The squares indicate cumu-
lative returns that are statistically significant at the 10% level. Panel A presents
abnormal returns of targets with above or below median idiosyncratic volatility.
Panel B presents abnormal returns for targets with above or below median Amihud
illiquidity.
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Figure 3

Abnormal Shorting Utilization by Rumor Accuracy in Event Time

This figure presents the time series relative to the date of the first publication
of a merger rumor of average abnormal shorting utilization of targets in rumors.
Shorting utilization is the fraction of shares on loan divided by shares lendable
for short positions. Abnormal short utilization is daily short utilization minus the
average daily utilization over the six month period that ends twenty days before
the rumor is published. Data are from Markit from 2006 to 2011.



56 RUMOR HAS IT

C
u
m
u
la
ti
ve

A
b
n
or
m
a
l

B
u
y-
S
el
l
Im

b
a
la
n
ce

-20 -15 -10 -5 0 5 10 15 20 25 30

-1.5

-1.2

-0.9

-0.6

-0.3

0.0

0.3

Event days relative to rumor date

(a) Institutional Buy-Sell Imbalance

C
u
m
u
la
ti
ve

A
b
n
or
m
a
l

In
st
it
u
ti
o
n
a
l
T
ra
d
es

-20 -15 -10 -5 0 5 10 15 20 25 30

-0.25

-0.20

-0.15

-0.10

-0.05

0.00

0.05

Event days relative to rumor date

Institutional
Sells

Institutional
Buys

(b) Institutional Fraction of Total Volume

Figure 4
Daily Institutional Trading in Event Time
This figure presents the time series, relative to the date of the first publication of a
merger rumor, of the cumulative abnormal institutional buy-sell imbalance of trading in
targets of rumors in panel A and institutional buys and sells normalized by total volume
in panel B. Buy-sell imbalance is the daily number of shares purchased minus the number
of shares sold by all institutional traders in the ANcerno database, normalized by the sum
of buys and sells. Abnormal buy-sell imbalance is the daily buy-sell imbalance minus
the average daily imbalance over the six month period that ends 20 days before the
rumor is published. Panel B presents the cumulative abnormal fraction of total trades
by institutions in ANcerno. The fraction of total volume is all ANcerno trades/CRSP
trading volume, where ANcerno trades are separated into buys and sells. Abnormal
trading volume is normalized as above. Data are from the period 2000-2011.
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Table 1
Rumor Articles by Calendar Period
This table presents counts of rumor articles by year and month. ‘All articles’ includes all rumor
articles in the sample. The scoop article is the first article that reports a rumor. ‘Percent of
scoops’ is the fraction of total scoop articles in the sample that were published in a given year or
month. ‘Percent of bids in SDC’ is the fraction of bids in the SDC database where the original
public announcement is in a given calendar period. ‘Rumors that came true’ is the number of
rumors with a publicly announced bid in the SDC database within one calendar year of the
original scoop article. ‘Percent that came true’ is the number of rumors that came true divided
by the number of scoop articles for a given time period.

All
articles

Scoop
articles

Percent
of scoops

Percent
of SDC bids

Rumors that
came true

Percent that
came true

Panel A: Yearly

2000 155 35 7.0 9.6 12 34.3
2001 123 40 8.0 6.6 19 47.5
2002 185 60 12.0 6.1 15 25.0
2003 130 37 7.4 6.6 9 24.3
2004 58 14 2.8 7.3 4 28.6
2005 184 37 7.4 8.6 18 48.6
2006 185 56 11.2 9.7 15 26.8
2007 279 70 14.0 11.2 25 35.7
2008 214 31 6.2 9.1 9 29.0
2009 131 25 5.0 7.4 7 28.0
2010 393 75 15.0 8.8 26 34.7
2011 105 21 4.2 9.0 8 38.1
Total 2142 501 167 33.3

Panel B: Monthly

January 209 46 9.2 7.5 12 26.1
February 134 32 6.4 7.4 12 37.5
March 183 51 10.2 8.9 17 33.3
April 223 47 9.4 8.0 17 36.2
May 246 48 9.6 8.5 20 41.7
June 157 43 8.6 8.9 16 37.2
July 150 36 7.2 8.8 7 19.4
August 100 28 5.6 7.9 4 14.3
September 256 53 10.6 8.0 15 28.3
October 156 42 8.4 8.3 10 23.8
November 185 40 8.0 8.2 17 42.5
December 143 35 7.0 9.6 20 57.1
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Table 2

Summary Statistics of Predictive Variables

This table presents summary statistics for the main variables used throughout the
paper for 501 merger rumors over the period 2000–2011. Observations are at the
scoop article level. The scoop article is the newspaper article that first reports the
merger rumor. Journalist characteristics are aggregated from individual journalist
characteristics to the scoop article level. Variable definitions are presented in the
appendix.

Percentile

Mean Std. Dev. 25th 50th 75th

Panel A: Target newsworthiness

Public target 0.884 0.320 1 1 1
Log(Target book assets) 9.394 1.990 8.056 9.472 10.563
Valuable brand 0.156 0.363 0 0 0
Advertising/Assets 0.008 0.024 0 0 0
Industry sales to households 0.384 0.279 0.102 0.371 0.591
Tobin’s Q 1.731 1.471 0.961 1.199 2.007
R&D/Assets 0.015 0.043 0 0 0
Log(1+Distance) 5.960 2.849 5.101 7.111 8.149
Foreign target 0.251 0.434 0 0 1

Panel B: Journalist characteristics

Log(Journalist age) 3.612 0.191 3.481 3.584 3.724
Undergraduate major

Business & Economics 0.098 0.297 0 0 0
Journalism 0.328 0.470 0 0 1
English 0.311 0.463 0 0 1
Political Science 0.192 0.395 0 0 0
History 0.257 0.438 0 0 1
Other 0.098 0.297 0 0 0

College SAT Percentile 83.729 12.438 78 87 95
Expert in target industry 0.554 0.498 0 1 1
New York-based 0.495 0.501 0 0 1
Award winner 0.176 0.381 0 0 0
Gender 0.454 0.498 0 0 1

Panel C: Article characteristics

Weak modal words (%) 0.745 0.542 0.395 0.677 0.975
Anonymous source 0.920 0.272 1 1 1
Target Comment

Declined to comment 0.459 0.499 0 0 1
continued on next page
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Table 2 - Continued

Percentile

Mean Std. Dev. 25th 50th 75th

Has conversations 0.010 0.099 0 0 0
Confirmed rumor 0.032 0.176 0 0 0
Denied rumor 0.038 0.191 0 0 0
Couldn’t be reached 0.084 0.277 0 0 0
Wasn’t asked 0.377 0.485 0 0 1

Merger Stage
Speculation 0.507 0.500 0 1 1
Preliminary talks 0.086 0.280 0 0 0
In talks 0.269 0.444 0 0 1
Made offer 0.050 0.218 0 0 0
Preparing bid 0.036 0.186 0 0 0
For sale 0.032 0.176 0 0 0
Evaluating bids 0.020 0.140 0 0 0

Rumor in headline 0.848 0.359 1 1 1
Number of bidders mentioned 1.500 1.517 1 1 2
Price mentioned 0.386 0.492 0 0 1
Articles on scoop date (#) 1.729 1.338 1 1 2

Panel D: Newspaper characteristics

Family-run media company 0.735 0.442 0 1 1
Log(Newspaper age) 4.493 0.966 4.718 4.779 4.927
Log(Newspaper circulation) 13.720 1.071 12.902 14.277 14.554
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Table 3

Accuracy Rates of Journalists and Media Sources

This table presents publishing activity for journalists and media sources in the
sample from 2000-2011. The scoop article is the newspaper article that first re-
ports the merger rumor. Accuracy rate is the fraction of scoop articles in which a
formal takeover bid is made for the target firm within one year. The total number
of articles and scoops for journalists exceeds the total number for media sources
because some articles include multiple authors. Abbreviations in parentheses in-
dicate the most recent newspaper that employed a journalist. WSJ indicates Wall
Street Journal, NYT indicates New York Times, DJNS indicates Dow Jones News
Service, and NY Post indicates New York Post.

Journalist/Media Source
All

Articles
Percent of
All Articles

Scoop
Articles

Percent of
Scoops

Accuracy
Rate

Panel A: Journalists

Dennis K. Berman (WSJ) 71 3.2 24 4.0 62.5
Andrew Ross Sorkin (NYT) 67 3.0 19 3.2 42.1
Nikhil Deogun (WSJ) 27 1.2 13 2.2 53.8
Robert Frank (WSJ) 20 0.9 13 2.2 23.1
Robin Sidel (WSJ) 23 1.0 9 1.5 55.6
Anupreeta Das (WSJ) 21 0.9 7 1.2 42.9
Michael J. de la Merced (NYT) 32 1.4 6 1.0 16.7
Jeffrey McCracken (Bloomberg) 19 0.9 6 1.0 50.0
Anita Raghavan (NYT) 19 0.9 6 1.0 16.7
Suzanne Kapner (NYT) 18 0.8 6 1.0 33.3
Sarah Ellison (DJNS) 16 0.7 6 1.0 33.3
Erica Copulsky (NY Post) 14 0.6 6 1.0 33.3

786 Others 1867 84.3 482 79.9 36.3
Total 2214 100.0 603 100.0 37.6

Panel B: Media Sources

Wall Street Journal 448 20.9 158 31.5 38.6
Dow Jones News Service 625 29.2 67 13.4 38.8
New York Times 219 10.2 38 7.6 28.9
Reuters News 73 3.4 26 5.2 19.2
New York Post 95 4.4 24 4.8 37.5
Barron’s 38 1.8 15 3.0 26.7
NYT Blogs 59 2.8 12 2.4 16.7
Bloomberg 16 0.7 10 2.0 80.0
Boston Globe 38 1.8 8 1.6 25.0
Financial Times 15 0.7 8 1.6 62.5
Los Angeles Times 7 0.3 6 1.2 16.7

94 Others 509 23.8 129 25.7 25.2
Total 2142 100.0 501 100.0 33.3
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Table 4

Target Characteristics in Rumors Versus Actual Mergers

This table presents average characteristics of target firms in the rumor sample com-
pared to targets in actual mergers. Targets in actual mergers are taken from SDC
over the period 2000-2011 and exclude mergers that are in the rumor sample. The
column denoted ‘All Mergers’ includes private, public, and subsidiary mergers of
targets across the globe, where deals must be worth at least $250 million. Mergers
in the column denoted ‘Large Public Targets’ include the subset of public targets
where the minimum target book assets is set such that the average firm in the
subsample has the same book assets as the average firm in the rumor sample. The
column ‘US Merger Targets’ only includes targets in the US, but does not con-
strain size or public status of the target. The numbers in parentheses are p-values
from t-tests of the average of each merger column with the rumor column average.
Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Rumors
All

Mergers
Large Public

Targets
US Merger
Targets

Public target (%) 88.42 38.10∗∗∗ 100.00∗∗∗ 36.87∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Log(Target book assets) 9.39 7.45∗∗∗ 9.39 6.99∗∗∗

(< 0.001) (0.998) (< 0.001)

Valuable brand (%) 15.57 0.48∗∗∗ 2.27∗∗∗ 0.44∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Advertising/Assets (%) 0.83 0.14∗∗∗ 0.10∗∗∗ 0.38∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Industry sales to households (%) 38.41 30.53∗∗∗ 34.42∗∗∗ 29.83∗∗∗

(< 0.001) (0.003) (< 0.001)

Tobin’s Q 1.73 1.64 1.24∗∗∗ 1.85
(0.299) (< 0.001) (0.189)

R&D/Assets (%) 1.55 0.61∗∗∗ 0.43∗∗∗ 1.26
(< 0.001) (< 0.001) (0.152)

Foreign (%) 25.15 66.08∗∗∗ 76.99∗∗∗ 0.00∗∗∗

(< 0.001) (< 0.001) (< 0.001)
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Table 5

Target Abnormal Event Returns and Reversals

This table reports average cumulative abnormal returns in percentages. Abnormal
returns are raw returns minus the CRSP value-weighted index. Rumors that came
true are those in which an official takeover announcement was made within one
year of the first report of the rumor in the press. The numbers in parentheses are
p-values. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Rumor Came True

All Yes No Difference

Panel A: Rumor Publication Date

Day 0 4.271∗∗∗ 6.865∗∗∗ 3.029∗∗∗ 3.835∗∗∗

(< 0.001) (< 0.001) (< 0.001) (0.001)

Panel B: Run-up Period

Days [−20,−1] 3.093∗∗∗ 5.267∗∗∗ 2.045∗∗ 3.222
(< 0.001) (0.003) (0.041) (0.112)

Days [−10,−1] 2.483∗∗∗ 3.850∗∗∗ 1.824∗∗ 2.026
(< 0.001) (0.005) (0.029) (0.205)

Days [−5, −1] 2.116∗∗∗ 2.903∗∗∗ 1.736∗∗∗ 1.167
(< 0.001) (0.005) (0.003) (0.320)

Panel C: Post-Rumor Period

Days [+1, +5] −0.850 1.313∗ −1.885∗∗ 3.198∗∗∗

(0.177) (0.090) (0.027) (0.005)

Days [+1,+10] −1.395∗ 1.422 −2.743∗∗∗ 4.165∗∗∗

(0.062) (0.107) (0.007) (0.002)

Days [+1,+20] −0.849 2.480 −2.442∗∗ 4.922∗∗

(0.371) (0.114) (0.039) (0.012)

Panel D: Complete Period

Days [−20,+20] 6.550∗∗∗ 14.736∗∗∗ 2.633 12.103∗∗∗

(< 0.001) (< 0.001) (0.112) (< 0.001)
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Table 6

Rumor Accuracy and Stock Returns: Target Newsworthiness

This table examines the relationship between target newsworthiness and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day
the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if a
merger rumor came true within one year of the first rumor date. Column 4 presents
OLS regression coefficients where the dependent variable is the rumor target’s
abnormal stock return on the date the first rumor article is published. Abnormal
returns are calculated as the target returns minus the CRSP value-weighted index
return. Variables are defined in the appendix. Industry fixed effects include Fama-
French 17 industry codes. Standard errors are clustered at the industry level and
p-values are reported in parentheses. Significance at the 1%, 5%, and 10% levels
is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 4.458∗∗∗

(< 0.001)

Estimated deal likelihood 0.282∗∗∗

(< 0.001)

Estimated announcement return 0.083
(0.393)

Log(Target book assets) −0.287∗∗∗ −0.264∗∗∗ −0.279∗∗∗

(0.004) (0.005) (0.007)

Valuable brand −0.500∗ −0.382∗ −0.461∗ −0.042∗∗∗

(0.078) (0.082) (0.077) (0.006)

Advertising/Assets (%) −0.068∗∗ −0.073∗∗∗ −0.069∗∗ 0.001
(0.035) (0.007) (0.021) (0.796)

Industry sales to households 0.323 0.377 0.432 0.002
(0.315) (0.351) (0.196) (0.901)

Tobin’s Q −0.045 −0.022 −0.030 −0.005∗∗

(0.206) (0.574) (0.420) (0.020)

R&D/Assets (%) 0.007 −0.005 0.004 0.003∗∗

(0.847) (0.860) (0.910) (0.022)

Log(1+Distance) 0.006 −0.013 −0.010 0.003∗∗

(0.729) (0.475) (0.619) (0.020)
continued on next page
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Table 6 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Returns(−5,−1) 0.012 1.500 0.553 −0.279∗∗

(0.990) (0.271) (0.548) (0.034)

Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 399 399 399 399
Pseudo/Adjusted R2 0.103 0.138 0.126 0.112
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Table 7

Rumor Accuracy and Stock Returns: Journalist Characteristics

This table examines the relationship between journalist characteristics and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day
the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if a
merger rumor came true within one year of the first rumor date. Column 4 presents
OLS regression coefficients where the dependent variable is the rumor target’s
abnormal stock return on the date the first rumor article is published. Abnormal
returns are calculated as the target returns minus the CRSP value-weighted index
return. Variables are defined in the appendix. Industry fixed effects include Fama-
French 17 industry codes. Standard errors are clustered at the industry level and
p-values are reported in parentheses. Significance at the 1%, 5%, and 10% levels
is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 8.569∗∗∗

(< 0.001)

Estimated deal likelihood 0.496∗∗∗

(0.006)

Estimated announcement return 0.103∗

(0.085)

Log(Journalist age) 1.378∗∗ 1.247∗∗ 1.232∗∗ 0.038
(0.027) (0.015) (0.039) (0.370)

Undergraduate Degree
Business & Economics 0.223 0.104 0.102 0.025

(0.697) (0.842) (0.853) (0.211)

Journalism 1.177∗∗∗ 1.214∗∗∗ 1.265∗∗∗ 0.007
(0.003) (0.002) (< 0.001) (0.638)

English 0.069 −0.051 0.074 0.019
(0.851) (0.901) (0.844) (0.338)

Political Science 0.272 0.105 0.281 0.019
(0.506) (0.798) (0.488) (0.128)

History 0.626 0.450 0.547 0.050
(0.153) (0.399) (0.298) (0.135)

Other 0.548 0.334 0.557 0.021
continued on next page
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Table 7 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

(0.280) (0.442) (0.217) (0.408)

College SAT Percentile 0.016 0.013 0.013 0.000
(0.261) (0.292) (0.352) (0.655)

Expert in target industry 0.592∗ 0.627∗∗ 0.572∗ 0.003
(0.073) (0.047) (0.086) (0.847)

New York-based 0.440∗ 0.082 0.295 0.037∗∗∗

(0.052) (0.785) (0.333) (0.004)

Award winner 0.209 0.591∗ 0.308 −0.057∗

(0.469) (0.094) (0.361) (0.069)

Gender −0.512 −0.425 −0.495 −0.012
(0.143) (0.193) (0.158) (0.231)

Returns(−5,−1) 2.532∗∗∗ 5.007∗∗∗ 3.360∗∗∗ −0.243∗∗∗

(0.001) (< 0.001) (< 0.001) (0.001)

Log(Target book assets) −0.340∗∗∗ −0.290∗∗∗ −0.334∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 296 296 296 296
Pseudo/Adjusted R2 0.201 0.264 0.233 0.121
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Table 8

