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The Effect of Investor Attention on the Pricing of Seasoned Equity Offerings

Abstract
I examine the role of investor attention on seasoned equity offerings’ (SEOs) outcomes. I
use an archive of Thomson Reuters’ news articles to proxy for investor attention. I find that the
volumes of news articles prior to the offerings are positively associated with the offer price
discounts of SEOs. Furthermore, the volumes of news articles are negatively associated with the
cumulative abnormal returns three days around the SEOs. I conclude that the costs of equity
increase with investor attention prior to SEOs. Overall, the evidence is consistent with the
hypothesis that investor attention affects investors’ information processing in SEOs.

Keywords: Investor attention, seasoned equity offerings, news analytics, media coverage, investor
sentiment.
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1. Introduction
Attention is a scarce cognitive resource (Kahneman, 1973), and investors cannot maintain
perfect attentiveness to all trading opportunities (Duffie, 2010). A large body of financial literature
has already demonstrated how investors’ attention constraints affect financial markets (e.g.,
Merton, 1987; Barber and Odean, 2008; Fang and Peress, 2009; Peng and Xiong, 2006; Hirshleifer,
Lim, and Teoh, 2011). This previous research has focused primarily on the effect that investors’
limited attention has on stock returns and trading volumes. Meanwhile, as scholars pursue this line
of inquiries, the role that investor attention has on corporate actions remains largely unexplored.
In this paper, I use recent advances in news analytics to examine the effect of investor
attention on both the pricing and returns of seasoned equity offerings (SEOs).1 I provide evidence
that investor attention may explain some of observed empirical irregularities in the SEO market.
These anomalies include high SEO offer price discounts and negative short-term abnormal returns.
Theoretical and empirical papers have provided different explanations for these negative
SEO effects. Scholars propose that the explanations for SEO discounts include compensation to
investors for uncertainties regarding the value of issuers, price pressure effects, agency problems
between underwriters and firms, and underwriters’ price practices, among others (e.g., Corwin,
2003). Meanwhile, scholars most frequently cite two explanations for the negative market reaction
to SEOs. They point to the adverse selection problem of Myers and Majluf (1984), where rational
investors interpret an equity issuance to be management’s signal that the stock is overvalued, and
they also note the theoretical arguments of Jung, Kim, and Stulz (1996) that suggest that investors
react negatively to SEOs because they are concerned about the misuse of the proceeds.