Rumor Accuracy and Stock Returns: Article Characteristics

This table examines the relationship between article characteristics and and 1)
the likelihood that a rumor comes true and 2) the target stock returns on the
day the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if a
merger rumor came true within one year of the first rumor date. Column 4 presents
OLS regression coefficients where the dependent variable is the rumor target’s
abnormal stock return on the date the first rumor article is published. Abnormal
returns are calculated as the target returns minus the CRSP value-weighted index
return. Variables are defined in the appendix. Industry fixed effects include Fama-
French 17 industry codes. Standard errors are clustered at the industry level and
p-values are reported in parentheses. Significance at the 1%, 5%, and 10% levels
is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 4.582∗∗∗

(< 0.001)

Estimated deal likelihood 0.273∗∗∗

(0.001)

Estimated announcement return 0.099
(0.118)

Weak modal words (%) −0.834∗∗∗ −0.877∗∗∗ −0.857∗∗∗ 0.005
(0.001) (0.003) (0.001) (0.444)

Anonymous source 0.367 0.306 0.366 0.019∗∗∗

(0.603) (0.676) (0.602) (0.004)

Target response
Has conversations −0.193 −0.040 −0.041 −0.007

(0.718) (0.942) (0.940) (0.529)

Confirmed rumor 1.234∗∗∗ 0.975∗ 1.119∗∗ 0.076∗∗

(0.010) (0.081) (0.026) (0.016)

Denied rumor −0.999 −1.068 −0.984 0.007
(0.271) (0.246) (0.250) (0.655)

Couldn’t be reached 0.446 0.259 0.403 0.048∗∗∗

(0.209) (0.458) (0.250) (< 0.001)
continued on next page
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Table 8 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Wasn’t asked −0.101 −0.158 −0.055 0.014
(0.828) (0.731) (0.903) (0.165)

Merger stage
Preliminary talks 0.728∗∗ 0.599∗ 0.620∗ 0.014

(0.019) (0.061) (0.060) (0.312)

In talks 1.319∗∗∗ 1.340∗∗∗ 1.319∗∗∗ −0.003
(0.001) (< 0.001) (0.001) (0.785)

Made offer 0.611 0.604 0.684 −0.003
(0.505) (0.487) (0.509) (0.820)

Preparing bid 0.648 0.582 0.536 0.017
(0.488) (0.520) (0.571) (0.613)

For sale 0.361 0.459 0.590 −0.015
(0.461) (0.385) (0.201) (0.406)

Evaluating bids 0.965 1.057 0.959 −0.022
(0.455) (0.407) (0.449) (0.299)

Articles on scoop date (#) 0.164∗∗ 0.057 0.107 0.022∗∗

(0.043) (0.437) (0.176) (0.031)

Rumor in headline 0.002 0.019 −0.051 0.000
(0.998) (0.978) (0.940) (0.992)

Number of bidders mentioned 0.098∗∗ 0.101∗∗ 0.101∗∗∗ −0.001
(0.011) (0.036) (0.010) (0.763)

Price mentioned 0.667∗∗∗ 0.674∗∗∗ 0.634∗∗∗ 0.008
(0.002) (0.005) (0.005) (0.487)

Returns(−5,−1) 0.013 1.229∗ 0.442 −0.266∗

(0.982) (0.068) (0.496) (0.056)

Log(Target book assets) −0.273∗∗∗ −0.242∗∗ −0.260∗∗

(0.004) (0.020) (0.015)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 372 372 372 372
Pseudo/Adjusted R2 0.224 0.244 0.237 0.202
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Table 9

Long-Short Portfolio Returns

The table reports monthly returns from a equally-weighted long-short portfolio,
with a long position in targets of rumors that are predicted to be more accurate
than the median accuracy rate and a short position in targets with a predicted
accuracy less than the median accuracy rate. Accuracy is predicted using the
logit models based on the characteristics listed under the column named Accuracy
Model, after controlling for the Day 0 return. For each set of characteristics, the
predictive model is based on column 2 of the respective table: Table 6 (target news-
worthiness), Table 7 (journalist characteristics), Table 8 (article characteristics),
Internet Appendix Table 10 (journalist fixed effects), Internet Appendix Table 13
(newspaper fixed effects), and unreported tests that combine journalist and news-
paper fixed effects in one model. Firms are added to the portfolio on the day
after the rumor is published, so the Day 0 return is not included in the long-short
portfolio return. Firms are held for up to one year and the portfolio is rebalanced
monthly. If less than five firms meet the criteria for the long or short portfolio,
the long-short portfolio return is assumed to be zero. The monthly returns pre-
sented here are the daily return compounded 20 days. Newey-West p-values are
in parentheses. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗,
and ∗.

All Illiquidity Idiosyncratic Risk

Accuracy Model Low High Low High

Newsworthiness 0.964∗ 0.181 1.429∗∗ 0.190 1.102
(0.058) (0.799) (0.033) (0.717) (0.231)

Journalist Characteristics 1.014∗ 0.044 0.585 0.782 0.340
(0.083) (0.954) (0.440) (0.145) (0.712)

Article Characteristics 0.932∗ −0.292 1.004 0.427 1.068
(0.098) (0.694) (0.149) (0.407) (0.231)

Journalist Fixed Effects 0.707 −0.147 1.206∗ −0.165 1.009
(0.200) (0.846) (0.065) (0.738) (0.239)

Newspaper Fixed Effects 0.703 −0.012 1.438∗∗ 0.221 1.609∗

(0.196) (0.987) (0.024) (0.663) (0.073)

Journalist and Newspaper 0.618 −0.314 1.160∗ −0.174 1.619∗

Fixed Effects (0.295) (0.711) (0.080) (0.728) (0.067)
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Table 10

Runup and Total Premium

This table presents fixed effects OLS models of the cumulative abnormal stock re-
turns of merger targets in the three windows: runup (event window (−42,−1) rel-
ative to the public announcement date), announcement (0,+5), and the combined
period (−42,+5). Observations include mergers for public US targets that were
announced in 2000-2011. Variables are defined in the appendix. All regressions
include target size (log of market equity). Firm-level controls include advertis-
ing/assets, industry sales to households, R&D/assets, Tobin’s Q, and a dummy for
a valuable brand. The numbers in parentheses are p-values from standard errors
clustered at the Fama-French 17 industry level. Significance at the 1%, 5%, and
10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Target CAR (-42,-1) Target CAR (0,+5) Target CAR (-42,+5)

Rumor 0.077∗∗∗ 0.076∗∗∗ −0.078∗∗∗ −0.079∗∗∗ 0.000 −0.008
(< 0.001) (< 0.001) (<.001) (< 0.001) (0.994) (0.503)

Completed 0.029∗∗ 0.040∗∗∗ 0.072∗∗∗

(0.050) (< 0.001) (< 0.001)

Majority cash −0.001 −0.018 −0.017
(0.806) (0.248) (0.253)

Tender offer 0.038∗∗∗ 0.096∗∗∗ 0.141∗∗∗

(< 0.001) (<.001) (< 0.001)

Leveraged buyout −0.017∗∗ 0.015 −0.015
(0.046) (0.213) (0.110)

Cross-border 0.014 0.002 0.012
(0.126) (0.892) (0.495)

Target takeover defenses −0.021 0.020 0.003
(0.212) (0.144) (0.907)

Firm-level controls No Yes No Yes No Yes
Industry fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 2431 2431 2431 2431 2431 2431
Adjusted R2 0.035 0.053 0.063 0.110 0.062 0.113



Internet Appendix for

“Rumor Has It: Sensationalism in Financial Media”

This Internet Appendix has four parts. Section 1 describes the data used in the paper

in more detail. Section 2 provides a discussion of legal issues related to publishing

rumors. Section 3 provides examples of discussions of merger rumors in the official

merger agreements for rumors that came true. Section 4 provides additional tables to

support arguments made in the main paper.

1. Data Collection

1.1. Journalist Characteristics

To obtain data for the 382 journalists who authored or coauthored any scoop article

in our sample, we begin by collecting journalists’ age and gender. To reliably establish

a journalist’s age and gender, we use the Lexis Nexis Public Records database, which

aggregates information on 450 million unique U.S. individuals (both alive and deceased)

available from various federal, state, and county records, such as drivers’ licenses, prop-

erty tax assessment records, marriage and divorce records, voter registration records,

utility connection records, and many others. This information is combined into a com-

prehensive person report for each individual, which provides the year and month of birth,

history of residential addresses, maiden names for women, and information on employ-

ment, among many other characteristics. To identify journalists in this database, we use

their first, middle, and last name, as well as the approximate age based on the year of

college graduation (discussed below) and then verify each match by ensuring that the

person’s employment record in the Lexis Nexis database matches that of the journalist.

Next, we collect data on journalists’ education, following a two-step process. First, we

read the journalists’ biographical sketches from personal web pages and professional pro-

files on a professional social networking website. We supplement these sources with web
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searches, which often bring up helpful academic resources, such as university alumni pub-

lications which discuss journalists as alumni and provide their educational background.

In the second step, we contact the registrars of the universities attended by journalists

to verify their degree, year of graduation, and academic specialization. While many

registrars provide this information to us directly, some universities have outsourced the

degree verification service to a third-party data repository, the National Student Clear-

inghouse (NSC). In these cases, we verify the degree by contacting the NSC. For a few

observations, we are unable to verify the journalists’ undergraduate majors because a

small minority of schools, mostly foreign universities in the UK and Canada, require an

additional consent form. To verify degrees of female journalists, we also obtain their

maiden names from the Lexis Nexis Public Records database if the university registrar

is unable to verify the degree under the journalist’s current family name.

To measure the quality of a journalist’s undergraduate training, we use the university’s

median SAT score, expressed as a percentile. Since most journalists attended liberal arts

programs, we focus on the verbal score, the arguably more relevant score of quality for

journalists. Since our journalists attended colleges at different times, we hand-collect

three cross-sections of SAT scores from the College Handbook published by the College

Entrance Examination Board for the following entry classes: 1979, 2004, and 2012. We

find that while score levels have increased significantly with time, the relative ranking of

colleges according to percentile scores (which account for time trends and changes in the

applicant pool) has been stable. Therefore, to achieve the most complete data coverage,

we focus on the 2012 scores. If the SAT score is unavailable from the College Board, we

contact the university’s admissions directly, thereby also obtaining this information for

foreign universities that accept SAT scores as one of the entrance exams.

Next, we collect journalists’ primary and secondary areas of professional specialization

from the newspapers’ biographical sketches. In some cases, a journalist’s specialization

is evident from his or her professional job title (e.g., ‘Reporter, Automotive’), while in
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others, it is provided by the newspaper in the journalist’s biographical sketch. We verify

the reported specialization by reading samples of the journalist’s articles.

We also record the geographic location of the journalist at the time of the publication

of the rumor article. Since many newspapers have regional bureaus (e.g., the Wall Street

Journal has 12 U.S. bureaus), the journalist is often stationed in a different city than

the newspaper’s headquarters. We collect these data in two steps. First, we extract a

journalist’s office location from his or her job title (e.g., ‘Correspondent, Atlanta Bu-

reau’) or from the newspaper’s biographical sketch. Second, we verify and complement

these data by obtaining journalists’ residential addresses from the Lexis Nexis Public

Records Database and matching them to newspaper bureaus. The Lexis Nexis database

provides residential addresses based on a person’s utility connection records as well as

real estate deed records, which include the starting and ending dates. The reliance on

utility connection records allows us to trace a journalist’s location regardless of whether

he rents, owns, or relocates for a temporary job assignment.

1.2. Article Characteristics

We calculate the frequency of weak modal words in an article based on the dictionary for

financial texts from Loughran and McDonald (2011), as updated in August 2013. The

list of weak modal words includes the following words: apparently, appeared, appearing,

appears, conceivable, could, depend, depended, depending, depends, may, maybe, might,

nearly, occasionally, perhaps, possible, possibly, seldom, seldomly, sometimes, somewhat,

suggest, suggests, uncertain, and uncertainly.

When calculating the frequency of weak modal words, we are careful to avoid spurious

matches. The first spurious match pertains to the weak modal word ‘may,’ which often

appears at the bottom of an article to indicate a journalist’s contact information, such as

“the author may be reached at. . . ” To control for these matches, we separate the body

and headline of the article text from the publication date, media source, and journalist
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contact information. Second, we manually search for spurious instances of weak modal

words that occur when one of the weak modal words coincides with a proper noun, such

as the month of May or May Department Stores. To control for this type of spurious

matches, we remove capitalized weak modal words, unless they appear in the headline

or at the beginning of a sentence. We then check the headlines manually to ensure there

are no spurious matches.

2. Legal Liability for Disseminating False Rumors

When newspapers and journalists publish rumors, they are subject to laws that are

designed to prevent the spread of false rumors. However, to convict a journalist or

newspaper of violating securities law by publishing a rumor requires a very high standard

of proof. Both by the letter of the law and by actual outcomes, journalists are highly

unlikely to be charged with securities fraud. Below, we explain these legal issues in more

detail.

2.1. Primary Liability for Securities Fraud

The Securities Exchange Act of 1934 prohibits material misrepresentation of information

to purchasers and sellers of securities. Specifically, section 10 (b) of the Exchange Act

declares it “unlawful for any person” to use or employ, in connection with the purchase

or sale of any security. . . any manipulative or deceptive device.” Under the Act, a person

who knowingly disseminates false merger rumors can be prosecuted for securities fraud.

To establish the incidence of securities fraud in merger rumors, a plaintiff must prove

all six of the following conditions: (1) material misrepresentation (where ‘material’ is

interpreted as one that affects a reasonable investor’s purchase decision), (2) scienter

(intent of wrongdoing), (3) a connection with the purchase or sale of a security, (4)
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reliance upon the rumor when entering into a transaction, (5) monetary loss, and (6) a

causal link between the rumor and the monetary loss.

These conditions set a high bar for proving securities fraud in merger rumors. Most

importantly, to establish scienter, the plaintiff must prove that the journalist initiated a

rumor with a wrongful intent “to deceive, manipulate, or defraud.” To meet this standard,

SEC Rule 10b-5 “Employment of Manipulative and Deceptive Practices” of the Exchange

Act requires the plaintiff to prove that the defendant committed intentional fraud, that

is, that the journalist knowingly published a false rumor. In contrast, merely establishing

negligence, a failure to exercise the standard of care under the circumstances, fails to meet

the scienter standard. If the journalist’s professional conduct is proven to be reckless,

representing an extreme departure from standard practice, the Supreme Court has not

yet determined whether reckless conduct is sufficient to satisfy the scienter requirement,

while the interpretations by the lower courts have differed.1 Another difficult condition

to establish is that the false rumor had a causal, rather than merely coincidental, effect

on (1) the plaintiff’s decision to purchase the security and (2) the subsequent monetary

loss.

In practice, because journalists explicitly inform investors that the published informa-

tion is a rumor (rather than a fact) and because it is difficult to reliably establish in court

that a journalist knew that the rumor was false, journalists are highly unlikely to face

litigation for initiating merger rumors.

Empirically, we know of no cases brought against journalists or newspapers for spread-

ing false information. Even more telling is the fact that since 1934, the SEC has only

brought one case for market manipulation through spreading false rumors. The case is

SEC v. Paul S. Berliner, filed in 2008. Berliner was a proprietary trader at Schottenfeld

1For a discussion, see Tellabs, Inc. v. Makor Issues & Rights, Ltd., 551 U.S. 308, 319 n.3 (2007). For
a detailed review of the scienter standard in securities fraud and recent court interpretations, please see
Donelson and Prentice (2012), “Scienter Pleading and Rule 10b-5: Empirical Analysis and Behavioral
Implications,” Case Western Reserve Law Review 63, 441–509.
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Group who the SEC alleges spread false rumors through instant messages to traders at

brokerage firms that the Blackstone Group was meeting to consider offering a reduced

price following their official takeover bid for Alliance Data Systems Corp. The SEC pro-

vided evidence to show that Berliner knew the rumor was false, that Berliner stood to

gain monetarily from the false rumor, and that he purposely spread the rumor to manip-

ulate stock prices. Berliner settled with the SEC for a penalty of $130,000, disgorgement

of $26,129 in illicit trading profits, and a life-time bar from working with any broker or

dealer.2

2.2. Liability for Aiding and Abetting in Securities Fraud

A journalist who knowingly aids another person, such as a trader, corporate executive,

or portfolio manager, in disseminating false merger rumors may be charged with aiding

and abetting in securities fraud.

Section 10 (b) of the Exchange Act establishes secondary liability for securities fraud

for substantially assisting–“aiding and abetting”–in securities fraud. As with the pri-

mary responsibility for securities fraud, establishing scienter is critical in prosecution. A

journalist who publishes a false rumor leaked by a trader can be found liable for aiding

in securities fraud if it is established that the journalist knowingly aided in the fraud. In

contrast, a journalist will not be liable for aiding in securities fraud if he unknowingly

distributed a fraudulent rumor, even if his failure to detect fraud resulted from negligence.

An important limitation in prosecuting this type of fraud is that only the govern-

ment, not investors, can bring aiding and abetting cases, following the 1994 ruling of the

Supreme Court. In particular, in the 1994 decision in Central Bank of Denver, N.A.,

v. First Interstate Bank of Denver, N.A.,3 the U.S. Supreme Court ruled that persons

assisting in securities fraud are liable only to the government, not to investors, and that

2See U.S. Securities and Exchange Commission Litigation Release No. 20537, April 24, 2008.
3Central Bank of Denver, N.A., v. First Interstate Bank of Denver, N.A., 511 U.S. 164 (1994).
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Section 10(b) of the Exchange Act and SEC Rule 10b-5 do not create a private cause of

action for aiding and abetting cases.4

During our sample period, the authority to pursue aiders and abettors of securities

fraud rests with the SEC, as granted by the Private Securities Litigation Reform Act

of 1995. As a result, the threat of legal liability for aiding and abetting in securities

fraud depends on the SEC and is arguably constrained by restricting private parties and

investors from filing lawsuits for aiding and abetting in fraud.

2.3. Controlling Entity Liability

If a journalist is found guilty of securities fraud, the journalist’s newspaper and its editor

may face charges as controlling entities in the fraud.

Section 20 (a) of the Securities Exchange Act of 1934 imposes liability not only on

the person committing a securities fraud, but also on the entity or person who controls

the violator. While the definition of control is not explicitly given in the Exchange Act,

the SEC has defined ‘control’ as “the possession, direct or indirect, of the power to

direct or cause the direction of the management and policies person, whether through

the ownership of voting securities, by contract, or otherwise.” 5

To establish a newspaper’s or editor’s liability resulting from a journalist’s intentional

dissemination of false merger rumors, the plaintiff must demonstrate that the newspaper

or its editor induced or assisted in the fraudulent conduct. In contrast, according to

Section 20 (a) of the Exchange Act, no liability exists if “the controlling person acted in

good faith and did not directly or indirectly induce the acts constituting the violation or

cause of action.”

4The Court also reaffirmed this ruling in its 2008 decision in Stoneridge Investment Partners, LLC v.
Scientific-Atlanta, Inc., 552 U.S. 148 (2008) and its 2011 decision in Janus Capital Group, Inc. v. First
Derivative Traders, 131 S. Ct. 2296 (2011).
517 C.F.R. §230.405.
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2.4. Summary

Securities regulation establishes liability for journalists, editors, and newspapers that

knowingly disseminate false merger rumors. However, the law sets a high bar for proving

scienter in such cases. The federal law also restricts private parties from suing journal-

ists for aiding in securities fraud. A combination of these factors mitigates the risk of

securities fraud litigation against financial journalists in the context of merger rumors.

3. Sample Disclosures in Merger Agreements

Below are passages from merger agreements to illustrate seven classifications of the con-

text in which a merger rumor is mentioned in an official merger agreement. The specific

merger agreement from which the passages are taken is listed first, followed by the pas-

sage.

1. Effect of the rumor on the target’s stock price is recognized, and the

takeover premium is calculated based on stock prices before the rumor

• ChevronTexaco Corp., and Unocal Corp., p. 44.

“Unaffected Price and Unaffected Exchange Ratio Analysis. Morgan Stan-

ley noted that Unocal’s common stock price had been affected by rumors

appearing in the financial press and performed an analysis to estimate the

unaffected price of Unocal common stock.”

2. Effect of the rumor on the target’s stock price is recognized, but the effect

on the takeover premium is not explicitly discussed

• North Fork Bancorp Inc. and GreenPoint Financial Corp., p. 29

“The board of directors noted its belief that GreenPoint common stock was

trading above the levels at which it would otherwise be trading due primar-

ily to the rumors of a potential business combination transaction involving

GreenPoint. The GreenPoint board, among other things, noted that from
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the time it first authorized management and its financial advisors to explore

a potential transaction on January 13, 2004, GreenPoint’s closing stock price

had increased by $10.12 per share, including more than $6.50 per share since

specific public rumors regarding a transaction were reported on February 4,

2004.”

3. Negotiation process is expedited

• Atlantis Holdings, LLC and Alltel Corp., p. 20.

“On May 9, 2007, The Wall Street Journal published an article that reported

on rumors regarding the process. Alltel did not publicly comment on this

article. Alltel representatives contacted each of the private equity sponsor

groups to discuss the article and the heightened need for the process to be

concluded as quickly as possible.”

4. Negotiating parties hold an unscheduled meeting in response to the rumor

• Amgen Inc., and Immunex Corp., p. I-21.

“On December 14, 2001, the Immunex board of directors held a special tele-

phonic meeting to discuss the status of discussions with Amgen and the mar-

ket rumors regarding a possible transaction. At this meeting, Mr. Fritzky

updated the Immunex board of directors regarding developments since the

December 5, 2001 meeting of the Immunex board of directors.”

5. Comment or press release is issued in response to the rumor

• CB Richard Ellis, Inc., and Insignia Financial Group Inc., p. 32.

“Late in the day on February 7, 2003, in response to a call from the New York

Stock Exchange regarding rumors of a potential transaction between us and

CBRE Holding and a large trading volume and price increase in our common

stock, we issued a press release stating that we were in discussions with CBRE

Holding with respect to a proposed combination of the two organizations.”

6. Negotiating parties express concerns about the rumor



10 RUMOR HAS IT

• Federated Department Stores Inc., and May Department Stores Co., p. 49.

“On January 20, 2005, Mr. Dunham called Mr. Lundgren. He described

generally what kinds of things May was working on and specifically said

the board was pursuing a search for a new CEO. He said May’s board and

its management were extremely concerned with the rumors in the market

regarding a potential transaction between the two companies that were dis-

tracting for everyone and a disruption for May’s business. He informed Mr.

Lundgren of the special role conferred on Mr. Stiritz in connection with any

business combination discussions.”

7. Rumor is mentioned, but no specific response is indicated

• AT&T Corp., and Net2Phone Inc., p. 8.

“On February 14, 2000, CNBC reported that AOL and IDT were discussing

a sale of IDT’s stake in Net2Phone. While neither company commented on

this report, it was widely circulated in the news media and provoked interest

and comments from our existing and potential strategic partners.”

4. Additional Tables to Support the Main Paper

This section contains tables referenced in the main paper.
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Internet Appendix Table 1

Rumor Accuracy and Stock Returns: Excluding Confirmed Rumors

This table reports results from tests identical to Tables 6, 7, and 8 of the main
paper, where rumors that are confirmed by the target are dropped from the sample.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Panel A: Newsworthiness

Day 0 Return 0.249∗∗∗

(< 0.001)
Estimated deal likelihood 4.170∗∗∗

(< 0.001)
Estimated announcement return 0.065

(0.473)
Log(Target book assets) −0.260∗∗∗ −0.256∗∗ −0.247∗∗∗

(0.008) (0.014) (0.009)
Valuable brand −0.719∗∗∗ −0.639∗∗∗ −0.557∗∗∗ −0.046∗∗∗

(0.003) (0.008) (0.005) (0.001)
Advertising/Assets (%) −0.058∗ −0.057∗∗ −0.060∗∗ 0.000

(0.061) (0.043) (0.016) (0.987)
Industry sales to households 0.218 0.349 0.294 0.000

(0.434) (0.259) (0.421) (0.995)
Tobin’s Q −0.041 −0.030 −0.024 −0.004∗

(0.265) (0.430) (0.523) (0.066)
High R&D/Assets 0.005 0.002 −0.007 0.003∗∗

(0.877) (0.941) (0.831) (0.024)
Log(1+Distance) 0.014 0.000 −0.004 0.004∗∗

(0.476) (0.987) (0.827) (0.037)
Returns(−5,−1) −0.069 0.434 1.349 −0.289∗∗

(0.947) (0.673) (0.350) (0.033)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 387 387 387 387
Pseudo/Adjusted R2 0.058 0.074 0.085 0.124

Panel B: Journalist Characteristics

Day 0 Return 0.485∗∗

(0.014)
Estimated deal likelihood 8.668∗∗∗

(< 0.001)
continued on next page
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Internet Appendix Table 1 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Estimated announcement return 0.087
(0.200)

Log(Journalist age) 1.035∗ 0.950∗ 1.018∗∗ 0.027
(0.071) (0.088) (0.042) (0.534)

UG degree: Business/econ 0.094 0.006 0.004 0.021
(0.873) (0.991) (0.993) (0.231)

UG degree: Journalism 1.147∗∗∗ 1.209∗∗∗ 1.133∗∗∗ 0.009
(0.004) (0.001) (0.010) (0.555)

UG degree: English −0.011 0.028 −0.062 0.015
(0.980) (0.948) (0.894) (0.463)

UG degree: Poli-sci 0.322 0.367 0.202 0.017
(0.426) (0.359) (0.607) (0.142)

UG degree: History 0.664 0.682 0.440 0.024
(0.213) (0.135) (0.336) (0.368)

UG degree: Other 0.724∗ 0.643 0.534 0.053
(0.086) (0.201) (0.312) (0.123)

SAT Score of College 0.015 0.013 0.014 0.000
(0.248) (0.301) (0.228) (0.794)

Expert in target industry 0.634∗ 0.616∗ 0.678∗∗ 0.002
(0.051) (0.057) (0.030) (0.878)

New York-based 0.485∗∗ 0.334 0.085 0.038∗∗∗

(0.030) (0.281) (0.794) (0.002)
Award winner 0.115 0.181 0.460 −0.057∗

(0.693) (0.613) (0.221) (0.075)
Gender −0.446 −0.437 −0.373 −0.012

(0.216) (0.239) (0.306) (0.243)
Returns(−5,−1) 2.248∗∗∗ 3.153∗∗∗ 4.865∗∗∗ −0.251∗∗∗

(0.006) (0.006) (< 0.001) (0.001)
Log(Target book assets) −0.311∗∗∗ −0.309∗∗∗ −0.276∗∗∗

(< 0.001) (< 0.001) (< 0.001)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 287 287 287 287
Pseudo/Adjusted R2 0.202 0.231 0.261 0.142
Panel C: Article Text Characteristics

Day 0 Return 0.279∗∗∗

(0.003)
continued on next page
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Internet Appendix Table 1 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Estimated deal likelihood 4.658∗∗∗

(< 0.001)
Estimated announcement return 0.084

(0.137)
Weak modal words (%) −0.811∗∗∗ −0.832∗∗∗ −0.857∗∗∗ 0.006

(0.002) (0.002) (0.005) (0.378)
Anonymous source 0.513 0.532 0.470 0.019∗∗∗

(0.465) (0.444) (0.516) (0.003)
Has conversations −0.190 −0.038 −0.039 −0.007

(0.729) (0.946) (0.946) (0.532)
Denied rumor −0.928 −0.920 −0.993 0.008

(0.300) (0.276) (0.273) (0.623)
Couldn’t be reached 0.487 0.434 0.292 0.050∗∗∗

(0.175) (0.223) (0.417) (< 0.001)
Wasn’t asked −0.084 −0.024 −0.124 0.014

(0.859) (0.958) (0.790) (0.198)
Preliminary talks 0.786∗∗∗ 0.667∗∗ 0.664∗∗ 0.023

(0.010) (0.044) (0.036) (0.125)
In talks 1.284∗∗∗ 1.291∗∗∗ 1.312∗∗∗ −0.004

(0.001) (0.001) (< 0.001) (0.753)
Made offer 0.597 0.669 0.576 −0.002

(0.481) (0.498) (0.483) (0.906)
Preparing bid 0.205 0.090 0.093 0.024

(0.831) (0.923) (0.915) (0.522)
For sale 0.440 0.637 0.527 −0.009

(0.308) (0.147) (0.284) (0.664)
Evaluating bids 0.882 0.880 0.980 −0.021

(0.480) (0.477) (0.431) (0.309)
Articles on scoop date (#) 0.166∗ 0.107 0.056 0.022∗∗

(0.058) (0.224) (0.485) (0.035)
Rumor in headline −0.041 −0.073 −0.006 −0.004

(0.952) (0.915) (0.993) (0.790)
Number of bidders mentioned 0.112∗∗∗ 0.112∗∗∗ 0.116∗∗ −0.001

(0.004) (0.005) (0.018) (0.821)
Price mentioned 0.646∗∗∗ 0.602∗∗∗ 0.648∗∗∗ 0.009

(0.005) (0.010) (0.010) (0.533)
Returns(−5,−1) −0.027 0.468 1.246∗∗ −0.271∗

(0.960) (0.438) (0.044) (0.051)
continued on next page
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Internet Appendix Table 1 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Log(Target book assets) −0.252∗∗∗ −0.239∗∗ −0.225∗∗

(0.008) (0.025) (0.030)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 361 361 361 361
Pseudo/Adjusted R2 0.216 0.229 0.236 0.211
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Internet Appendix Table 2

Rumor Accuracy and Stock Returns: Accuracy Windows

This table reports results from tests identical to Columns 1–3 of Tables 6, 7, and 8 of the main paper, where a
rumor is considered accurate if an official takeover announcement is made within three months (columns 1–3), 6
months (columns 4–6), or 9 months (columns 7–9).

Rumor Comes True Within 3 Months Rumor Comes True Within 6 Months Rumor Comes True Within 9 Months

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Newsworthiness

Day 0 Return 0.294∗∗∗ 0.260∗∗∗ 0.268∗∗∗

(< 0.001) (< 0.001) (< 0.001)
Estimated deal likelihood 4.372∗∗∗ 3.832∗∗∗ 4.275∗∗∗

(0.002) (0.003) (< 0.001)
Log(Target book assets) −0.249∗ −0.255∗ −0.229∗ −0.284∗∗ −0.285∗∗ −0.264∗∗ −0.277∗∗∗ −0.272∗∗∗ −0.255∗∗∗

(0.060) (0.078) (0.075) (0.017) (0.022) (0.022) (0.005) (0.009) (0.008)
Valuable brand −0.581∗∗ −0.485∗ −0.421∗∗ −0.598∗∗ −0.528∗ −0.470∗∗ −0.619∗∗ −0.575∗∗ −0.495∗∗

(0.042) (0.076) (0.035) (0.039) (0.064) (0.044) (0.012) (0.011) (0.012)
Advertising/Assets (%) −0.072 −0.073 −0.076∗ −0.064∗ −0.066∗ −0.068∗∗ −0.059∗∗ −0.061∗∗ −0.065∗∗∗

(0.110) (0.111) (0.085) (0.072) (0.061) (0.039) (0.030) (0.017) (0.005)
Industry sales to households 0.085 0.241 0.174 −0.224 −0.115 −0.158 0.140 0.244 0.194

(0.817) (0.499) (0.647) (0.387) (0.698) (0.655) (0.671) (0.505) (0.654)
Tobin’s Q −0.003 0.012 0.024 −0.016 −0.003 0.006 −0.041 −0.027 −0.019

(0.967) (0.862) (0.739) (0.756) (0.952) (0.920) (0.308) (0.523) (0.687)
High R&D/Assets 0.012 0.007 −0.002 0.004 0.001 −0.007 0.015 0.013 0.004

(0.720) (0.828) (0.950) (0.911) (0.979) (0.847) (0.656) (0.703) (0.894)
Log(1+Distance) 0.036 0.020 0.018 0.046∗ 0.032 0.030 0.028 0.013 0.010

(0.251) (0.612) (0.644) (0.067) (0.278) (0.324) (0.162) (0.586) (0.651)
Returns(−5,−1) −0.163 0.449 1.506 −0.698 −0.174 0.667 0.045 0.572 1.538

(0.864) (0.637) (0.254) (0.330) (0.812) (0.464) (0.958) (0.487) (0.221)
Industry fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 384 384 384 396 396 396 399 399 399
Pseudo R2 0.057 0.078 0.090 0.067∗∗∗ 0.083 0.091∗∗∗ 0.063∗∗∗ 0.082∗∗∗ 0.092∗∗∗

Panel B: Journalist Characteristics

continued on next page
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Rumor Comes True Within 3 Months Rumor Comes True Within 6 Months Rumor Comes True Within 9 Months

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Day 0 Return 0.522∗∗ 0.499∗∗ 0.495∗∗∗

(0.024) (0.025) (0.004)
Estimated deal likelihood 8.173∗∗∗ 7.502∗∗∗ 8.705∗∗∗

(< 0.001) (< 0.001) (< 0.001)
Log(Journalist age) 0.422 0.352 0.297 0.905 0.797 0.790 1.062∗ 0.900 0.895

(0.683) (0.718) (0.757) (0.178) (0.228) (0.199) (0.087) (0.125) (0.117)
UG degree: Business/econ 0.727 0.638 0.743∗∗ 0.014 −0.095 −0.074 0.115 −0.004 0.029

(0.153) (0.118) (0.025) (0.984) (0.873) (0.888) (0.815) (0.992) (0.941)
UG degree: Journalism 1.744∗∗∗ 1.783∗∗∗ 1.772∗∗∗ 1.669∗∗∗ 1.738∗∗∗ 1.731∗∗∗ 1.437∗∗∗ 1.518∗∗∗ 1.505∗∗∗

(< 0.001) (< 0.001) (0.001) (< 0.001) (< 0.001) (< 0.001) (0.002) (< 0.001) (0.001)
UG degree: English 0.738 0.775∗ 0.725 0.346 0.359 0.253 0.209 0.203 0.097

(0.114) (0.089) (0.112) (0.398) (0.353) (0.535) (0.600) (0.607) (0.825)
UG degree: Poli-sci 0.409 0.416 0.371 0.026 0.028 −0.070 0.281 0.287 0.154

(0.513) (0.489) (0.552) (0.958) (0.953) (0.883) (0.504) (0.487) (0.708)
UG degree: History 0.853∗ 0.784∗ 0.640 0.499 0.429 0.275 0.716 0.683 0.522

(0.052) (0.098) (0.207) (0.252) (0.322) (0.583) (0.133) (0.127) (0.239)
UG degree: Other 0.436 0.325 0.231 0.536 0.448 0.374 0.492 0.381 0.296

(0.347) (0.546) (0.700) (0.146) (0.310) (0.392) (0.178) (0.397) (0.534)
SAT Score of College 0.016 0.012 0.013 0.024∗ 0.021∗ 0.022∗ 0.012 0.008 0.009

(0.287) (0.405) (0.329) (0.059) (0.082) (0.064) (0.392) (0.547) (0.514)
Expert in target industry 1.350∗∗∗ 1.398∗∗∗ 1.495∗∗∗ 1.297∗∗∗ 1.349∗∗∗ 1.385∗∗∗ 0.733∗∗ 0.721∗∗ 0.756∗∗

(< 0.001) (< 0.001) (< 0.001) (0.003) (0.005) (0.003) (0.023) (0.027) (0.018)
New York-based 0.852∗∗∗ 0.711∗∗∗ 0.571 0.482∗∗ 0.354 0.211 0.350∗∗ 0.222 0.006

(0.001) (0.007) (0.101) (0.011) (0.163) (0.453) (0.036) (0.411) (0.985)
Award winner 0.395 0.518∗∗ 0.747∗∗ 0.686∗∗ 0.800∗∗∗ 1.012∗∗∗ 0.567∗∗ 0.683∗∗ 0.979∗∗∗

(0.122) (0.039) (0.013) (0.022) (0.008) (< 0.001) (0.042) (0.023) (0.001)
Gender −0.278 −0.230 −0.138 −0.398 −0.367 −0.287 −0.363 −0.336 −0.245

(0.369) (0.468) (0.661) (0.170) (0.206) (0.315) (0.268) (0.305) (0.429)
Returns(−5,−1) 3.038∗∗ 3.891∗∗ 5.734∗∗∗ 2.195∗∗ 2.842∗∗ 4.206∗∗∗ 3.143∗∗∗ 4.046∗∗∗ 5.772∗∗∗

(0.030) (0.011) (0.006) (0.027) (0.010) (0.003) (< 0.001) (< 0.001) (< 0.001)
Log(Target book assets) −0.367∗∗∗ −0.377∗∗∗ −0.325∗∗∗ −0.478∗∗∗ −0.498∗∗∗ −0.444∗∗∗ −0.341∗∗∗ −0.340∗∗∗ −0.294∗∗∗