1

Practitioners generally use the term “follow-on” equity offerings.
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Several studies have also shown that issuers can reduce these negative effects associated
with SEOs by using marketing efforts to capture investors’ attention and expand their investor
base prior to the offerings. To measure the effects that investor attention has on the issuers’ shortrun demand curves, these studies employ several proxies for investor attention. For example, to
measure underwriters’ marketing efforts, Gao and Ritter (2010) use the issuing firms’ offer method
choices (accelerated SEOs or fully marketed SEOs), and Huang and Zhang (2011) use the number
of underwriters for the SEOs. Meanwhile, to measure the attention of retail (or individual)
investors, Lu, Holzhauer, and Wang (2014) use the pre-issue search frequency tool in Google.
Overall, these studies conclude that investor attention and offer price discounts substitute for each
other.
In this paper, I explore a new measure of investor attention and find contrasting results. To
measure investor attention, I calculate the amount of firm-specific news items in a recently
developed news analytics product called Thomson Reuters News Analytics (TRNA). TRNA is a
machine readable service that contains all news that Reuters or the represented companies
themselves publish (through newswire services) from January 2003 onwards. The advantage of
this dataset is that it contains news articles and press releases that have appeared on the screens of
traders; therefore, it may be a better and more direct source of data to proxy for the information
arrival rates to professional traders than other news databases. It should also be superior to indirect
measures that previous literature has used to measure attention.
I begin my investigation by examining whether investor attention prior to SEOs is
significantly associated with SEO discounts (defined as negative returns from the previous day’s
closing transaction prices to the offer prices). I find that the number of news articles 90 days prior
to the SEOs offer dates positively impacts discounting levels. To explain this result, I assume that
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firms need to compensate institutional investors for the large negative market reactions to SEOs
that investors expect when the firms make the offers public. In my hypotheses, institutions act as
specialists, and they resell all or a fraction of their allocations of shares to retail investors in the
after-market. If retail investors are paying close attention to companies’ information prior to the
offerings, their reactions will be strongest when firms issue new equity and thereby, firms’
managers signal that the stocks are overvalued. Therefore, to entice institutional investors into the
market for the SEOs, issuers will have to set low offer prices, resulting in high offer price
discounts.
Next, I study the reactions of the market to SEOs and explore how these reactions relate to
the degree of investor attention prior to the offerings. Consistent with my previously established
investor attention explanation for the pricing of SEOs, I find that the cumulative abnormal returns
over the interval of (-1 to +1) days around the issuances are statistically and negatively related to
the number of news articles 90 days prior to the offerings. This result indicates that firms with high
levels of investor attention that offer new equity experience a large decline in their stock prices at
the issuances.
I perform several robustness checks of my previous findings. Because a number of
unobservable firm characteristics can simultaneously drive both the volume of news articles and
SEO outcomes, I use an instrumental variable (IV) approach with two instruments to mitigate
endogeneity concerns. The first instrument uses a measure of the degree of distraction of media
outlets because some exogenous events in other industries may have shifted overall attention away
from the firm that is issuing new equity. More specifically, I measure media distraction as the daily
volume of negative news articles in non-related industries, across all 12 Fama-French industries,
90 days prior to the offerings. The second instrument uses an indicator variable for companies in
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industries that historically have faced high litigation risks. These companies may prefer to
minimize information disclosure because regulators might perceive them to be misleading
investors, or alternatively these firms may be forthcoming with disclosures to avoid having
regulators accuse them of withholding information. Overall, my primary findings remain robust
after I use the IV approach to control for endogeneity concerns.
I contribute to the financial literature in the following ways. First, I augment the literature
on behavioral finance by introducing and testing a firm-specific measure of investor attention by
employing a novel database of news articles from a news analytics provider. Second, I contribute
to the sparse literature that examines the effects of investor attention in corporate events (e.g.,
Ahern and Sosyura, 2014; Kempf, Manconi, Spalt 2014; Liu, Sherman, Zhang, 2014). Third, I
contribute to the growing literature on the media and its influence in stock prices (e.g., Tetlock,
2007; Tetlock, Saar-Tsechansky, and Macskassy, 2008; Fang and Peress, 2009; Peress,
Forthcoming); but, in contrast to previous literature that uses news articles published in major
newspapers, I focus on the firm-specific public news that professional traders receive in real time.
I structure the remainder of the paper as follows. Section 2 provides a literature review.
Section 3 presents the data sets that I use in the empirical analysis. Section 4 describes the
econometric methodology and measures for investor attention and control variables, and
establishes the key empirical results. The last section contains a summary and concluding remarks.
2. Related Literature
Among the sparse literature on the effects of investor attention on SEO outcomes, the
overall conclusion seems to be that investor attention prior to issuances flattens the short-run
demand curve for the issuing firm’s stock, thereby reducing the adverse effects of SEOs. For
instance, Gao and Ritter (2010) use the issuing firms’ offer method choices (accelerated SEOs or
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fully marketed SEOs) to study the effects that underwriting marketing efforts prior to issuances
have on the issuers’ short-run demand curves. They find that the demand elasticity prior to the
offers and the offer sizes are important determinants of the offer method choices. They conclude
that marketing effort and offer price discount often substitute for each other.
Huang and Zhang (2011) also support this hypothesis that marketing efforts can lower the
offer price discounts by flattening the demand curves of SEOs. These authors find that the number
of underwriters of SEOs are negatively related to the offer price discounts, especially when the
relative offer sizes are large and the stock return volatilities are high.
Lu et al. (2014) present more direct evidence for the effects of investor attention on SEOs.
To proxy for investor attention, they use the user search frequency index from Google Insight for
Search (GIS), a service that tracks the search frequency for every Google search engine user on a
daily basis. They find that an increase in the pre-issue GIS index change is negatively related to
the offer price discount.
My empirical results contradict those of Gao and Ritter (2010), Huang and Zhang (2011),
and Lu et al. (2014). They find that increased investor attention prior to the SEOs arises out of
additional underwriters’ marketing efforts, flattens the demand curves of the issuers, and thereby
decreases the offer price discounts. In contrast, I find that high levels of pre-SEO investor attention
are positively related to the offer price discounts. I argue that previous studies overlook one role
that investor attention plays in the context of SEOs. The issuance of new shares is negative news
to investors because they interpret equity issuances as management’s signals that the stocks are
overvalued (Myers and Majluf, 1984). For instance, Baker and Wurgler’s (2002) Equity Market
Timing Theory argues that firms issue shares at high prices and repurchase them at low prices with
the intentions of exploiting temporary mispricings in the cost of equity, relative to the cost of other
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forms of capital. In fact, as of this writing, market timing theory is arguably the most prominent
theoretical explanation among researchers to account for changes in firms’ capital structures. In
addition, the theory has received validation from survey evidence that suggests that equity market
timing is an important factor that influences corporate capital structure decisions. For instance, a
widely cited paper by Graham and Harvey (2001) shows that two-thirds of CFOs admit that timing
considerations play an important role in their financing decisions.
Therefore, when managers of a firm announce the issue of new equity, investors in the firm
realize that they may have been overly optimistic about the fundamental value of the firm and
consequently react negatively to the management’s announcement. When investors are paying
high attention to a company's information, they are likely to acknowledge the issuance of new
shares and therefore, are able to instantaneously incorporate the negative news into prices. If many
retail investors are paying close attention to a company’s information prior to the offering, their
reactions will be strongest when firm’s managers signal that the stock is overvalued. For that
reason, I hypothesize then that the offer price discount will be also a function of the degree of
investor attention. If investor attention is high, the offer price discount should be high to
compensate institutional investors for the large negative market reaction they expect when
reselling their allocation of shares.
3. Data
I start by collecting all company-specific news articles from Thomson Reuters News
Analytics (TRNA). TRNA is a comprehensive archive that contains all news that Reuters News or
the companies themselves (via newswire services such as PR Newswire and Business Wire, among
others) publish. Each information release contains the following components: an identifier of the
company mentioned in the news (Reuters Instrument Code, or RIC), a time stamp to the
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millisecond, a relevance indicator that measures how substantive the news is for the company, and
a sentiment indicator that shows the tone of the news (more precisely, it indicates the probabilities
of the news having a positive, negative, or neutral tone). Sinha (2011), Kyle et al. (2012),
Dzielinski and Hasseltoft (2013), and Cahan, Chen, and Nguyen (2013) describe the dataset in
detail. For this study, the sample covers all news articles Reuters sent to its clients from January
2003 through December 2012.
I only consider news articles for U.S. common stocks listed in the New York Stock
Exchange (NYSE), the American Stock Exchange (Amex), and the Nasdaq National Market
(NASDAQ). In total, TRNA contains about 1.9 million news items for the stocks listed on these
exchanges from January 2003 to December 2012. The average number of firms the database
covered during this period was 3,820.
I apply several filters to the news data. I remove all one-line alert messages that Thomson
Reuters usually sends out before important news articles appear in full. I exclude updates and
corrections because they simply provide additional detail about original articles. I also exclude
news items linked to more than one article in the sample (wrap-up articles), to make sure that this
information had not already appeared in the sample; thus, I include only the most “attentiongrabbing” news stories.
News articles can mention multiple firms. If a news item is associated with several firms,
this news story may be irrelevant for some of them. For example, news articles about small
companies often mention large companies simply to provide a context for a general description of
the industry in which both companies operate. TRNA assigns a relevance value associated with
each pair of news items and firms. This relevance parameter ranges from zero to one, where
relevance equals to one if the news item is highly relevant for a particular firm (usually the
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company’s name appears in the headline of the news article), and lower than one, otherwise. In
my empirical tests, I include only those articles whose relevance parameters for given firms are
greater than 0.35. This figure is the same threshold Kyle et al. (2012) used.
I merge the news dataset with stock prices from the Center of Research in Security Prices
(CRSP). I include only common stocks. Thus, I exclude ADRs, REITs, closed-end funds, and
primes and scores, i.e., stocks that do not have a CRSP share type code of 10 or 11. I combine
CRSP prices with TRNA news articles by using the TICKER associated with each stock. Empirical
financial literature typically uses the CUSIP code or PERMNO of a company to merge different
databases. However, such variables are not available for the TRNA news database. Instead, TRNA
identifies a company by its Reuters Instrument Code (RIC) from which I am able to construct the
TICKER of each company.
After imposing these filters, I identify 764,680 news articles from January 2003 to
December 2012 on 3,392 companies. Table 1 presents the number of news articles and firms in
my sample, categorized by year.
[Table 1 about here]
Next, I collect data on seasoned equity offerings from the Securities Data Corporation
(SDC) database. SDC provides information about issue prices, issue sizes, filing dates, and issue
dates, among other variables. In line with the earlier literature on SEOs, I apply several filters to
the SEO data. I include only offerings listed on the NYSE, the Amex, and the NASDAQ. I remove
units, REITs, closed-end funds, and ADRs issuances from the sample. I require that at least part
of the SEO issue should be “primary shares” (i.e., I remove 100% secondary issues). Finally, to
minimize the effects of small illiquid stocks, the SEO should have an offer price of at least $3.
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After imposing these filters, I identify 3,231 SEO issuances from January 2003 to December 2012
by 1,729 companies. After I merge these SEOs with the CRSP dataset, I obtain 2,850 SEOs.
Prior studies (e.g., Safieddine and Wilhelm, 1996; Altinkilic and Hansen, 2003; Ngo and
Varela, 2013) show that offer dates that come directly from the SDC database are often incorrect.
These errors occur because some offers take place after the trading has closed, but SDC
nevertheless assigns that day as the offer date. For example, Safieddine and Wilhelm (1996) find
that 18.4 percent of offers between 1980 and 1991 required an offer date correction. Altinkilic and
Hansen (2003) find that SDC classified over 50 percent of the offer dates incorrectly from 1980 to
1998. To address this problem, like Safieddine and Wilhelm (1996), I apply a volume-based
correction method to identify the accurate offer date. Safieddine and Wilhelm (1996) argue that
high trading volumes surge on offer days. Consequently, to correct the offer date, I use the
following rule: If the dollar volume on the day following the SDC offer date is (1) more than twice
the dollar volume on the SDC offer date and (2) is more than twice the average daily trading dollar
volume over the previous 250 trading days, then I designate the day following the SDC offer date
to be the correct offer date. After imposing these filters, I modified the issue dates for 1,539 of the
total of 2,850 SEOs from January 2003 to December 2012.
To conform to the previous literature and minimize the influence of regulatory issues, I
exclude offers by financials (SIC code 6000-6999) and utilities (SIC code 4900-4999). When I
exclude these offers, the number of SEOs in my sample shrinks to 1,494 of which 929 are covered
by TRNA. For control variables, I retrieve company financial statement items from COMPUSTAT,
data on analysts’ coverage from I/B/E/S, and data on institutional ownership from the Thomson
Reuters Institutional Holdings (13F) database.
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Table 2 provides descriptive statistics for the final sample of 929 SEOs. Table 3 provides
descriptive statistics for the final sample that include news article data, SEO details, and firms’
characteristics. An average SEO firm appears in six news articles in the three months prior to the
SEO issue date. The average SEO discount is 5.1 percent. For an average SEO proceed of $140.08
million, this discount represents about $7.14 million less in proceeds, a significant cost for issuing
new equity. The average cumulative abnormal return for the interval of (−1, +1) days around
SEOs is -2.8 percent. For an average issuer’s market capitalization of $1,368.87 million
(untabulated), these cumulative abnormal returns represent about $38.33 million less in
shareholders’ wealth.
[Table 2 about here]
[Table 3 about here]
4.