(< 0.001) (0.002) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
continued on next page



R
U
M
O
R

H
A
S

I
T

1
7

Internet Appendix Table 2 - Continued

Rumor Comes True Within 3 Months Rumor Comes True Within 6 Months Rumor Comes True Within 9 Months

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Industry fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 290 290 290 296 296 296 296 296 296
Pseudo R2 0.278 0.307 0.330 0.270 0.297 0.315 0.229 0.259 0.293

Panel C: Article Text Characteristics

Day 0 Return 0.265 0.293∗ 0.260∗∗∗

(0.198) (0.053) (0.002)
Estimated deal likelihood 4.531∗∗∗ 4.326∗∗∗ 4.761∗∗∗

(< 0.001) (< 0.001) (< 0.001)
Weak modal words (%) −1.225∗∗∗ −1.216∗∗∗ −1.255∗∗∗ −0.931∗∗∗ −0.943∗∗∗ −0.958∗∗∗ −0.888∗∗∗ −0.901∗∗∗ −0.938∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
Anonymous source −0.160 −0.125 −0.169 0.004 0.002 −0.044 0.411 0.421 0.365

(0.829) (0.861) (0.819) (0.995) (0.998) (0.955) (0.623) (0.613) (0.670)
Has conversations −13.918∗∗∗ −13.784∗∗∗ −13.821∗∗∗ −0.183 −0.001 −0.030 −0.137 0.020 0.024

(< 0.001) (< 0.001) (< 0.001) (0.760) (0.998) (0.961) (0.814) (0.972) (0.969)
Denied rumor 2.000∗∗∗ 1.779∗∗∗ 1.522∗∗∗ 1.853∗∗∗ 1.778∗∗∗ 1.628∗∗ 1.608∗∗ 1.499∗∗ 1.364∗

(< 0.001) (< 0.001) (0.001) (0.005) (0.004) (0.024) (0.026) (0.028) (0.082)
Confirmed rumor −1.084 −1.033 −1.115 −1.579 −1.564 −1.701 −0.884 −0.892 −0.976

(0.411) (0.424) (0.371) (0.149) (0.153) (0.134) (0.334) (0.305) (0.292)
Couldn’t be reached 0.880∗ 0.800 0.631 0.269 0.209 0.067 0.423 0.374 0.209

(0.066) (0.118) (0.183) (0.623) (0.711) (0.899) (0.290) (0.341) (0.614)
Wasn’t asked −0.385 −0.351 −0.451 −0.485 −0.462 −0.557 −0.177 −0.140 −0.231

(0.401) (0.423) (0.292) (0.255) (0.258) (0.173) (0.711) (0.767) (0.619)
Preliminary talks 1.605∗∗∗ 1.481∗∗∗ 1.436∗∗∗ 1.119∗∗∗ 0.994∗∗∗ 0.956∗∗∗ 0.802∗∗ 0.683∗ 0.647∗

(< 0.001) (0.003) (0.004) (< 0.001) (0.005) (0.005) (0.019) (0.059) (0.074)
In talks 1.977∗∗∗ 1.940∗∗∗ 1.928∗∗∗ 1.693∗∗∗ 1.679∗∗∗ 1.674∗∗∗ 1.503∗∗∗ 1.487∗∗∗ 1.512∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
Made offer −0.526 −0.535 −0.537 −0.210 −0.199 −0.186 0.911 0.952 0.896

(0.514) (0.513) (0.489) (0.635) (0.666) (0.691) (0.375) (0.380) (0.357)
Preparing bid −0.885 −0.782 −0.829 0.301 0.306 0.326 0.099 0.081 0.086

(0.160) (0.231) (0.162) (0.739) (0.731) (0.720) (0.917) (0.931) (0.929)
continued on next page



1
8

R
U
M
O
R

H
A
S

I
T

Internet Appendix Table 2 - Continued

Rumor Comes True Within 3 Months Rumor Comes True Within 6 Months Rumor Comes True Within 9 Months

(1) (2) (3) (4) (5) (6) (7) (8) (9)

For sale 0.927∗ 1.118∗∗ 0.945∗ 0.492 0.671 0.510 0.153 0.339 0.168
(0.074) (0.040) (0.078) (0.213) (0.124) (0.246) (0.638) (0.275) (0.631)

Evaluating bids 0.937 0.936 0.947 1.526 1.509 1.563 1.163 1.150 1.238
(0.431) (0.436) (0.417) (0.306) (0.306) (0.288) (0.406) (0.404) (0.374)

Articles on scoop date (#) 0.197∗∗ 0.148 0.101∗ 0.152∗∗ 0.097 0.060 0.153∗ 0.100 0.041
(0.017) (0.128) (0.095) (0.048) (0.233) (0.339) (0.089) (0.247) (0.590)

Rumor in headline −0.053 −0.129 −0.078 −0.128 −0.202 −0.143 0.160 0.104 0.192
(0.873) (0.696) (0.820) (0.725) (0.548) (0.673) (0.784) (0.855) (0.743)

Number of bidders mentioned 0.145∗∗ 0.143∗ 0.139∗ 0.179∗∗ 0.179∗∗ 0.173∗∗ 0.139∗∗ 0.138∗∗ 0.138∗∗

(0.043) (0.064) (0.096) (0.018) (0.015) (0.036) (0.016) (0.016) (0.046)
Price mentioned 0.996∗∗∗ 0.975∗∗∗ 1.038∗∗∗ 0.722∗∗∗ 0.712∗∗∗ 0.743∗∗∗ 0.683∗∗∗ 0.663∗∗∗ 0.711∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
Returns(−5,−1) −0.529 −0.132 0.402 −1.204 −0.811 −0.146 0.142 0.534 1.292∗∗

(0.685) (0.924) (0.800) (0.246) (0.431) (0.895) (0.827) (0.461) (0.049)
Log(Target book assets) −0.251 −0.255 −0.233 −0.314∗∗ −0.310∗ −0.282∗ −0.271∗∗∗ −0.260∗∗ −0.240∗∗

(0.117) (0.173) (0.174) (0.028) (0.053) (0.067) (0.007) (0.024) (0.033)
Industry fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 360 360 360 370 370 370 370 370 370
Pseudo R2 0.349 0.357 0.364 0.286 0.296 0.302 0.260 0.270 0.280
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Internet Appendix Table 3

T-Tests of Days to Official Announcement by Prediction Model

This table presents averages of the number of calendar days between the rumor
date and the official announcement of a merger. Subsamples are formed based on
predicted values from the logit models presented in Tables 6, 7, 8, and Internet
Appendix Table 14. Observations in the High (Low) subsample have above- (below-
) median predicted accuracy, using the prediction model indicated in the first
column. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Predicted Accuracy

Prediction Model High Low Difference p-value

Newsworthiness Characteristics 223.9 430.3 206.5∗∗∗ 0.002
Journalist Characteristics 198.7 475.6 276.9∗∗∗ 0.001
Article Characteristics 181.5 560.2 378.7∗∗∗ < 0.001
Newspaper Characteristics 247.3 417.7 170.4∗∗ 0.013
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Internet Appendix Table 4

The Likelihood of Rumors

This table presents fixed effects logit and linear probability models of the probabil-
ity that a rumor article will be published about a potential merger. The dependent
variable equals one if a rumor article was published about the target. Observations
include targets discussed in 501 merger rumors published in newspapers as well as
targets of actual merger bids announced in 2000-2011. The logit models are fixed
effects logits with year and industry effects (using Fama-French 17 industry defini-
tions). The OLS models are linear probability models. The numbers in parentheses
are p-values from standard errors clustered at the industry level. Significance at
the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

All Targets Public Targets

Logit OLS Logit OLS

Public target 2.436∗∗∗ 0.048∗∗∗

(< 0.001) (< 0.001)

Valuable brand 3.050∗∗∗ 0.412∗∗∗ 1.786∗∗∗ 0.309∗∗∗

(< 0.001) (< 0.001) (0.002) (0.002)

Industry sales to households 0.743∗ 0.017 −0.804∗∗ −0.016∗∗

(0.086) (0.224) (0.011) (0.037)

Foreign −1.925∗∗∗ −0.047∗∗∗ −2.418∗∗∗ −0.046∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Log(Target book assets) 0.737∗∗∗ 0.017∗∗∗

(< 0.001) (< 0.001)

Advertising/Assets (%) 0.073∗∗ 0.006∗∗

(0.014) (0.017)

Tobin’s Q 0.299∗∗∗ 0.010∗∗∗

(< 0.001) (0.006)

R&D/Assets (%) 0.092∗∗∗ 0.003∗∗∗

(< 0.001) (< 0.001)

Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 18,325 18,325 4,523 4,523
Pseudo/Adjusted R2 0.274 0.114 0.353 0.151
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Internet Appendix Table 5

Determinants of Target Announcement Returns

This table presents fixed effects OLS models of the cumulative abnormal stock
returns of merger targets in the three days centered on the first official announce-
ment of the merger. Observations include mergers for public US targets that were
announced in 2000-2011. Profitability is (Sales-COGS-SGA)/Sales. Leverage is
(Debt in current liabilities + Long term debt)/(Total assets - Common Equity +
Market Equity). The numbers in parentheses are p-values from standard errors
clustered at the Fama-French 17 industry level. Significance at the 1%, 5%, and
10% levels is indicated by ∗∗∗, ∗∗, and ∗. Year 2000 and ‘Industry 17: Other are
omitted.

Target CAR(−1,+1)

(1) (2) (3) (4)

Target Industries

Industry 1: Food 0.030 −0.005 −0.002 −0.082
(0.298) (0.875) (0.981) (0.369)

Industry 2: Mining and Minerals −0.057∗∗ −0.047 −0.089 −0.113
(0.036) (0.170) (0.254) (0.340)

Industry 3: Oil and Petroleum Products −0.007 0.016 −0.006 0.001
(0.722) (0.535) (0.899) (0.985)

Industry 4: Textiles & Apparel −0.024 −0.052 −0.008 −0.093
(0.613) (0.300) (0.904) (0.327)

Industry 5: Consumer Durables −0.024 −0.067 0.050 0.010
(0.578) (0.165) (0.443) (0.892)

Industry 6: Chemicals 0.077∗∗ 0.101∗∗∗ 0.013 0.088
(0.030) (0.009) (0.833) (0.254)

Industry 7: Drugs, Soap, Tobacco 0.049∗∗ 0.024 0.007 −0.015
(0.032) (0.385) (0.810) (0.702)

Industry 8: Construction 0.066∗ 0.026 0.070 0.004
(0.053) (0.493) (0.188) (0.953)

Industry 9: Steel Works 0.004 0.000 0.017 −0.025
(0.908) (0.991) (0.812) (0.752)

Industry 10: Fabricated Products 0.015 −0.023 0.089 0.052
(0.832) (0.744) (0.468) (0.718)

Industry 11: Machinery and Bus. Equip. 0.035∗∗ 0.024 0.038∗ 0.043∗

(0.036) (0.182) (0.080) (0.094)
Industry 12: Automobiles 0.040 0.013 0.008 −0.008

(0.367) (0.778) (0.895) (0.923)
Industry 13: Transportation 0.023 0.024 0.046 0.080

(0.359) (0.405) (0.217) (0.101)
Industry 14: Utilities −0.011 0.009 0.105∗∗ 0.312∗∗∗

(0.638) (0.765) (0.035) (< 0.001)
continued on next page
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Internet Appendix Table 5 - Continued

Target CAR(−1,+1)

(1) (2) (3) (4)

Industry 15: Retail Stores −0.005 −0.022 0.010 −0.023
(0.828) (0.410) (0.818) (0.655)

Industry 16: Finance 0.015 −0.039 −0.005 0.020
(0.260) (0.328) (0.837) (0.817)

Log(Target book assets) −0.030∗∗∗ −0.037∗∗∗ −0.039∗∗∗ −0.055∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)
Target ROA 0.149∗ 0.109

(0.084) (0.368)
Target Tobin’s Q −0.015∗∗∗ −0.023∗∗∗

(0.006) (0.001)
Target leverage 0.007 0.098∗

(0.834) (0.081)
Target Capex/Assets −0.177 −0.054

(0.124) (0.759)
Target Intangibles/Assets 0.000∗∗ 0.000

(0.011) (0.841)
Target profitability −0.104∗ −0.193∗∗

(0.058) (0.019)
Bidder Industries

Industry 1: Food 0.075 0.134
(0.309) (0.144)

Industry 2: Mining and Minerals 0.059 0.124
(0.443) (0.287)

Industry 3: Oil and Petroleum Products 0.007 0.011
(0.886) (0.883)

Industry 4: Textiles & Apparel 0.027 0.081
(0.748) (0.464)

Industry 5: Consumer Durables −0.056 −0.068
(0.281) (0.219)

Industry 6: Chemicals 0.083 0.036
(0.169) (0.628)

Industry 7: Drugs, Soap, Tobacco 0.055∗ 0.060∗

(0.051) (0.099)
Industry 8: Construction 0.088 0.112

(0.133) (0.156)
Industry 9: Steel Works 0.005 0.023

(0.932) (0.734)
Industry 10: Fabricated Products 0.172∗ 0.109

(0.068) (0.331)
Industry 11: Machinery and Bus. Equip. 0.029 0.007

(0.169) (0.790)
Industry 12: Automobiles 0.045 0.007

continued on next page
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Internet Appendix Table 5 - Continued

Target CAR(−1,+1)

(1) (2) (3) (4)

(0.449) (0.912)
Industry 13: Transportation 0.030 −0.035

(0.479) (0.496)
Industry 14: Utilities −0.145∗∗∗ −0.355∗∗∗

(0.005) (< 0.001)
Industry 15: Retail Stores 0.058 0.033

(0.172) (0.494)
Industry 16: Finance 0.010 0.020

(0.648) (0.723)
Log(Target bidder assets) 0.022∗∗∗ 0.033∗∗∗

(< 0.001) (< 0.001)
Bidder ROA 0.288∗∗

(0.029)
Bidder Tobin’s Q 0.005

(0.523)
Bidder leverage −0.081

(0.235)
Bidder Capex/Assets −0.003

(0.984)
Bidder Intangibles/Assets 0.000

(0.666)
Bidder profitability −0.032

(0.668)
Year 2001 −0.007 −0.071∗∗∗ 0.013 −0.079∗∗

(0.721) (0.005) (0.523) (0.024)
Year 2002 −0.083∗∗∗ −0.122∗∗∗ −0.054∗∗ −0.095∗∗

(< 0.001) (< 0.001) (0.031) (0.014)
Year 2003 −0.076∗∗∗ −0.104∗∗∗ −0.032 −0.062∗

(< 0.001) (< 0.001) (0.173) (0.087)
Year 2004 −0.055∗∗∗ −0.083∗∗∗ −0.025 −0.048

(0.007) (0.001) (0.239) (0.141)
Year 2005 −0.045∗∗ −0.084∗∗∗ −0.041∗ −0.098∗∗∗

(0.020) (< 0.001) (0.060) (0.003)
Year 2006 −0.037∗∗ −0.073∗∗∗ −0.019 −0.072∗∗

(0.031) (< 0.001) (0.302) (0.012)
Year 2007 −0.018 −0.062∗∗∗ 0.006 −0.030

(0.264) (0.003) (0.765) (0.296)
Year 2008 −0.003 −0.023 0.008 −0.007

(0.879) (0.369) (0.737) (0.833)
Year 2009 −0.059∗∗ −0.040 0.024 0.012

(0.013) (0.193) (0.409) (0.775)
Year 2010 0.018 0.009 0.012 −0.019

continued on next page
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Internet Appendix Table 5 - Continued

Target CAR(−1,+1)

(1) (2) (3) (4)

(0.378) (0.727) (0.613) (0.565)
Year 2011 0.049∗∗ 0.015 0.035 −0.007

(0.018) (0.583) (0.178) (0.850)
Constant 0.400∗∗∗ 0.524∗∗∗ 0.251∗∗∗ 0.331∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)
Observations 2,555 1,646 1,611 796
Adjusted R2 0.089 0.090 0.122 0.180
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Internet Appendix Table 6

Rumor Accuracy and Stock Returns: Longer Run-Up Period to Control

for the Staleness of the Rumor

This table reports results from tests identical to Tables 6, 7, and 8 of the main
paper, where the target returns in the run-up to the rumor date are calculated
over the twenty-day window (-20,-1).