Empirical Results

4.1 Investor Attention and SEO Discount
The first analysis examines the effects of investor attention, prior to the issuances, on SEO
price discounts in a multivariate setting. The following equation shows the baseline regression for
this test:
𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖 = 𝛼𝑖 + 𝛽1 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 + 𝛽2 𝑇𝑜𝑛𝑒𝑖 + 𝛾 ′ 𝑋𝑖 + 𝑇𝑖 + 𝐼𝑖 + 𝜖𝑖 ,
𝑝𝑡−1

where 𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖 = ln (𝑝

𝑜𝑓𝑓𝑒𝑟

(1)

) × 100, where 𝑝𝑜𝑓𝑓𝑒𝑟 is the SEO offer price, and 𝑝𝑡−1 is the closing

price on the day prior to the offer date. The variable 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 is the accumulated volume
of news articles for firm 𝑖 90 days before the SEO, and 𝑇𝑜𝑛𝑒𝑖 is the aggregate tone of news
articles.2 The vector 𝑋𝑖 contains control variables. I calculate all firm-level control variables on a

2

I calculate the aggregate tone of news articles as follows:
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quarterly basis using the most recent quarter prior to the SEO event. I include in all regressions
both year (𝑇𝑖 ) and industry (𝐼𝑖 ) fixed-effects.
Control variables: I control for other known determinants of SEO discounts that prior
literature has documented. Prior empirical studies have shown that some of the most pervasive
determinants of SEO discounts include the level of investor uncertainty about firm value, the size
of the offering itself, and underwriters’ pricing practices. Consequently, the vector 𝑋𝑖 in equation
(1) includes proxies that reflect these key factors. First, I control for stock price uncertainty using
the stock volatility for the past 12 months. Many studies show that high return volatility is
associated with high levels of discounting (e.g., Corwin, 2003; Duc Ngo and Varela, 2012).
Besides stock price uncertainty, the size of an SEO is also an important determinant of the
offer price discount, mainly because large SEOs are difficult to place, but also new shares dilute
earnings per shares for current shareholders (Stowell, 2010). Altinkilic and Hansen (2003), and
Corwin (2003) control for the effects of the size of the offerings using the ratio of shares offered
over the total number of shares outstanding prior to the offerings. I follow these studies and control
for the same ratio. I also control for the natural log of the proceeds.
Corwin (2003) additionally finds that conventional underwriter pricing practices may have
important effects on SEO discounts. To account for these effects, Corwin includes the control
variable Tick, which is a dummy variable equal to one if the decimal portion of the closing price
on the day prior to the offer is less than $ 0.25 and equal to zero otherwise. Corwin also adds the

𝑁

𝑁

𝑇𝑜𝑛𝑒𝑖 = ∑ 𝑃𝑟𝑜𝑏(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)𝑖𝑘 − ∑ 𝑃𝑟𝑜𝑏(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)𝑖𝑘 .
𝑘=1

𝑘=1

TRNA provides sentiment scores for each company that a news item mentions. The scores show how likely
each 𝑘 news story for firm 𝑖 is to be positive (𝑃𝑟𝑜𝑏[𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒]), neutral, or negative (𝑃𝑟𝑜𝑏[𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒]). TRNA labels
each news article as positive, neutral, or negative, according to the highest score probability. The sentiment is at the
entity level, so two different companies can have different scores for the same news article.
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variable, Ln (price), and the interaction term, Ln (price)*Tick, to his regression model. I also
include these variables in my regressions. Based on Corwin (2003), I expect the sign of coefficients
on Ln (price)*Tick and Ln (price) to be negative and positive, respectively.
Corwin (2003) and Altinkilic and Hansen (2003) show that pre-offer price run ups are also
significant determinants of discounts. I follow these studies, and I control for the effects of preoffer price run ups using the market adjusted cumulative abnormal returns over the period of (60,-2) trading days prior to the offer. Altinkilic and Hansen (2003), and Corwin (2003) also
document that NASDAQ issuances are more underpriced than NYSE/Amex issuances. Therefore,
I include the indicator variable, Nasdaq, that equals to one if the issuer’s primary exchange is
NASDAQ and equal to zero if the firm’s primary exchange is NYSE or AMEX.
Many studies that examine the discount of SEOs argue that underwriters’ reputations may
affect the magnitude of SEO discounts. Accordingly, I control for the reputation of the lead book
runner in the following way. I include an indicator variable, Reputation, that equals one if the book
runner ranking, according to Professor Jay Ritter’s underwriter reputation ranking, equals nine
(i.e., most prestigious) and equals zero if the underwriter’s ranking is below nine.
Finally, to control for the degree of information asymmetry between firms and investors, I
use the number of analysts who are following the firms. Small firms may be hard to value; thus, I
also control for firm size (the natural log of market equity).
I “Winsorize” all control variables at the upper and lower one percent levels.3 This
approach is the standard procedure scholars use in the finance literature to minimize the influence
of extreme outliers. I also Winsorize discount at the upper and lower one percent levels to ensure
that extreme values on the dependent variable do not drive the results.