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Panel A: Newsworthiness

Day 0 Return 0.281∗∗∗

(< 0.001)
Estimated deal likelihood 4.388∗∗∗

(< 0.001)
Estimated announcement return 0.077

(0.464)
Log(Target book assets) −0.274∗∗ −0.269∗∗ −0.252∗∗

(0.018) (0.022) (0.021)
Valuable brand −0.510∗ −0.474∗ −0.407∗ −0.041∗∗∗

(0.080) (0.075) (0.059) (0.007)
Advertising/Assets (%) −0.067∗∗ −0.069∗∗ −0.074∗∗ 0.001

(0.044) (0.028) (0.014) (0.748)
Industry sales to households 0.330 0.448 0.404 0.000

(0.302) (0.168) (0.288) (0.990)
Tobin’s Q −0.043 −0.029 −0.021 −0.005∗∗∗

(0.237) (0.458) (0.603) (0.006)
High R&D/Assets 0.006 0.005 −0.002 0.002∗

(0.849) (0.890) (0.941) (0.072)
Log(1+Distance) 0.006 −0.009 −0.013 0.003∗∗

(0.733) (0.626) (0.459) (0.022)
Returns(−20,−1) 0.388 0.546 1.015 −0.107

(0.448) (0.344) (0.209) (0.184)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 399 399 399 399
Pseudo/Adjusted R2 0.060 0.081 0.092 0.066

Panel B: Journalist Characteristics

Day 0 Return 0.472∗∗∗

(0.006)
continued on next page
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Internet Appendix Table 6 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Estimated deal likelihood 8.355∗∗∗

(< 0.001)
Estimated announcement return 0.102∗

(0.083)
Log(Journalist age) 1.490∗∗ 1.322∗∗ 1.333∗∗ 0.028

(0.013) (0.022) (0.010) (0.505)
UG degree: Business/econ 0.258 0.146 0.158 0.026

(0.629) (0.771) (0.715) (0.172)
UG degree: Journalism 1.197∗∗ 1.270∗∗∗ 1.250∗∗ 0.007

(0.010) (0.004) (0.014) (0.613)
UG degree: English 0.114 0.137 0.039 0.016

(0.754) (0.713) (0.922) (0.401)
UG degree: Poli-sci 0.275 0.273 0.106 0.019

(0.502) (0.496) (0.788) (0.166)
UG degree: History 0.580 0.595 0.400 0.018

(0.271) (0.199) (0.374) (0.462)
UG degree: Other 0.668 0.609 0.547 0.047

(0.108) (0.229) (0.266) (0.140)
SAT Score of College 0.016 0.012 0.013 0.000

(0.261) (0.372) (0.296) (0.707)
Expert in target industry 0.555∗ 0.524 0.540∗ 0.009

(0.085) (0.106) (0.079) (0.606)
New York-based 0.420∗ 0.283 0.080 0.040∗∗∗

(0.059) (0.332) (0.776) (0.001)
Award winner 0.188 0.267 0.523∗ −0.056∗

(0.483) (0.371) (0.078) (0.081)
Gender −0.521 −0.513 −0.452 −0.013

(0.159) (0.174) (0.201) (0.172)
Returns(−20,−1) 1.832∗ 2.059∗∗ 2.950∗∗∗ −0.111∗∗∗

(0.052) (0.025) (0.008) (< 0.001)
Log(Target book assets) −0.327∗∗∗ −0.322∗∗∗ −0.279∗∗∗

(< 0.001) (< 0.001) (< 0.001)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 296 296 296 296
Pseudo/Adjusted R2 0.205 0.235 0.266 0.102

Panel C: Artictle Text Characteristics

continued on next page
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Internet Appendix Table 6 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 0.271∗∗∗

(< 0.001)
Estimated deal likelihood 4.503∗∗∗

(< 0.001)
Estimated announcement return 0.084

(0.162)
Weak modal words (

(0.002) (0.002) (0.005) (0.524)
Anonymous source 0.383 0.369 0.301 0.025∗∗∗

(0.576) (0.587) (0.671) (< 0.001)
Has conversations −0.187 −0.056 −0.089 0.002

(0.723) (0.915) (0.869) (0.832)
Denied rumor 1.225∗∗ 1.121∗∗ 0.992 0.070∗∗

(0.014) (0.031) (0.105) (0.028)
Confirmed rumor −1.015 −0.991 −1.076 −0.003

(0.279) (0.262) (0.261) (0.832)
Couldn’t be reached 0.448 0.393 0.233 0.054∗∗∗

(0.206) (0.251) (0.475) (< 0.001)
Wasn’t asked −0.098 −0.059 −0.172 0.017∗

(0.832) (0.895) (0.701) (0.080)
Preliminary talks 0.725∗∗ 0.613∗ 0.587∗ 0.015

(0.019) (0.068) (0.080) (0.371)
In talks 1.317∗∗∗ 1.321∗∗∗ 1.345∗∗∗ −0.005

(< 0.001) (< 0.001) (< 0.001) (0.669)
Made offer 0.586 0.649 0.537 0.005

(0.551) (0.559) (0.589) (0.651)
Preparing bid 0.626 0.527 0.565 0.019

(0.526) (0.591) (0.555) (0.534)
For sale 0.352 0.576 0.437 −0.017

(0.480) (0.218) (0.408) (0.396)
Evaluating bids 0.963 0.951 1.035 −0.023

(0.457) (0.454) (0.410) (0.243)
Articles on scoop date (#) 0.165∗∗ 0.106 0.054 0.024∗∗

(0.047) (0.186) (0.437) (0.026)
Rumor in headline 0.000 −0.065 −0.016 0.006

(0.999) (0.923) (0.981) (0.663)
Number of bidders mentioned 0.098∗∗ 0.102∗∗∗ 0.103∗∗ −0.002

continued on next page
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Internet Appendix Table 6 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

(0.011) (0.008) (0.026) (0.594)
Price mentioned 0.661∗∗∗ 0.633∗∗∗ 0.671∗∗∗ 0.007

(0.002) (0.005) (0.004) (0.569)
Returns(−20,−1) 0.281 0.379 0.831 −0.118∗

(0.811) (0.743) (0.509) (0.091)
Log(Target book assets) −0.266∗∗ −0.256∗∗ −0.236∗

(0.021) (0.042) (0.057)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 372 372 372 372
Pseudo/Adjusted R2 0.224 0.237 0.245 0.171
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Internet Appendix Table 7

Equality of Coefficients: Seemingly Unrelated Regressions

This table reports chi-square statistics and p-values (in parentheses) from Wald
tests of the equality of the coefficient estimates in Tables 6, 7, and 8 of the main
paper between columns 1 and 2 and between columns 1 and 3, after adding the
Day 0 return, or the estimated deal likelihood, respectively, to the logit tests of
rumor accuracy. Wald tests are computed using estimates from seemingly unrelated
regression models, assuming errors are clustered at the industry level, as in the
main specifications. The null hypothesis is that the coefficients are equal in both
regressions. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and
∗.

Equality of Coefficients
after Including
Day 0 Returns

Equality of Coefficients
after Including

Estimated Deal Likelihood

(1) (2)

Panel A: Newsworthiness

Log(Target book assets) 0.579 0.873
(0.447) (0.350)

Valuable brand 1.132 1.650
(0.287) (0.199)

Advertising/Assets (%) 0.080 0.334
(0.778) (0.564)

Industry sales to households 0.749 0.093
(0.387) (0.761)

Tobin’s Q 6.690∗∗∗ 3.510∗

(0.010) (0.061)
High R&D/Assets 2.410 7.167∗∗∗

(0.121) (0.007)
Log(1+Distance) 2.239 3.375∗

(0.135) (0.066)
Returns(−5,−1) 2.131 3.033∗

(0.144) (0.082)

Panel B: Journalist Characteristics

Log(Journalist age) 1.529 0.134
(0.216) (0.714)

UG degree: Business/econ 1.989 0.693
(0.158) (0.405)

UG degree: Journalism 1.184 0.133
(0.277) (0.715)

continued on next page
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Internet Appendix Table 7 - Continued

Equality of Coefficients
after Including
Day 0 Returns

Equality of Coefficients
after Including

Estimated Deal Likelihood

(1) (2)

UG degree: English 0.006 1.074
(0.937) (0.300)

UG degree: Poli-sci 0.038 3.681∗

(0.846) (0.055)
UG degree: History 0.007 0.802

(0.931) (0.371)
UG degree: Other 0.569 1.672

(0.451) (0.196)
SAT Score of College 5.348∗∗ 0.701

(0.021) (0.402)
Expert in target industry 0.089 0.106

(0.765) (0.745)
New York-based 1.191 5.481∗∗

(0.275) (0.019)
Award winner 1.064 5.914∗∗

(0.302) (0.015)
Gender 0.241 1.105

(0.623) (0.293)
Returns(−5,−1) 5.620∗∗ 23.087∗∗∗

(0.018) (< 0.001)
Log(Target book assets) 0.856 9.893∗∗∗

(0.355) (0.002)

Panel C: Article Text Characteristics

Weak modal words (%) 1.717 0.633
(0.190) (0.426)

Anonymous source 0.001 1.516
(0.980) (0.218)

Has conversations 9.894∗∗∗ 5.587∗∗

(0.002) (0.018)
Denied rumor 0.324 1.994

(0.569) (0.158)
Confirmed rumor 0.021 0.378

(0.884) (0.539)
Couldn’t be reached 1.587 18.284∗∗∗

(0.208) (< 0.001)
Wasn’t asked 1.939 4.151∗∗

continued on next page
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Internet Appendix Table 7 - Continued

Equality of Coefficients
after Including
Day 0 Returns

Equality of Coefficients
after Including

Estimated Deal Likelihood

(1) (2)

(0.164) (0.042)
Preliminary talks 3.752∗ 5.198∗∗

(0.053) (0.023)
In talks 0.000 0.275

(0.989) (0.600)
Made offer 0.355 0.008

(0.551) (0.930)
Preparing bid 1.246 0.159

(0.264) (0.690)
For sale 3.657∗ 1.720

(0.056) (0.190)
Evaluating bids 0.018 5.136∗∗

(0.894) (0.023)
Articles on scoop date (#) 9.908∗∗∗ 9.338∗∗∗

(0.002) (0.002)
Rumor in headline 1.618 0.094

(0.203) (0.760)
Number of bidders mentioned 0.104 0.035

(0.747) (0.851)
Price mentioned 1.293 0.023

(0.255) (0.880)
Returns(−5,−1) 0.995 4.341∗∗

(0.318) (0.037)
Log(Target book assets) 2.170 3.917∗∗

(0.141) (0.048)
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Internet Appendix Table 8

Experience and Returns

This table reports results from tests identical to column four of Table 7 of the main paper and Internet Appendix
Table 14, where we include additional variables to measure experience by journalists or newspapers. Accuracy
rate of all prior scoops is the fraction of all prior scoop articles published by a journalist or newspaper that were
accurate. For co-authored articles, we take the average accuracy rates across the journalists. Accuracy rate of last
scoop is based only on the most recent scoop. Accuracy rate of last two (three) scoops are defined analagously.
Scoop number is the order number of a journalist’s or newspaper’s scoops, ordered by date. For co-authored
articles, we take the average across journalists. Days since last scoop is the number of days that have passed since
the last scoop reported by the journalist or newspaper, again averaging across journalists for co-authored articles.

Dependent variable: Return on Day 0

(1) (2) (3) (4) (5) (6)

Panel A: Journalists

Accuracy rate of all prior scoops 0.020
(0.476)

Accuracy rate of last scoop −0.018
(0.508)

Accuracy rate of last two scoops −0.023
(0.355)

Accuracy rate of last three scoops −0.008
(0.893)

Scoop number 0.000
(0.883)

Days since last scoop 0.000∗∗

(0.031)
Estimated announcement return 0.042 0.026 −0.138 −0.239 0.101∗ 0.077

(0.715) (0.767) (0.303) (0.269) (0.064) (0.328)
Log(Journalist age) 0.035 0.056 0.193 0.271∗ 0.028 0.130

(0.730) (0.638) (0.253) (0.072) (0.507) (0.184)
continued on next page
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Internet Appendix Table 8 - Continued

Dependent variable: Return on Day 0

(1) (2) (3) (4) (5) (6)

UG degree: Business/econ −0.006 0.005 0.015 0.007 0.020 −0.006
(0.596) (0.704) (0.368) (0.821) (0.197) (0.465)

UG degree: Journalism 0.005 0.011 0.011 0.026 0.008 0.002
(0.599) (0.354) (0.429) (0.143) (0.516) (0.880)

UG degree: English 0.004 0.005 0.018 0.017 0.015 0.012
(0.896) (0.874) (0.710) (0.779) (0.371) (0.689)

UG degree: Poli-sci 0.010 0.007 −0.005 0.015 0.020∗ 0.022
(0.632) (0.760) (0.874) (0.573) (0.099) (0.144)

UG degree: History −0.025 −0.021 0.006 −0.033 0.023 −0.015
(0.601) (0.666) (0.928) (0.582) (0.352) (0.778)

UG degree: Other 0.078∗ 0.082∗ 0.152∗∗ 0.183∗∗ 0.051 0.075∗

(0.076) (0.081) (0.026) (0.036) (0.117) (0.065)
SAT Score of College 0.000 0.000 −0.001 −0.002 0.000 0.001

(0.524) (0.550) (0.488) (0.399) (0.632) (0.403)
Expert in target industry 0.002 0.002 0.005 −0.018 0.003 0.002

(0.922) (0.905) (0.833) (0.443) (0.848) (0.915)
New York-based 0.045∗∗∗ 0.046∗∗∗ 0.081∗∗ 0.043 0.039∗∗∗ 0.042∗∗

(0.004) (0.008) (0.040) (0.303) (0.003) (0.018)
Award winner −0.079∗ −0.076∗ −0.116∗ −0.121∗ −0.057∗ −0.083∗

(0.099) (0.080) (0.079) (0.099) (0.071) (0.063)
Gender −0.011 −0.007 −0.007 −0.033 −0.009 −0.019

(0.638) (0.745) (0.830) (0.355) (0.339) (0.380)
Returns(−5,−1) −0.174∗ −0.167 −0.219∗∗∗ −0.398∗∗ −0.204∗∗∗ −0.288∗

(0.095) (0.104) (0.001) (0.036) (0.004) (0.087)
Observations 142 142 103 81 288 142
Adjusted R2 0.083 0.083 0.244 0.308 0.104 0.156

Panel B: Newspaper Characteristics

continued on next page
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Dependent variable: Return on Day 0

(1) (2) (3) (4) (5) (6)

Accuracy rate of all prior scoops 0.002
(0.898)

Accuracy rate of last scoop −0.006
(0.554)

Accuracy rate of last two scoops 0.039∗

(0.089)
Accuracy rate of last three scoops 0.052∗

(0.080)
Scoop number 0.000

(0.533)
Days since last scoop 0.000

(0.950)
Estimated announcement return 0.138∗∗ 0.135∗∗ 0.121∗∗ 0.105∗ 0.135∗∗∗ 0.138∗∗

(0.010) (0.015) (0.041) (0.094) (0.004) (0.015)
Family-run media company −0.006 −0.006 −0.016 −0.025∗ −0.009 −0.006

(0.635) (0.642) (0.202) (0.064) (0.188) (0.619)
Log(Newspaper age) 0.011∗ 0.012∗∗ 0.007 0.006 0.009∗∗ 0.011∗

(0.050) (0.014) (0.189) (0.476) (0.035) (0.054)
Log(Newspaper circulation) 0.004 0.003 0.009∗ 0.004 0.002 0.004

(0.377) (0.477) (0.063) (0.469) (0.749) (0.240)
Returns(−5,−1) −0.208∗∗ −0.207∗∗ −0.209∗ −0.220∗∗ −0.191∗∗ −0.208∗∗

(0.042) (0.041) (0.056) (0.045) (0.039) (0.041)
Observations 342 342 310 289 390 342
Adjusted R2 0.043 0.043 0.043 0.045 0.050 0.043
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Internet Appendix Table 9
Rumor Accuracy and Experience
This table reports results from tests identical to column one of Table 7 of the main paper and
Internet Appendix Table 14, where we include additional variables to measure experience by
journalists or newspapers. Accuracy rate of all prior scoops is the fraction of all prior scoop
articles published by a journalist or newspaper that were accurate. For co-authored articles, we
take the average accuracy rates across the journalists. Accuracy rate of last scoop is based only on
the most recent scoop. Scoop number is the order number of a journalist’s or newspaper’s scoops,
ordered by date. For co-authored articles, we take the average across journalists. Days since last

scoop is the number of days that have passed since the last scoop reported by the journalist or
newspaper, again averaging across journalists for co-authored articles.

Dependent variable: Rumor Comes True

(1) (2) (3) (4)

Panel A: Journalist Characteristics

Accuracy rate of all prior scoops −0.040
(0.980)

Accuracy rate of last scoop 0.975
(0.440)

Scoop number −0.077
(0.143)

Days since last scoop −0.001∗

(0.077)
Log(Journalist age) 3.682∗ 2.856 1.320∗∗ 5.012∗∗

(0.079) (0.344) (0.047) (0.047)
UG degree: Business/econ −0.500 −0.872 −0.014 −0.464

(0.499) (0.411) (0.983) (0.373)
UG degree: Journalism 1.543∗∗ 1.313∗ 1.138∗∗∗ 1.491∗∗∗

(0.014) (0.085) (0.008) (< 0.001)
UG degree: English −0.078 −0.015 0.123 0.095

(0.914) (0.983) (0.723) (0.912)
UG degree: Poli-sci −0.998∗∗∗ −0.972∗∗∗ 0.199 −0.778∗∗∗

(0.002) (< 0.001) (0.615) (< 0.001)
UG degree: History 1.045 0.988 0.409 1.063

(0.392) (0.364) (0.446) (0.260)
UG degree: Other −0.534 −0.615 0.669∗ −0.551

(0.266) (0.184) (0.065) (0.369)
SAT Score of College 0.031 0.030∗∗ 0.017 0.033∗

(0.198) (0.030) (0.234) (0.051)
Expert in target industry 1.764∗∗∗ 1.764∗∗∗ 0.658∗∗ 1.878∗∗∗

(0.003) (0.003) (0.039) (< 0.001)
New York-based 1.394 1.651∗ 0.589∗∗ 1.444

(0.206) (0.056) (0.019) (0.183)
continued on next page
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Dependent variable: Rumor Comes True

(1) (2) (3) (4)

Award winner 0.721 0.790 0.397 0.594
(0.459) (0.298) (0.185) (0.377)

Gender −0.476 −0.384 −0.453 −0.456
(0.150) (0.378) (0.195) (0.151)

Returns(−5,−1) 2.235∗∗ 1.657∗ 2.200∗∗∗ 1.485
(0.040) (0.085) (0.004) (0.386)

Log(Target book assets) −0.096∗ −0.103∗ −0.339∗∗∗ −0.093
(0.089) (0.064) (< 0.001) (0.112)

Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 137 137 286 137
Pseudo R2 0.346 0.355 0.196 0.362

Panel B: Newspaper Characteristics

Accuracy rate of all prior scoops −0.289
(0.580)

Accuracy rate of last scoop −0.464
(0.167)

Scoop number 0.006
(0.163)

Days since last scoop −0.001
(0.246)

Family-run media company 0.269 0.245 0.068 0.166
(0.401) (0.474) (0.792) (0.635)

Log(Newspaper age) 0.010 0.094 −0.097 −0.029
(0.944) (0.502) (0.499) (0.812)

Log(Newspaper circulation) 0.115 0.037 −0.243 0.019
(0.391) (0.829) (0.104) (0.894)

Returns(−5,−1) −0.259 −0.214 −0.262 −0.257
(0.750) (0.799) (0.629) (0.762)

Log(Target book assets) −0.274∗∗∗ −0.265∗∗∗ −0.271∗∗∗ −0.267∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)
Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 341 341 390 341
Pseudo R2 0.111 0.113 0.105 0.115
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Internet Appendix Table 10

Rumor Accuracy and Stock Returns: Journalist Fixed Effects

This table examines the relationship between journalist fixed effects and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day
the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if
a merger rumor came true within one year of the first rumor date. Column 4
presents OLS regression coefficients where the dependent variable is the rumor
target’s abnormal stock return on the date the first rumor article is published.
Abnormal returns are calculated as the target returns minus the CRSP value-
weighted index return. Variables are defined in the appendix. Industry fixed
effects include Fama-French 17 industry codes. Fixed effects include all journalists
with at least five scoops. For brevity, we report coefficients for the 12 most prolific
journalists. Standard errors are clustered at the industry level and p-values are
reported in parentheses. Significance at the 1%, 5%, and 10% levels is indicated
by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 4.301∗∗∗