3

For a discussion and references on the Winsor approach, see Barnett and Lewis (1994).
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Results: Table 4 reports regression results with robust standard errors for the effects that
the total volume of news articles and the aggregate tone of news articles before SEOs have on offer
price discounts. The results show that the volume of news articles before SEOs is positively related
to price discounts. The coefficient of News Articles is 0.0747 and is statistically significant at the
five percent level. To put the economic significance of this coefficient in concrete terms, for an
average issuer, increasing the number of news stories prior to the SEO by one is associated is
associated with a 0.0747 percent increase in the SEO price offer discount, or $104,640 (=$140.08
million*0.00075), with the other variables in the model held constant.
For comprehensiveness, I also control for a number of firm and deal characteristics that
appear in the existing literature that may affect SEO discounts. However, variables that other
studies have emphasized do not seem to play an important role for this sample of SEOs. In fact,
only variables related to the size of SEOs and to financial analysts’ coverage are statistically
significant with SEO discounting.
[Table 4 about here]
4.2 Robustness Checks
In this section, I conduct a set of robustness tests for my primary findings. First, I use an
instrumental variable (IV) approach to address the endogeneity issue relative to the fact that a
number of unobservable variables can simultaneously drive both the volume of news articles and
SEO offer discounts.
Instruments need to represent events that are likely to affect the volume of firm-specific
news articles, but that will not directly affect SEO discounts. I employ two instruments. The first
instrument uses a proxy for media distraction. I construct a measure of media distraction based on
the daily volume of negative news articles in the 90 days before the SEO issuances. I apply this
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measure to firms in industries not related to the issuers across all Fama-French 12 industry
classifications. I argue that other newsworthy stories may distract media outlets, or they may
deliberately choose to cover more attention-grabbing news stories in other industries to increase
their readerships. Furthermore, several authors suggest that market participants pay higher
attention to negative news than to positive news, and consequently the market’s reaction to
negative news is significantly larger than its reaction to positive news (e.g., Kothari, Shu, and
Wysocki, Forthcoming; Sletten, Forthcoming). These facts support my decision to use the volume
of negative news articles over positive or neutral news stories.
The second instrument uses variations in news stories that firms themselves originated. For
example, Ahern and Sosyura (2014) show that firms originate and disseminate information to the
media to influence their stock prices during merger and acquisition negotiations when two
companies are in the process of determining the stock exchange ratio. Ahern and Sosyura term this
strategy as “active media management.” However, several articles have also suggested that
companies that face high litigation risk may prefer to minimize information disclosure because
regulators may perceive them to be misleading investors. Alternatively, these firms may be more
forthcoming with disclosures to avoid having regulators accuse them of withholding information.
A large number of studies, starting with Francis, Philbrick, and Schipper (1994), find that the
majority of lawsuits are against firms in the biotechnology, computer, electronics, and retail
industries. Therefore, I define the indicator variable, Litigation Risk, as instrument that equals one
for issuers in computer (SIC codes 3570–3577 and 7370–7374), electronics (3600–3674), and
retail (5200–5961) industries, and equals zero otherwise. I exclude the biotechnology (SIC Codes
2833–2836) industry because when I include an indicator variable for this industry in the baseline
model, the coefficient is positively and statistically significantly associated with the offer price
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discount (Huang and Zhang, 2011, find a similar result). Thus, the biotechnology industry does
not meet the exclusion restriction that is necessary for identiﬁcation in the IV model. Finally, I
make the strong assumption that the aggregate tone of the news articles is exogenous. By including
the aggregate tone as an exogenous variable, I improve the relevance of my instruments.
Table 5 reports the results for the instrumental variable approach. Column (1) of Table 5
reports the first-stage results. The result for the F-statistic for weak instruments is 12.98, which
surpasses the threshold of ten that Stock, Wright, and Yogo (2002) suggested. Column (2) of Table
5 reports the second-stage results. The coefficient estimate for the prediction of News Articles is
0.3922 and statistically significant at the 10 percent level. These results suggest that the positive
relationship I reported earlier between the volume of news articles prior to SEO issuances and SEO
discounts, although it loses some of its statistical significance, retains the same sign after I control
for potential endogeneity problems.
[Table 5 about here]
As an additional robustness check, in unreported results, I evaluate the robustness of my
findings when I exclude observations that pertain to the financial crisis, defined as June 2007 to
June 2009. The economical and statistical significance of the relationship between the volume of
news articles prior to SEO issuances and SEO outcomes remain similar, suggesting that the
financial crisis did not drive my primary findings.
Finally, as mentioned before, prior studies (Gao and Ritter, 2010; Huang and Zhang, 2011)
have shown that SEO marketing efforts can lower the offer price discounts by flattening the
demand curves of SEOs. To contrast my results to those of these studies, I now proceed to estimate
the relationship among the marketing effort of an SEO, volume of news articles prior to the
issuances, and SEO discounts.
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First, I estimate the relationship between the number of news articles prior to an SEO
issuance and several proxies for SEO marketing efforts, including the logged number of managing
underwriters; the logged number of lead, co-lead, and co-managing underwriters; and the logged
number of bookrunners. At the same time, I control for other factors that likely affect the degree
of media coverage of a firm. For instance, considering that TRNA is a machine-readable database
of news articles that target certain market participants, such as institutional investors and sell-side
analysts, I control for the institutional ownership ratio, the total number of institutions holding the
stock, and the numbers of analysts who are following the firm. I also include the market
capitalization equity (in logarithms), equity market-to-book ratios, return of assets (ROA), total
assets (in logarithms), and the cumulative dollar trading volume six months prior to the SEO
issuances. Finally, certain industries may possibly receive more media coverage than the others.
Accordingly, I include industry dummy variables to capture such industry-specific effects.
Table 6 shows that the coefficients associated with marketing efforts proxies are not
statistically different from zero. These results suggest that the pre-offer number of news stories
and marketing of the securities, measured by the number of underwriters who are managing the
offerings, are proxies for different economic concepts.
[Table 6 about here]
Next, I reexamine the effect of the number of news articles on SEO discounting, but now
control for the number of managing underwriters and its interaction with the offer size and stock
volatility, as suggested by Huang and Zhang (2011). Specifically, I re-estimate equation (2) with
three additional variables: the logged numbers of lead, co-lead, and co-managing underwriters;
and two terms for their interactions with the relative offer size and the return volatility. I report
regression results in Table 7. Consistent with Huang and Zhang (2011), the number of managing
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underwriters has a negative and significant coefficient. However, when I include the interaction
terms, the coefficient loses its significance. More relevant for this study, after I include the variable
suggested by Huang and Zhang (2011), the significance of the coefficient for the number of news
articles remains at previous levels.
[Table 7 about here]
4.3 Investor Attention and Short-term Returns around SEOs
In this section, I study how investor attention affects the market reactions to SEOs. To
examine the market reactions to the issuances of new equity, I use standard event study methods
to estimate the stock price reactions to the issuances (e.g., Brown and Warner, 1985). I compute
abnormal returns using the market model. I proxy the market return by the return of the CRSP
equally-weighted portfolio (EWRETD in the CRSP database). I base the estimation of normal
returns on the time series for the interval of (-250,-5) days before the actual issuances. Finally, I
calculate the cumulative abnormal returns (CAR) during the interval of (−1, +1) days around the
SEOs. This excess of return is the part of the change in the issuer’s stock return that is not
correlated with overall market movement in stock returns, and we may assume that it reflects the
effect of the SEO.4