(< 0.001)

Estimated deal likelihood 0.317∗∗∗

(0.001)

Estimated announcement return 0.135∗∗

(0.034)

Dennis K. Berman 1.791∗∗∗ 1.773∗∗∗ 1.769∗∗∗ 0.003
(< 0.001) (< 0.001) (< 0.001) (0.584)

Andrew Ross Sorkin 1.641∗∗∗ 1.266∗∗ 1.458∗∗ 0.093
(0.005) (0.014) (0.013) (0.185)

Nikhil Deogun −0.488 −0.531 −0.563 −0.016
(0.592) (0.528) (0.525) (0.210)

Robert Frank −14.700∗∗∗ −14.540∗∗∗ −14.600∗∗∗ −0.050∗∗∗

(< 0.001) (< 0.001) (< 0.001) (0.001)

Robin Sidel 2.113∗∗ 2.022∗∗∗ 2.340∗∗ 0.018
(0.011) (0.002) (0.018) (0.374)

Anupreeta Das −0.083 −0.104 −0.227 0.030
(0.708) (0.651) (0.284) (0.265)

continued on next page
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Internet Appendix Table 10 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Michael J. De La Merced −2.408∗ −1.948 −2.200∗ −0.116
(0.058) (0.147) (0.091) (0.199)

Jeffrey McCracken 0.408 0.664 0.690 −0.019
(0.640) (0.438) (0.460) (0.119)

Anita Raghavan −0.893∗ −1.323∗∗∗ −1.213∗∗∗ 0.054
(0.066) (0.001) (< 0.001) (0.327)

Suzanne Kapner 0.792 0.932 0.855 −0.019
(0.230) (0.247) (0.221) (0.426)

Sarah Ellison 0.049 −0.118 −0.155 0.035
(0.972) (0.938) (0.916) (0.238)

Erica Copulsky 0.776 0.836 0.805 −0.024
(0.160) (0.219) (0.160) (0.277)

Returns(−5,−1) 0.197 1.411∗∗ 0.717 −0.245∗

(0.728) (0.050) (0.220) (0.081)

Log(Target book assets) −0.309∗∗∗ −0.280∗∗∗ −0.300∗∗∗

(< 0.001) (0.006) (0.003)

Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 406 406 406 406
Pseudo/Adjusted R2 0.174 0.198 0.192 0.103
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Internet Appendix Table 11

Rumor Accuracy and Stock Returns:

Article Characteristics and Journalist Fixed Effects

This table examines the relationship between article characteristics and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day
the rumor is first published, while controlling for journalist fixed effects. Columns
1–3 present fixed effect logit regression coefficients in which the dependent variable
is a dummy variable equal to one if a merger rumor came true within one year
of the first rumor date. Column 4 presents OLS regression coefficients where the
dependent variable is the rumor target’s abnormal stock return on the date the
first rumor article is published. Abnormal returns are calculated as the target
returns minus the CRSP value-weighted index return. Variables are defined in the
appendix. Industry fixed effects include Fama-French 17 industry codes. Fixed
effects include all journalists with at least five scoops. For brevity, we report
coefficients for the 12 most prolific journalists. Standard errors are clustered at
the industry level and p-values are reported in parentheses. Significance at the 1%,
5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 4.625∗∗∗

(< 0.001)

Estimated deal likelihood 0.302∗∗∗

(0.001)

Estimated announcement return 0.082
(0.238)

Weak modal words (%) −0.755∗∗∗ −0.809∗∗ −0.784∗∗∗ 0.007
(0.008) (0.011) (0.009) (0.245)

Anonymous source 0.351 0.274 0.340 0.018∗∗∗

(0.611) (0.704) (0.614) (0.002)

Target response
Has conversations 0.109 0.245 0.259 −0.009

(0.842) (0.664) (0.650) (0.383)

Confirmed rumor 1.346∗∗∗ 1.162∗∗∗ 1.107∗∗∗ 0.070∗∗∗

(< 0.001) (< 0.001) (< 0.001) (0.005)

Denied rumor −0.978 −1.034 −0.950 0.001
(0.350) (0.337) (0.345) (0.945)

continued on next page
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Internet Appendix Table 11 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Couldn’t be reached 0.438 0.255 0.393 0.041∗∗∗

(0.255) (0.499) (0.306) (< 0.001)

Wasn’t asked 0.048 0.009 0.104 0.011
(0.930) (0.986) (0.849) (0.360)

Merger stage
Preliminary talks 0.666 0.584 0.549 0.015

(0.114) (0.188) (0.215) (0.307)

In talks 1.519∗∗∗ 1.570∗∗∗ 1.543∗∗∗ −0.007
(< 0.001) (< 0.001) (< 0.001) (0.603)

Made offer 0.278 0.281 0.369 −0.004
(0.708) (0.709) (0.656) (0.746)

Preparing bid 0.301 0.254 0.194 0.016
(0.737) (0.751) (0.828) (0.627)

For sale 0.038 0.160 0.321 −0.017
(0.958) (0.832) (0.661) (0.245)

Evaluating bids 1.428 1.645 1.414 −0.032∗

(0.273) (0.218) (0.310) (0.060)

Articles on scoop date (#) 0.150 0.040 0.085 0.021∗∗

(0.107) (0.665) (0.378) (0.029)

Rumor in headline −0.094 −0.086 −0.163 0.000
(0.881) (0.894) (0.798) (0.990)

Number of bidders mentioned 0.130∗∗∗ 0.139∗∗∗ 0.138∗∗∗ −0.001
(< 0.001) (< 0.001) (< 0.001) (0.712)

Price mentioned 0.720∗∗∗ 0.686∗∗ 0.658∗∗ 0.011
(0.008) (0.014) (0.013) (0.357)

Journalist Fixed Effects
Dennis K. Berman 1.403∗∗∗ 1.373∗∗∗ 1.376∗∗∗ 0.002

(< 0.001) (< 0.001) (< 0.001) (0.814)

Andrew Ross Sorkin 0.212 −0.083 0.100 0.047
(0.869) (0.947) (0.941) (0.239)

Nikhil Deogun −0.340 −0.398 −0.369 0.002
continued on next page
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Internet Appendix Table 11 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

(0.656) (0.567) (0.618) (0.836)

Robert Frank −17.740∗∗∗ −16.720∗∗∗ −16.920∗∗∗ −0.052∗∗

(< 0.001) (< 0.001) (< 0.001) (0.017)

Robin Sidel 1.940∗∗ 1.801∗∗ 2.265∗∗ 0.002
(0.027) (0.016) (0.027) (0.934)

Anupreeta Das −0.974∗∗∗ −0.691∗∗∗ −0.786∗∗∗ −0.034
(< 0.001) (0.007) (0.005) (0.223)

Michael J. De La Merced −1.977 −1.677 −1.848 −0.050
(0.154) (0.218) (0.210) (0.403)

Jeffrey McCracken −0.818 −0.577 −0.302 −0.030∗∗

(0.502) (0.642) (0.818) (0.044)

Anita Raghavan −1.100 −1.491∗ −1.286∗ 0.040
(0.151) (0.059) (0.092) (0.433)

Suzanne Kapner 0.545 0.694 0.548 −0.015
(0.321) (0.291) (0.335) (0.556)

Sarah Ellison −0.714 −0.835 −0.829 0.035
(0.442) (0.395) (0.405) (0.145)

Erica Copulsky 0.363 0.300 0.112 −0.010
(0.277) (0.516) (0.761) (0.735)

Returns(−5,−1) −0.183 1.036 0.275 −0.257∗

(0.834) (0.212) (0.737) (0.065)

Log(Target book assets) −0.289∗∗ −0.260∗∗ −0.280∗∗

(0.015) (0.040) (0.033)

Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 372 372 372 372
Pseudo/Adjusted R2 0.288 0.306 0.301 0.197
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Internet Appendix Table 12

Rumor Accuracy and Stock Returns:

Article Characteristics and Media Source Fixed Effects

This table examines the relationship between article characteristics and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day the
rumor is first published, while controlling for newspaper fixed effects. Columns
1–3 present fixed effect logit regression coefficients in which the dependent vari-
able is a dummy variable equal to one if a merger rumor came true within one
year of the first rumor date. Column 4 presents OLS regression coefficients where
the dependent variable is the rumor target’s abnormal stock return on the date
the first rumor article is published. Abnormal returns are calculated as the target
returns minus the CRSP value-weighted index return. Variables are defined in the
appendix. Industry fixed effects include Fama-French 17 industry codes. News-
paper fixed effects include newspapers with at least five scoop articles. Standard
errors are clustered at the industry level and p-values are reported in parentheses.
Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 4.967∗∗∗

(< 0.001)
Estimated deal likelihood 0.313∗∗∗

(0.007)
Estimated announcement return 0.107

(0.107)
Weak modal words (%) −0.840∗∗∗ −0.875∗∗ −0.855∗∗∗ 0.005

(0.005) (0.011) (0.004) (0.412)

Anonymous source 0.482 0.442 0.524 0.017∗∗

(0.509) (0.561) (0.474) (0.030)
Target response

Has conversations −0.257 −0.116 −0.049 −0.010
(0.531) (0.787) (0.905) (0.342)

Confirmed rumor 1.205 0.954 1.133 0.066∗∗

(0.127) (0.258) (0.134) (0.024)

Denied rumor −1.099 −1.084 −1.052 0.000
(0.308) (0.312) (0.302) (0.977)

Couldn’t be reached 0.269 0.143 0.271 0.040∗∗∗

(0.422) (0.673) (0.404) (< 0.001)

Wasn’t asked −0.234 −0.260 −0.169 0.013
continued on next page
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Internet Appendix Table 12 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

(0.660) (0.630) (0.760) (0.306)
Merger stage

Preliminary talks 0.763∗∗∗ 0.628∗∗ 0.640∗∗ 0.016
(0.006) (0.028) (0.019) (0.257)

In talks 1.323∗∗∗ 1.365∗∗∗ 1.335∗∗∗ −0.009
(0.001) (0.001) (0.001) (0.565)

Made offer 0.916 0.916 0.996 −0.009
(0.283) (0.235) (0.313) (0.664)

Preparing bid 0.610 0.592 0.524 0.013
(0.495) (0.500) (0.555) (0.692)

For sale 0.092 0.273 0.394 −0.029
(0.884) (0.708) (0.554) (0.125)

Evaluating bids 0.912 1.043 0.922 −0.027∗

(0.488) (0.449) (0.484) (0.082)

Articles on scoop date (#) 0.142∗ 0.026 0.077 0.021∗∗

(0.067) (0.728) (0.339) (0.046)

Rumor in headline 0.079 0.077 0.003 0.004
(0.917) (0.921) (0.997) (0.758)

Number of bidders mentioned 0.115∗∗ 0.116∗∗ 0.118∗∗∗ 0.000
(0.012) (0.049) (0.009) (0.874)

Price mentioned 0.734∗∗∗ 0.747∗∗∗ 0.711∗∗∗ 0.010
(< 0.001) (< 0.001) (< 0.001) (0.418)

Returns(−5,−1) −0.236 0.989 0.256 −0.279∗

(0.720) (0.207) (0.741) (0.058)

Log(Target book assets) −0.271∗∗∗ −0.243∗∗∗ −0.249∗∗∗

(< 0.001) (0.002) (0.002)
Newspaper fixed effects Yes Yes Yes Yes
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 372 372 372 372
Pseudo/Adjusted R2 0.255 0.277 0.271 0.190
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Internet Appendix Table 13

Rumor Accuracy and Stock Returns: Newspaper Fixed Effects

This table examines the relationship between newspaper fixed effects and 1) the
likelihood that a rumor comes true and 2) the target stock returns on the day
the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if a
merger rumor came true within one year of the first rumor date. Column 4 presents
OLS regression coefficients where the dependent variable is the rumor target’s
abnormal stock return on the date the first rumor article is published. Abnormal
returns are calculated as the target returns minus the CRSP value-weighted index
return. Variables are defined in the appendix. Industry fixed effects include Fama-
French 17 industry codes. Newspaper fixed effects include all media sources with
at least five scoop articles. We only report the coefficients for the most prolific
US-based newspapers. Standard errors are clustered at the industry level and p-
values are reported in parentheses. Significance at the 1%, 5%, and 10% levels is
indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 5.053∗∗∗

(< 0.001)

Estimated deal likelihood 0.348∗∗∗

(0.005)

Estimated announcement return 0.153∗∗

(0.012)

Wall Street Journal 0.482 0.587 0.611 −0.008
(0.402) (0.299) (0.279) (0.601)

New York Times 0.427 0.285 0.385 0.027
(0.378) (0.525) (0.417) (0.134)

New York Post 0.621 0.675 0.720 −0.002
(0.458) (0.466) (0.391) (0.911)

Barron’s 0.155 0.341 0.435 −0.021
(0.823) (0.630) (0.484) (0.211)

Bloomberg 2.711∗∗∗ 2.638∗∗ 2.708∗∗∗ 0.060∗∗

(0.009) (0.012) (0.006) (0.037)

Boston Globe −0.087 0.379 0.247 −0.045∗∗∗

(0.888) (0.543) (0.719) (0.010)
continued on next page
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Internet Appendix Table 13 - Continued

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Los Angeles Times 0.668 1.069 0.791 −0.042∗∗

(0.651) (0.454) (0.556) (0.015)

Denver Post −0.195 0.100 −0.009 −0.058∗∗∗

(0.881) (0.937) (0.994) (0.003)

Pittsburgh Post-Gazette 1.157∗ 1.161∗ 1.070∗ 0.004
(0.066) (0.057) (0.063) (0.896)

Returns(−5,−1) −0.139 1.429∗ 0.456 −0.277∗∗

(0.796) (0.074) (0.457) (0.036)

Log(Target book assets) −0.254∗∗∗ −0.225∗∗∗ −0.246∗∗∗

(< 0.001) (0.002) (0.002)

Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 406 406 406 406
Pseudo/Adjusted R2 0.132 0.166 0.155 0.080
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Internet Appendix Table 14

Rumor Accuracy and Stock Returns: Newspaper Characteristics

This table examines the relationship between newspaper characteristics and 1)
the likelihood that a rumor comes true and 2) the target stock returns on the
day the rumor is first published. Columns 1–3 present fixed effect logit regression
coefficients in which the dependent variable is a dummy variable equal to one if a
merger rumor came true within one year of the first rumor date. Column 4 presents
OLS regression coefficients where the dependent variable is the rumor target’s
abnormal stock return on the date the first rumor article is published. Abnormal
returns are calculated as the target returns minus the CRSP value-weighted index
return. Variables are defined in the appendix. Industry fixed effects include Fama-
French 17 industry codes. Standard errors are clustered at the industry level and
p-values are reported in parentheses. Significance at the 1%, 5%, and 10% levels
is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True
Return
Day 0

(1) (2) (3) (4)

Day 0 Return 6.192∗∗∗

(< 0.001)
Estimated deal likelihood 0.378∗∗∗

(0.002)
Estimated announcement return 0.138∗∗∗

(0.005)
Family-run media company 0.240 0.269 0.284 −0.005

(0.459) (0.383) (0.342) (0.618)
Log(Newspaper age) −0.097 −0.153 −0.107 0.009∗∗

(0.507) (0.335) (0.482) (0.030)
Log(Newspaper Circulation) −0.048 −0.088 −0.036 0.005∗

(0.685) (0.501) (0.752) (0.092)
Returns(−5,−1) −0.190 1.120∗ 0.289 −0.194∗∗

(0.725) (0.093) (0.590) (0.037)
Log(Target book assets) −0.271∗∗∗ −0.239∗∗∗ −0.268∗∗∗

(< 0.001) (0.002) (0.001)
Industry fixed effects Yes Yes Yes No
Year fixed effects Yes Yes Yes No
Observations 390 390 390 390
Pseudo/Adjusted R2 0.101 0.147 0.128 0.050
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Internet Appendix Table 15

Correlations between Newsworthiness and Article Text Characteristics

Correlations are reported in percentages. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Weak modal words (%) 0.1 1.3 12.8∗∗∗ 1.2 3.1 12.0∗∗ −5.2
Anonymous source 4.2 −7.6∗ −4.8 7.9∗ −4.4 −5.6 −4.8
No comment 11.6∗∗ 3.5 −0.2 2.7 −3.2 −6.5 −5.2
Has conversations −2.2 1.2 −3.4 −7.1 −1.8 −0.3 −8.2∗

Confirmed rumor −0.2 −1.5 1.3 −4.8 −7.6 −6.0 −1.1
Denied rumor 4.1 3.0 −0.6 −1.6 −0.2 5.5 7.8∗

Couldn’t be reached −19.4∗∗∗ −9.0∗∗ 5.9 0.1 1.2 3.5 −1.6
Wasn’t asked −2.1 0.7 −2.7 1.0 5.6 4.7 5.3
Speculation −1.2 −0.6 9.7∗∗ 6.2 1.3 7.4 0.2
Preliminary talks 8.2∗ 0.6 −4.7 1.6 −10.6∗∗ −4.0 4.7
In talks −3.8 3.7 −6.9 −6.7 4.8 −3.1 −3.5
Made offer −3.8 −4.8 2.3 −2.8 1.7 2.8 −1.0
Preparing bid 2.5 −2.4 −2.8 2.9 −4.0 −1.8 7.6∗

For sale 1.5 −1.5 −3.7 0.7 4.2 −4.4 −7.4
Evaluating bids 0.0 1.7 1.3 −4.5 −0.2 −5.0 1.7
Articles on scoop date (#) 2.3 4.6 2.1 −3.3 −1.6 2.3 9.9∗∗

Rumor in headline −5.3 0.1 7.4 1.7 −1.9 −0.9 −5.2
Number of bidders mentioned 10.4∗∗ 3.6 −0.8 −0.8 −6.6 1.3 −9.2∗∗

Price mentioned −5.2 −0.2 −0.4 2.2 3.9 1.2 4.1
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Internet Appendix Table 16