4

I focus on the issue dates rather than announcement dates because most SEOs are now shelf registered. In these
offerings, the appropriate information event is the issue date, not the filing date that scholars have generally used to
proxy for the actual announcement date. Clinton et al. (2014) argue that earlier studies on pre-SEO disclosure (e.g.,
Marquardt and Wiedman,1998; Lang and Lundholm, 2000) refer to the filing or registration date as the SEO
information event date because their samples comprised traditional (non-shelf) offerings. In these offerings, firms
conveyed information about the upcoming SEOs on the registration dates, and the issue dates usually occurred soon
after registration (Bethel and Krigman, 2008). In contrast, with shelf registrations firms register securities that they
reasonably expect to issue over the next two years. For instance, Clinton et al. (2014) find that in over 80 percent of
their sample’s equity issues filing dates predates the issue dates by 257 days on average. Heron and Lie (2002) find
that an average of 102 days from the filing dates to the issue dates for shelf offers during the 1980 to 1998 period.
Autore et al. (2008) find that, on average, firms conduct shelf offerings 111 days after the filing date during the period
1990 to 2003. Consistent with prior findings, in the sample of SEOs I use in the present paper, the time lapse between
the filing and issue dates is 272 days.
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Next, I use a multivariate setting to examine the effects investor attention prior to the SEO
has on the market reaction to the event. I regress the cumulative abnormal returns for the interval
of (−1, +1) days around the SEOs on the volume of news articles and on the aggregate tone of
news articles before SEOs using the following specification:
̂𝑖 = 𝛼 + 𝛽3 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 + 𝛽4 𝑇𝑜𝑛𝑒𝑖 + 𝛾 ′ 𝑋𝑖 + 𝑇𝑖 + 𝐼𝑖 + 𝜖𝑖 ,
𝐶𝐴𝑅

(2)

̂𝑖 is the cumulative abnormal return for SEO company 𝑖, 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 is the number
where 𝐶𝐴𝑅
of news articles 90 days before the SEO, and 𝑇𝑜𝑛𝑒𝑖 is the aggregate tone of the news articles 90
days before the SEO. The vector 𝑋𝑖 contains control variables. I include in all regressions both
year (𝑇𝑖 ) and industry (𝐼𝑖 ) fixed-effects.
Control variables: I control for investors’ concerns regarding the misuse of the SEO
proceeds using Tobin’s Q ratios that are a measure of firms’ investment opportunities. I expect to
see a positive coefficient on this variable. Lucas and McDonald (1990) and Jung et al. (1996) also
use firms’ past returns as a proxy for the availability of profitable projects. Accordingly, I control
for the abnormal firms’ returns from the past 60 days as proxy for this influence. This variable also
may stand as a proxy for overvaluation because the market timing literature suggests that firms
issue shares when stock prices are high.
I use firm size as a proxy for asymmetric information. Large firms are under great scrutiny
by investors and are actively followed by analysts. I include the natural logs of total assets of the
firm and of market equity as proxies for firm’s size. I expect to see positive coefficients on these
variables. I also control for the number of analysts who are following the companies’ stocks,
another proxy for asymmetric information.
Finally, Masulis and Korwar (1986) find that the size of the SEO affects offering day
returns. Therefore, I control for the ratio of shares offered over shares outstanding and for the
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natural log of SEO proceeds. I also include firm-level controls and both industry and year fixedeffects.
Results: Table 8 shows the results when I regress the cumulative abnormal returns over
the three days around the offer date, 𝐶𝐴𝑅(−1,1), on the proxies for investor attention and the
control variables. Column (2) of Table 8 shows that the coefficient for News Articles is -0.1104
and statistically significant at the five percent level. The result is also economically significant:
increasing the number of news articles by one is associated with a loss of 0.11 percent in pre-issue
firm value, or $1.51 million (=$1,368.87*0.0011), with the other variables in the model held
constant. This result is consistent with the prediction of my second hypothesis. If investors pay
high attention to the overvaluation signals, the market negative reaction will be most pronounced
to the equity offerings. Furthermore, the negative market reaction will be strongest because many
investors will react to the concerns related to potential problems of agency, free cash flow, or
overinvesting the proceeds from the issuances. The results are also consistent with Fang and
Peress’ (2009) liquidity (or impediments-to-trade) hypothesis where stocks of companies that lack
media coverage may be difficult to trade. This hypothesis implies that if investor attention is high,
many traders are able to sell their stocks during SEOs, resulting in large price declines on the day
of SEOs’ issuance dates.
Column (3) of Table 8 shows that the tone of news articles also plays an important role in
the returns around issuances. I find that the tone of the news articles prior to an SEO positively
impacts the abnormal returns around SEOs. This result suggests that a negative sentiment about a
firm before an SEO will negatively affect the market reaction to the issuance. The result is
consistent with the findings of Tetlock et al. (2008) that show that the fraction of negative words
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in firm-specific news stories can forecast low firm earnings, and that negative words in news
stories about firms’ fundamentals are particularly useful predictors of future earnings and returns.
[Table 8 about here]
5. Summary and Concluding Remarks
In this paper, I have shown how investor attention affects seasoned equity offerings’
outcomes. To proxy for investor attention, I use the volume of news articles in the Thomson
Reuters News Analytics database, a comprehensive archive of stories that covers thousands of
companies in the U.S.
The empirical literature has used different proxies to measure investor attention: extreme
returns, trading volume, advertising expenses, Google searches, and news articles and headlines.
This empirical literature has suggested that investor attention and the volume and tone of news
articles are significantly related to stock prices. Meanwhile, the effects that investor attention and
news articles have on corporate actions remains largely unexplored.
In the context of seasoned equity offerings, my results contradict some of the prior
empirical findings regarding the effects of investor attention on SEOs. In particular, using the
volume of news articles prior to SEOs, I find that investor attention is positively and significantly
related to firms’ SEO price discounts and negatively and significantly associated with cumulative
abnormal returns around issuances. Previous authors have used the offer method choice, number
of underwriters, and users search frequencies in Google to proxy for investor attention; they find
the opposite relationships. However, I believe the variable I use in this study may represent a better
proxy for the attention of professional traders than other variables that appear in the literature.
I conduct a set of robustness tests for my primary findings. I address the confounding
effects that can simultaneously drive both the volume of news articles prior to SEOs and SEO
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discounts; these confounding effects may affect my findings. To partially alleviate this concern, I
use an instrumental variable approach. The instruments I employ are the degree of media
distraction (measured by the number of negative news articles in non-related industries) and
litigation risks (firms in computers, electronics, and retail industries). These instruments represent
events that are likely to affect the volume of firm-specific news articles, but that will have no direct
effects on SEO discounts. After these robustness tests, my results still hold. Nevertheless, other
instruments may be more appropriate. For instance, a potential instrumental variable candidate is
the presence of board members with mass media experience (Gurun, 2014). I will leave these
additional robustness checks for future research.
Despite some endogeneity concerns, this paper identifies another role that investor
attention plays in financial markets. More importantly, this article illuminates how the degree of
investor attention can significantly affect SEO outcomes. The results in this paper are interesting
and suggest some avenues for future research. For instance, if managers recognize the reported
relationships, they may be motivated to attempt to manipulate investor attention when their firms
are in the market for seasoned equity offerings. That motivation will be one focus of my
investigations in future research.
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Appendix A: Variable definition
Variable Name
Discount
CAR (-1,1)