Correlations between Newsworthiness and Journalist Characteristics

Correlations are reported in percentages. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Log(Journalist age) 11.2∗∗ 0.1 −12.5∗∗ −11.4∗∗ 1.5 −6.9 1.2
UG: Business & Economics −3.3 −0.3 −1.6 −5.4 −5.3 −4.4 −0.1
UG: Journalism 3.0 7.6∗ 6.6 5.0 −0.7 7.7∗ 2.2
UG: English 2.0 0.9 7.8∗ 2.9 6.9 1.4 −1.7
UG: Political Science 8.4∗ 3.1 −8.9∗∗ −0.3 −4.3 −6.0 5.8
UG: History −1.2 −0.3 −8.3∗ −7.7∗ −3.5 −5.7 3.7
UG: Other 2.3 −3.7 −1.1 2.0 −0.6 −3.1 −1.2
College SAT Percentile 2.0 2.0 1.1 7.0 −2.8 −10.0∗∗ −4.6
Expert in target industry 14.5∗∗∗ 6.6 −13.0∗∗∗ −1.6 −0.1 −9.6∗∗ −9.7∗∗

New York-based −5.4 −4.2 5.1 10.8∗∗ 3.9 −5.3 2.8
Award winner 2.3 −1.7 −3.0 −0.7 −1.2 −11.7∗∗ 0.5
Gender −5.1 4.6 11.9∗∗ 14.3∗∗∗ −5.8 −6.0 2.6
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Internet Appendix Table 17

Correlations between Journalist and Article Text Characteristics

Correlations are reported in percentages. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.
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Weak model words (%) −3.2 −0.9 −10.1∗∗ 2.3 3.3 −10.6∗∗ −5.9 −7.2 −6.8 −2.6 −5.2 3.4
Anonymous source 6.2 −1.1 −0.2 4.3 7.0 4.9 5.8 3.0 8.0∗ 14.2∗∗∗ 10.6∗∗ −0.9
No comment −2.6 −3.5 8.7∗ 9.6∗∗ −5.8 3.0 7.5∗ 5.8 5.5 12.5∗∗ 10.6∗∗ 4.3
Has conversations 7.7 −2.7 4.3 −5.2 8.1∗ −2.7 −4.6 2.7 1.5 −4.8 −4.7 −4.0
Confirmed rumor −1.1 −0.2 −4.2 −1.0 −0.3 4.3 −5.3 0.6 −3.0 −8.9∗ −8.9∗ −4.7
Denied rumor 5.2 −1.1 −5.6 7.7∗ −1.4 −5.3 −0.8 0.5 −4.3 −8.3∗ 0.6 3.1
Couldn’t be reached 2.8 3.6 6.4 −6.7 5.5 −5.1 −0.6 7.4∗ 3.3 9.4∗ 0.7 3.8
Wasn’t asked −2.4 2.6 −9.8∗∗ −7.7∗ 1.8 0.9 −4.2 −11.2∗∗ −5.1 −10.7∗∗ −7.2 −5.4
Speculation 3.0 3.7 −8.0∗ −13.0∗∗∗ −3.5 −12.4∗∗∗ −12.8∗∗∗ −12.7∗∗∗ −12.5∗∗∗ −14.5∗∗∗ −9.3∗ 1.1
Preliminary talks −4.9 −2.4 2.5 5.2 −1.2 −2.4 8.5∗ 5.3 5.7 −4.7 4.4 1.3
In talks 2.3 −3.4 7.7∗ 9.6∗∗ 7.3 9.3∗∗ 11.3∗∗ 16.3∗∗∗ 17.1∗∗∗ 18.1∗∗∗ 6.3 0.1
Made offer −3.8 5.0 −5.6 4.0 −0.7 5.0 −0.8 −4.1 −4.3 1.4 5.2 5.5
Preparing bid 5.2 −5.1 −5.1 0.6 −4.3 3.5 −3.2 −10.6∗∗ −9.4∗∗ 1.6 −4.3 −8.1
For sale −4.3 −0.2 4.0 −3.8 −0.3 4.3 0.7 −2.4 −3.0 −1.2 −1.1 0.3
Evaluating bids −2.9 2.0 9.6∗∗ 3.2 −1.3 2.0 −2.8 6.6 2.1 0.2 1.9 −4.9
Articles on scoop date −7.0 −3.6 22.0∗∗∗ −8.3∗ 6.1 3.6 16.0∗∗∗ 9.9∗∗ 5.4 22.3∗∗∗ 3.6 2.1
Rumor in headline −1.8 4.6 3.9 6.8 4.9 0.0 3.3 5.8 5.3 4.6 6.6 −8.8∗

# of bidders mentioned −6.7 −1.9 4.3 9.9∗∗ 2.2 2.9 3.0 11.0∗∗ −2.7 −2.8 1.7 0.6
Price mentioned −9.9∗ 2.1 1.5 6.0 6.0 2.1 5.9 3.8 −2.2 16.1∗∗∗ 4.9 1.0
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Internet Appendix Table 18

Discussion of Rumors in Merger Agreements

This table provides evidence on the effects of media rumors on the takeover process
discussed in merger agreements. The sample contains 95 merger agreements filed
for takeovers in the main sample, all of which were accompanied by a merger
rumor in the media. Panel A documents the frequency of discussions of merger
rumors in merger agreements. Panel B tabulates the frequency of the real effects
of merger rumors on the takeover process discussed in merger agreements. The
reported percentages do not add up to one hundred because some discussions
appear in multiple sections of the merger agreement and mention multiple effects
of the rumor on the takeover process. Sample disclosures in merger agreements
that illustrate each category of real effects on the takeover process are provided in
the Internet Appendix.

Panel A: Frequency of discussions about rumors in merger agreements

Percent of merger agreements that mention a rumor in the media 50.50%

For agreements mentioning a rumor, the rumor is discussed in:
Background of the Merger 68.80%

Opinion of Financial Advisers 41.70%

Reasons for the Merger and Recommendations of the Boards of Directors 25.00%

Market Value Analysis 4.20%

Executive Summary or Introduction 4.20%

Appendix 2.10%

Panel B: Real effects of rumors discussed in merger agreements

Effect of the rumor on the targets stock price is recognized, and the takeover
premium is calculated based on stock prices before the rumor 62.50%

Effect of the rumor on the targets stock price is recognized, but the effect
effect on the takeover premium is not explicitly discussed 12.50%

Negotiation process is expedited 4.20%

Negotiating parties hold an unscheduled meeting in response to the rumor 20.80%

Comment or press release is issued in response to the rumor 14.60%

Negotiating parties express concerns about the rumor 8.30%

Rumor is mentioned, but no specific response is indicated 8.30%
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Internet Appendix Table 19

Bidder Characteristics in Rumors Versus Actual Mergers

This table presents average characteristics of the bidder firms in the rumor sample
compared to bidders in actual mergers. When there is more than one bidder named
in a rumor article, we calculate the median bidder characteristics for that rumor.
Bidders in actual mergers are taken from SDC over the period 2000-2011 and
exclude mergers that are in the rumor sample. The column denoted ‘All Mergers’
includes private, public, and subsidiary mergers of targets across the globe, where
deals must be worth at least $250 million. Mergers in the column denoted ‘Large
Public Bidders’ include the subset of public bidders where the minimum bidder
book assets is set such that the average firm in the subsample has the same book
assets as the average firm in the rumor sample. The column ‘US Merger Bidders’
only includes bidders in the US, but does not constrain size or public status of the
target. The numbers in parentheses are p-values from t-tests of the average of each
merger column with the rumor column average. Significance at the 1%, 5%, and
10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Rumors
All

Mergers
Large Public

Bidders
US Merger
Bidders

Public target (%) 81.14 52.61∗∗∗ 100.00∗∗∗ 55.72∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Log(Target book assets) 10.52 8.81∗∗∗ 10.52 8.57∗∗∗

(< 0.001) (0.999) (< 0.001)

Valuable brand (%) 38.32 5.52∗∗∗ 17.74∗∗∗ 6.18∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Advertising/Assets (%) 0.90 0.14∗∗∗ 0.19∗∗∗ 0.39∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Industry sales to households (%) 36.36 30.49∗∗∗ 33.43∗∗ 29.20∗∗∗

(< 0.001) (0.019) (< 0.001)

Tobin’s Q 2.08 1.67∗∗∗ 1.40∗∗∗ 2.00
(< 0.001) (< 0.001) (0.496)

R&D/Assets (%) 4.61 1.39∗∗∗ 1.17∗∗∗ 2.27∗∗∗

(< 0.001) (< 0.001) (< 0.001)

Foreign (%) 28.46 65.62∗∗∗ 69.13∗∗∗ 0.00∗∗∗

(< 0.001) (< 0.001) (< 0.001)
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Internet Appendix Table 20

The Likelihood of Rumors: Bidders vs. Targets

Panel A presents OLS linear probability models of the probability that a rumor
article will be published about a potential merger. The dependent variable equals
one if a rumor article was published about the target. Observations include targets
discussed in 501 merger rumors published in newspapers as well as targets of actual
merger bids announced in 2000-2011. Panel B presents Wald tests of the equation,
Target characteristic − Bidder characteristic= 0, for each of the explanatory vari-
ables. This tests whether coefficients on target variables are larger than coefficients
on bidder variables. The numbers in parentheses are p-values from standard er-
rors clustered at the industry level. Significance at the 1%, 5%, and 10% levels is
indicated by ∗∗∗, ∗∗, and ∗.

(1) (2)

Panel A: Linear Probabilty Model

Public target 0.039∗∗∗

(< 0.001)
Public bidder 0.010∗∗

(0.046)
Target valuable brand 0.413∗∗∗ 0.332∗∗∗

(< 0.001) (< 0.001)
Bidder valuable brand 0.119∗∗∗ 0.106∗∗∗

(< 0.001) (0.003)
Target industry sales to households 0.018∗ −0.013

(0.051) (0.474)
Bidder industry sales to households −0.002 0.004

(0.802) (0.882)
Foreign target −0.029∗∗∗ −0.020

(< 0.001) (0.333)
Foreign bidder −0.018∗∗∗ −0.003

(0.008) (0.816)
Target Advertising/Assets (%) 0.010∗∗∗

(0.009)
Bidder Advertising/Assets (%) 0.006∗∗

(0.032)
Log(Target book assets) 0.021∗∗∗

(0.005)
Log(Bidder book assets) −0.006∗∗∗

(0.002)
Target R&D/Assets (%) 0.157

(0.249)
Bidder R&D/Assets (%) 0.510∗∗

continued on next page
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Internet Appendix Table 20 - Continued

(1) (2)

(0.019)
Target Q 0.015∗∗∗

(0.003)
Bidder Q 0.012∗∗∗

(< 0.001)
Target and bidder industry fixed effects Yes Yes
Year fixed effects Yes Yes
Observations 16,962 2,850
Adjusted R2 0.170 0.315

Panel B: Wald Tests of Target Coefficients Minus Bidder Coefficients

Public 0.029∗∗∗

(< 0.001)
Valuable brand 0.294∗∗∗ 0.226∗∗∗

(< 0.001) (0.002)
Industry sales to households 0.020 −0.017

(0.125) (0.675)
Foreign −0.011 −0.017

(0.174) (0.619)
Advertising/Assets (%) 0.004

(0.415)
Log(Book assets) 0.027∗∗∗

(0.003)
R&D/Assets (%) −0.353

(0.251)
Q 0.004

(0.227)
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Internet Appendix Table 21

Bidder Abnormal Event Returns and Reversals

This table reports average cumulative abnormal returns in percentages for the
median bidder listed in a rumor article. Abnormal returns are raw returns minus
the CRSP value-weighted index. Rumors that came true are those in which an
official takeover announcement was made within one year of the first report of the
rumor in the press. The numbers in parentheses are p-values. Significance at the
1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Rumor Came True

All Yes No Difference

Panel A: Rumor Publication Date

Day 0 −0.100 −0.237 −0.027 −0.210
(0.586) (0.539) (0.890) (0.626)

Panel B: Run-up Period

Days [−20,−1] 1.502∗∗ 2.498 0.968∗ 1.529
(0.029) (0.137) (0.085) (0.386)

Days [−10,−1] 0.626 0.965 0.444 0.520
(0.227) (0.462) (0.240) (0.703)

Days [−5,−1] 0.235 0.081 0.317 −0.236
(0.511) (0.927) (0.261) (0.799)

Panel C: Post-Rumor Period

Days [+1,+5] 0.289 0.046 0.419 −0.372
(0.352) (0.924) (0.296) (0.554)

Days [+1,+10] 0.651∗ 0.810 0.565 0.245
(0.078) (0.165) (0.233) (0.744)

Days [+1,+20] 0.198 0.702 −0.072 0.774
(0.744) (0.557) (0.915) (0.573)

Panel D: Complete Period

Days [−20,+20] 1.599 2.963 0.870 2.093
(0.102) (0.196) (0.320) (0.392)
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Internet Appendix Table 22

Target Newsworthiness and Run-up Returns

This table examines the relationship between target newsworthiness and target
returns in the run-up period before the publication of a rumor. OLS regression
coefficients are presented where the dependent variable is the rumor target’s ab-
normal stock return over the window specificed in each column, relative to the
rumor publication date. Abnormal returns are calculated as the target returns
minus the CRSP value-weighted index return. Variables are defined in the ap-
pendix. Industry fixed effects include Fama-French 17 industry codes. Standard
errors are clustered at the industry level and p-values are reported in parentheses.
Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Run-up Return

Window: (-3,-1) (-5,-1) (-10,-1) (-20,-1)

(1) (2) (3) (4)

Log(Target book assets) −0.010∗∗ −0.011∗ −0.016∗∗ −0.027∗∗∗

(0.032) (0.058) (0.017) (< 0.001)

Valuable brand 0.009 0.010 0.018 0.041
(0.667) (0.669) (0.523) (0.322)

Advertising/Assets (%) −0.001 −0.002 −0.001 −0.002
(0.501) (0.323) (0.608) (0.576)

Industry sales to households 0.012 0.011 0.014 0.008
(0.497) (0.639) (0.611) (0.795)

Tobin’s Q −0.003 −0.001 −0.003 −0.003
(0.191) (0.638) (0.356) (0.216)

High R&D/Assets 0.002∗∗ 0.002∗∗ 0.002 0.000
(0.045) (0.044) (0.274) (0.908)

Log(1+Distance) 0.000 0.000 0.000 0.000
(0.801) (0.848) (0.931) (0.995)

Industry fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Observations 399 399 399 399
Adjusted R2 0.027 0.033 0.028 0.045
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Internet Appendix Table 23

Likelihood of Withdrawal: Rumored Versus Matched Sample T -Tests
This table presents t-tests between a sample of rumored deals and a sample of
matched deals that are not rumored. For every rumored deal, we include three non-
rumored deals from the SDC database that are matched, with replacement, using
Mahalanobis distance based on the following variables: Target takeover defenses,
Cross-border, Tender offer, Leveraged buyout, Majority cash, target industry, and
year dummies. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗,
and ∗.

Rumored Not Rumored Difference p-value

(1) (2) (3) (4)

Withdrawn dummy 0.127 0.113 0.014 0.367
Log(Target assets) 8.221 7.540 0.681∗∗∗ < 0.001
Valuable brand 0.019 0.008 0.011∗∗ 0.028
Advertising/Assets 0.003 0.004 −0.001 0.450
Industry sales to households 0.343 0.343 0.000 0.966
Tobin’s Q 1.549 1.655 −0.106∗∗ 0.032
R&D/Assets 0.013 0.016 −0.003 0.135
Majority cash 0.907 0.920 −0.013 0.341
Tender offer 0.290 0.292 −0.002 0.913
Leveraged buyout 0.133 0.114 0.019 0.229
Cross-border 0.417 0.381 0.036 0.122
Target takeover defenses 0.014 0.017 −0.003 0.633
Year 2001 0.074 0.063 0.011 0.333
Year 2002 0.046 0.043 0.003 0.748
Year 2003 0.034 0.038 −0.004 0.681
Year 2004 0.042 0.045 −0.003 0.711
Year 2005 0.076 0.087 −0.011 0.383
Year 2006 0.083 0.095 −0.012 0.404
Year 2007 0.133 0.150 −0.017 0.288
Year 2008 0.100 0.094 0.006 0.652
Year 2009 0.082 0.055 0.027∗∗ 0.020
Year 2010 0.122 0.119 0.003 0.854
Year 2011 0.111 0.119 −0.008 0.600
Year 2012 0.002 0.000 0.002 0.137
Industry 2: Mining and Minerals 0.037 0.023 0.014∗ 0.069
Industry 3: Oil and Petroleum Products 0.043 0.036 0.007 0.442
Industry 4: Textiles & Apparel 0.009 0.007 0.002 0.579
Industry 5: Consumer Durables 0.020 0.026 −0.006 0.382
Industry 6: Chemicals 0.014 0.022 −0.008 0.236
Industry 7: Drugs, Soap, & Tobacco 0.032 0.027 0.005 0.507

continued on next page
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Internet Appendix Table 23 - Continued

Rumored Not Rumored Difference p-value

(1) (2) (3) (4)

Industry 8: Construction 0.029 0.029 0.000 0.993
Industry 9: Steel Works 0.023 0.027 −0.004 0.594
Industry 10: Fabricated Products 0.006 0.003 0.003 0.386
Industry 11: Machinery & Bus. Equip. 0.052 0.068 −0.016 0.189
Industry 12: Automobiles 0.031 0.024 0.007 0.339
Industry 13: Transportation 0.040 0.041 −0.001 0.918
Industry 14: Utilities 0.045 0.034 0.011 0.237
Industry 15: Retail Stores 0.054 0.067 −0.013 0.264
Industry 16: Finance 0.151 0.171 −0.020 0.270
Industry 17: Other 0.366 0.357 0.009 0.686
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Internet Appendix Table 24
Likelihood of Withdrawal: Robustness to Matched Sample
This table presents fixed effects linear probability models estimated using OLS. The
dependent variable is a dummy variable equal to one if a merger bid is withdrawn and
zero otherwise. Observations include a sample of rumored deals and a sample of matched
deals that are not rumored. For every rumored deal, we include three non-rumored deals
that are matched using Mahalanobis distance based on the following variables: Target

takeover defenses, Cross-border, Tender offer, Leveraged buyout, Majority cash, target
industry, and year dummies. Missing observations on the non-matched variables reduces
the sample size. Numbers in parentheses are p-values from standard errors clustered
at the Fama-French 17 industry level. Significance at the 1%, 5%, and 10% levels is
indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Bid Withdrawn

(1) (2) (3) (4)

Rumor 0.016 0.015
(0.181) (0.143)

Log(Target assets) −0.002 −0.003 −0.004 −0.005
(0.603) (0.467) (0.339) (0.246)

Valuable brand −0.006 −0.006
(0.958) (0.959)

Advertising/Assets 0.228 0.231
(0.515) (0.510)

Industry sales to households 0.072 0.073
(0.342) (0.336)

Tobin’s Q −0.007 −0.007
(0.400) (0.396)

R&D/Assets −0.140 −0.139
(0.481) (0.486)

Majority cash −0.043 −0.042
(0.241) (0.246)

Tender offer −0.006 −0.006
(0.751) (0.727)

Leveraged buyout 0.081∗∗ 0.080∗∗

(0.019) (0.020)
Cross-border 0.004 0.004

(0.858) (0.870)
Target takeover defenses 0.363∗∗ 0.364∗∗∗

(0.010) (0.010)
Industry and year fixed effects Yes Yes Yes Yes
Observations 2,084 2,084 2,084 2,084
Adjusted R2 0.020 0.020 0.045 0.045
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Internet Appendix Table 25

Rumor Accuracy and Stock Returns: Robustness Tests

This table examines the relationship between the likelihood that a rumor comes true and target newsworthiness
(Panel A), journalist characteristics (Panel B), and article text characteristics (Panel C). The table presents fixed
effect logit regression coefficients in which the dependent variable is a dummy variable equal to one if a merger
rumor came true within one year of the first rumor date. Each column includes an estimate of the rumor’s
accuracy (p̂ = r0/r̂a), where r0 is the stock return on the day of the rumor’s publication and r̂a is an estimate of
the announcement return if the rumor were to come true. The estimates of r̂a in columns one through three are
based on fitted values of OLS regressions of target announcement returns on target characteristics as in column
1 of Internet Appendix Table 5. Column 4 estimates r̂a from the fitted values of the regression in column 3 of
Internet Appendix Table 5. Columns 5 and 6 use the fitted values from the regressions in column 4 of Internet
Appendix Table 5. Column 1 winsorizes negative values in r̂a to be equal to zero. Columns 2 and 6 measure
r0 with the cumulative abnormal returns over the (-5,0) window around the rumor date. Column 3 includes the
run-up period and transforms p̂ by ln( p̂

1−p̂
). Abnormal returns are calculated as the target returns minus the CRSP

value-weighted index return. Variables are defined in the appendix. Industry fixed effects include Fama-French
17 industry codes. Standard errors are clustered at the industry level and p-values are reported in parentheses.
Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗, and ∗.

Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

Panel A: Newsworthiness

Estimated deal likelihood variations
Positive announcement returns 0.161∗∗∗

(0.001)
Run-up returns (−5, 0) 0.048∗∗∗

(< 0.001)
Include run-up and log-transformation 6.386∗∗∗

(< 0.001)
Include bidder industry and size 0.187

(0.117)
Include other target and bidder variables 0.029

continued on next page
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Internet Appendix Table 25 - Continued

Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

(0.601)
Other target and bidder variables and run-up 0.046

(0.276)
Log(Target book assets) −0.331∗∗∗ −0.307∗∗∗ −0.308∗∗∗ −0.308∗∗∗ −0.284∗∗∗ −0.279∗∗∗

(< 0.001) (0.001) (< 0.001) (< 0.001) (0.004) (0.004)
Valuable brand −0.545∗∗ −0.450∗ −0.446∗ −1.142∗ −0.504∗ −0.513∗

(0.047) (0.065) (0.069) (0.093) (0.085) (0.074)
Advertising/Assets (%) −0.074∗∗ −0.063∗∗ −0.062∗ −0.066∗ −0.068∗∗ −0.067∗∗

(0.020) (0.050) (0.052) (0.083) (0.030) (0.030)
Industry sales to households 0.360 0.359 0.358 −0.075 0.314 0.296

(0.263) (0.281) (0.282) (0.863) (0.333) (0.376)
Tobin’s Q −0.044 −0.043 −0.043 −0.099∗∗∗ −0.042 −0.043

(0.203) (0.227) (0.222) (0.005) (0.227) (0.217)
High R&D/Assets 0.003 0.005 0.005 0.005 0.008 0.011

(0.917) (0.880) (0.884) (0.910) (0.826) (0.757)
Log(1+Distance) −0.003 0.007 0.006 −0.006 0.004 0.002

(0.865) (0.692) (0.699) (0.853) (0.812) (0.916)
Returns(−5,−1) 0.168 0.189 0.239 −0.943 0.052 −0.050

(0.860) (0.811) (0.762) (0.641) (0.954) (0.957)
Industry fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 399 399 399 301 399 399
Pseudo R2 0.070 0.073 0.073 0.094 0.060 0.062

Panel B: Journalist Characteristics

Estimated deal likelihood variations
Positive announcement returns 0.550∗∗∗

(< 0.001)
Run-up returns (−5, 0) 0.036∗∗

(0.011)
continued on next page
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Internet Appendix Table 25 - Continued

Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

Include run-up and log-transformation 4.895∗∗∗

(0.008)
Include bidder industry and size 0.220∗

(0.093)
Include other target and bidder variables 0.050

(0.577)
Other target and bidder variables and run-up 0.063

(0.295)
Log(Journalist age) 1.421∗∗ 1.407∗∗ 1.411∗∗ 2.222∗∗∗ 1.309∗ 1.245∗

(0.016) (0.026) (0.025) (0.007) (0.055) (0.059)
UG degree: Business/econ 0.271 0.244 0.244 0.369 0.201 0.214

(0.606) (0.665) (0.665) (0.417) (0.737) (0.722)
UG degree: Journalism 1.325∗∗∗ 1.096∗∗∗ 1.091∗∗∗ 1.008∗ 1.169∗∗∗ 1.143∗∗∗

(0.006) (0.002) (0.002) (0.080) (0.003) (0.004)
UG degree: English 0.128 0.066 0.064 0.120 0.058 0.072

(0.772) (0.852) (0.857) (0.845) (0.872) (0.837)
UG degree: Poli-sci 0.245 0.282 0.279 −0.152 0.269 0.267

(0.563) (0.484) (0.489) (0.825) (0.509) (0.514)
UG degree: History 0.536 0.495 0.491 −0.273 0.575 0.596

(0.340) (0.323) (0.326) (0.765) (0.277) (0.250)
UG degree: Other 0.626 0.550 0.545 0.307 0.621 0.636

(0.161) (0.284) (0.290) (0.464) (0.160) (0.169)
Pulitzer prize 0.018 0.015 0.015 0.013 0.016 0.015

(0.170) (0.291) (0.289) (0.379) (0.263) (0.295)
New York-based 0.642∗ 0.594∗ 0.596∗ 0.963∗∗ 0.582∗ 0.579∗

(0.061) (0.078) (0.077) (0.012) (0.067) (0.070)
Expert in target industry 0.244 0.391∗ 0.389∗ 0.209 0.420∗ 0.420∗

(0.395) (0.096) (0.097) (0.431) (0.076) (0.070)
SAT Score of College 0.453 0.230 0.234 0.809∗∗ 0.187 0.200

continued on next page
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Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

(0.235) (0.467) (0.459) (0.012) (0.510) (0.492)
Gender −0.510∗ −0.467 −0.465 −0.424 −0.505 −0.510

(0.098) (0.174) (0.176) (0.229) (0.150) (0.147)
Returns(−5,−1) 2.923∗∗∗ 2.802∗∗∗ 2.856∗∗∗ 0.675 2.558∗∗∗ 2.439∗∗∗

(0.001) (0.001) (0.001) (0.684) (< 0.001) (0.001)
Log(Target book assets) −0.530∗∗∗ −0.347∗∗∗ −0.348∗∗∗ −0.399∗∗∗ −0.334∗∗∗ −0.329∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
Industry fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 296 296 296 234 296 296
Pseudo R2 0.256 0.208 0.209 0.246 0.203 0.205

Panel C: Article Text Characteristics

Estimated deal likelihood variations
Positive announcement returns 0.276∗∗∗

(< 0.001)
Run-up returns (−5, 0) 0.030∗∗∗

(< 0.001)
Include run-up and log-transformation 4.133∗∗∗

(< 0.001)
Include bidder industry and size 0.061

(0.671)
Include other target and bidder variables 0.022

(0.704)
Other target and bidder variables and run-up 0.033

(0.394)
Weak modal words (%) −0.895∗∗∗ −0.837∗∗∗ −0.837∗∗∗ −0.758∗ −0.836∗∗∗ −0.838∗∗∗

(< 0.001) (0.002) (0.002) (0.068) (< 0.001) (< 0.001)
Anonymous source 0.346 0.384 0.385 0.910 0.357 0.356

(0.635) (0.586) (0.584) (0.324) (0.621) (0.621)
continued on next page
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Internet Appendix Table 25 - Continued

Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

Has conversations −0.122 −0.152 −0.154 0.050 −0.187 −0.164
(0.820) (0.780) (0.778) (0.900) (0.733) (0.767)

Confirmed rumor 1.176∗∗ 1.217∗∗ 1.217∗∗ 0.156 1.222∗∗ 1.214∗∗

(0.012) (0.012) (0.012) (0.842) (0.010) (0.010)
Denied rumor −0.965 −1.008 −1.010 −1.385 −1.033 −1.039

(0.283) (0.275) (0.275) (0.270) (0.274) (0.249)
Couldn’t be reached 0.401 0.429 0.427 0.629 0.453 0.457

(0.247) (0.233) (0.236) (0.127) (0.197) (0.184)
Wasn’t asked −0.128 −0.135 −0.138 −0.213 −0.102 −0.101

(0.785) (0.777) (0.771) (0.638) (0.826) (0.827)
Preliminary talks 0.725∗∗ 0.613∗ 0.605∗ 0.643 0.725∗∗ 0.736∗∗

(0.023) (0.066) (0.073) (0.128) (0.021) (0.018)
In talks 1.350∗∗∗ 1.313∗∗∗ 1.314∗∗∗ 0.998∗∗∗ 1.310∗∗∗ 1.307∗∗∗

(0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)
Made offer 0.572 0.603 0.596 0.353 0.638 0.652

(0.525) (0.549) (0.552) (0.672) (0.472) (0.475)
Preparing bid 0.625 0.633 0.634 −0.509 0.629 0.628

(0.497) (0.490) (0.489) (0.497) (0.500) (0.499)
For sale 0.425 0.404 0.407 0.390 0.367 0.370

(0.386) (0.409) (0.405) (0.187) (0.440) (0.441)
Evaluating bids 1.161 0.973 0.974 −0.092 0.968 0.966

(0.379) (0.450) (0.450) (0.928) (0.432) (0.429)
Articles on scoop date (#) 0.116∗ 0.111 0.107 0.244∗∗∗ 0.162∗∗ 0.158∗∗

(0.084) (0.147) (0.158) (0.002) (0.038) (0.047)
Rumor in headline −0.107 −0.020 −0.019 −0.045 0.006 0.003

(0.878) (0.977) (0.978) (0.952) (0.992) (0.996)
Number of bidders mentioned 0.100∗∗ 0.099∗∗∗ 0.099∗∗∗ 0.156∗∗ 0.101∗∗∗ 0.101∗∗∗

(0.013) (0.008) (0.008) (0.018) (0.005) (0.005)
Price mentioned 0.638∗∗∗ 0.685∗∗∗ 0.687∗∗∗ 0.795∗∗∗ 0.656∗∗∗ 0.649∗∗∗

continued on next page
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Internet Appendix Table 25 - Continued

Dependent variable: Rumor Comes True

(1) (2) (3) (4) (5) (6)

(0.003) (0.002) (0.002) (< 0.001) (0.004) (0.003)
Returns(−5,−1) 0.136 0.081 0.120 −0.323 0.009 −0.059

(0.818) (0.896) (0.848) (0.763) (0.988) (0.918)
Log(Target book assets) −0.341∗∗∗ −0.283∗∗∗ −0.284∗∗∗ −0.288∗∗∗ −0.273∗∗∗ −0.271∗∗∗

(< 0.001) (0.004) (0.004) (< 0.001) (0.004) (0.004)
Industry fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 372 372 372 283 372 372
Pseudo R2 0.242 0.228 0.228 0.235 0.224 0.225
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Internet Appendix Table 26

Stock Returns on Day 0: Robustness Tests

This table examines the relationship between the target returns on the day a rumor
is published and target newsworthiness (Panel A), journalist characteristics (Panel
B), and article text characteristics (Panel C). The table presents OLS regression
coefficients in which the dependent variable is the one day abnormal stock return of
the target on the first day the rumor is published. Abnormal returns are calculated
as the target returns minus the CRSP value-weighted index return. Each column
includes an estimate of the rumor’s announcement return if the rumor were to
come true (r̂a ). The estimates of r̂a in column one is based on fitted values of OLS
regressions of target announcement returns on target characteristics as in column
2 of Internet Appendix Table 5. Column 2 estimates r̂a from the fitted values of
the regression in column 3 of Internet Appendix Table 5. Column 3 uses the fitted
values from the regressions in column 4 of Internet Appendix Table 5. Variables are
defined in the appendix. Industry fixed effects include Fama-French 17 industry
codes. Standard errors are clustered at the industry level and p-values are reported
in parentheses. Significance at the 1%, 5%, and 10% levels is indicated by ∗∗∗, ∗∗,
and ∗.

Dependent variable: Return Day 0

(1) (2) (3)

Panel A: Newsworthiness

Estimated announcement returns variations
Includes other target variables 0.193∗∗∗

(< 0.001)
Includes bidder industry and size 0.084∗

(0.094)
Includes other target and bidder variables 0.026

(0.241)
Valuable brand −0.028∗∗∗ −0.041∗∗∗ −0.041∗∗

(0.003) (< 0.001) (0.024)
Advertising/Assets (%) 0.001 0.001 0.004∗∗

(0.486) (0.745) (0.034)
Industry sales to households 0.013 0.009 −0.008

(0.376) (0.642) (0.705)
Tobin’s Q −0.005∗

(0.060)
High R&D/Assets 0.003∗∗∗ 0.003∗∗ 0.003∗

(< 0.001) (0.015) (0.079)
Log(1+Distance) 0.003∗ 0.002∗∗ 0.002

(0.090) (0.031) (0.226)
Returns(−5,−1) −0.408∗∗∗ −0.422∗∗∗ −0.422∗∗∗

(0.001) (< 0.001) (0.002)
continued on next page
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Internet Appendix Table 26 - Continued

Dependent variable: Return Day 0

(1) (2) (3)

Observations 299 302 198
Adjusted R2 0.203 0.200 0.194

Panel B: Journalist Characteristics

Estimated announcement returns variations
Includes other target variables 0.215∗∗

(0.010)
Includes bidder industry and size 0.059

(0.437)
Includes other target and bidder variables 0.029

(0.168)
Log(Journalist age) 0.070∗ 0.026 0.058

(0.071) (0.578) (0.146)
UG degree: Business/econ 0.012 0.014 0.025

(0.259) (0.373) (0.241)
UG degree: Journalism −0.003 −0.002 −0.005

(0.789) (0.861) (0.818)
UG degree: English 0.018 0.026 0.036

(0.450) (0.313) (0.397)
UG degree: Poli-sci 0.029∗∗∗ 0.019 0.037∗∗

(0.001) (0.158) (0.029)
UG degree: History 0.010 0.004 −0.004

(0.468) (0.868) (0.796)
UG degree: Other 0.034 0.054 0.053

(0.244) (0.148) (0.215)
Pulitzer prize −0.034 −0.054∗∗ −0.054

(0.174) (0.023) (0.148)
New York-based 0.038∗∗∗ 0.041∗∗∗ 0.043∗∗

(0.005) (0.005) (0.013)
Expert in target industry 0.000 0.001 −0.002

(0.980) (0.968) (0.894)
SAT Score of College 0.000 0.000 0.000

(0.614) (0.955) (0.960)
Gender −0.007 −0.024 −0.016

(0.535) (0.134) (0.461)
Returns(−5,−1) −0.179 −0.316∗∗∗ −0.173

(0.142) (0.006) (0.267)
Observations 219 234 156
Adjusted R2 0.111 0.155 0.074

Panel C: Article Text Characteristics

Estimated announcement returns variations
continued on next page
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Internet Appendix Table 26 - Continued

Dependent variable: Return Day 0

(1) (2) (3)

Includes other target variables 0.201∗∗∗

(< 0.001)
Includes bidder industry and size 0.091∗∗

(0.029)
Includes other target and bidder variables −0.007

(0.802)
Weak modal words (%) −0.002 0.011 0.005

(0.822) (0.261) (0.625)
Anonymous source 0.013∗ 0.014 0.013

(0.053) (0.113) (0.284)
Has conversations −0.015 −0.007 −0.003

(0.226) (0.439) (0.836)
Confirmed rumor 0.090∗∗∗ 0.093∗∗ 0.125∗∗∗

(0.007) (0.019) (< 0.001)
Denied rumor 0.013 0.030 0.001

(0.609) (0.270) (0.976)
Couldn’t be reached 0.036∗∗∗ 0.052∗∗∗ 0.052∗∗∗

(0.003) (< 0.001) (0.004)
Wasn’t asked 0.002 0.018 0.023

(0.916) (0.152) (0.312)
Preliminary talks 0.010 0.010 0.005

(0.430) (0.518) (0.798)
In talks −0.005 −0.005 −0.019

(0.791) (0.753) (0.538)
Made offer −0.014 0.008 −0.013

(0.245) (0.537) (0.298)
Preparing bid 0.027 −0.001 0.028

(0.419) (0.973) (0.515)
For sale −0.012 −0.026 −0.065

(0.542) (0.575) (0.262)
Evaluating bids −0.019 −0.013 −0.027

(0.241) (0.605) (0.358)
Articles on scoop date (#) 0.011∗∗ 0.022∗ 0.012∗

(0.012) (0.055) (0.071)
Rumor in headline 0.001 0.017 0.022

(0.963) (0.330) (0.360)
Number of bidders mentioned −0.002 0.000 −0.003

(0.626) (0.978) (0.651)
Price mentioned 0.029∗∗ 0.004 0.038∗∗

(0.018) (0.787) (0.029)
Returns(−5,−1) −0.387∗∗ −0.374∗∗∗ −0.410∗∗∗

(0.012) (0.001) (0.009)
continued on next page
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Internet Appendix Table 26 - Continued

Dependent variable: Return Day 0

(1) (2) (3)

Observations 274 284 183
Adjusted R2 0.190 0.253 0.186