News Articles (-90,-1)
Tone (-90,-1)

Media Distraction

Litigation Risk

Tick<1/4
Nasdaq
Underwriter Reputation

Cash to Assets
Market-to-Book Ratio

Stock Volatility
Leverage
ROA
CAPEX to Assets
Tobin’s Q
Age
Relative Size
Institutional Ownership Ratio

Definition
Negative return (in percentage) from the offering previous day’s closing
transaction price to the offer price.
Cumulative abnormal return over the three-day event window around
the offer date. The market-adjusted cumulative abnormal return is
calculated from market model regressions for each issuing firm and is
subtracted from returns of the firm. The market model estimation
window starts 250 trading days before the offering and ends five trading
days before the offering. Firms that have no returns for at least 30
trading days are dropped.
Accumulated volume of news articles for the issuer firm 90 days prior to
the SEO.
Aggregate tone of news articles for the issuer firm 90 days prior to the
SEO calculated as:
∑𝑇𝑘=1 𝑃𝑟𝑜𝑏(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)𝑖𝑡𝑘 − ∑𝑇𝑘=1 𝑃𝑟𝑜𝑏(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)𝑖𝑡𝑘 ,
where 𝑃𝑟𝑜𝑏[𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒] and 𝑃𝑟𝑜𝑏[𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒] are scores that show how
likely each news story is to be positive and negative, respectively.
Accumulated volume of negative news articles for companies classified
in industries different from the industry of the issuer in the 90 days prior
to the SEO, across all Fama-French 12 industry classifications.
Dummy variable that equals one for issuers in the computer (SIC Codes
3570–3577 and 7370–7374), electronics (3600–3674), and retail (5200–
5961) industries, and zero otherwise.
Dummy variable that equals to one if the decimal portion of the closing
price on the day prior to the offer is less than $ 0.25, and zero otherwise.
Dummy variable that equals to one if the issuer’s primary exchange is
NASDAQ, and zero if NYSE or AMEX are the firm’s primary exchanges.
Dummy variable that equals one if the book runner ranking, according to
Jay Ritter’s underwriter reputation ranking, equals nine (i.e., most
prestigious) and zero if the underwriter’s ranking is below nine.
Cash and Short-Term Investments / Total Assets.
Market Equity / Book Value of Equity,
where Market Equity=Price* Common Shares Outstanding, and
Book Equity= Stockholders Equity + Deferred Taxes + Investment Tax
Credit - Preferred Stock.
Total Stock Return Volatility in the Last 24 Months.
(Debt in Current Liabilities + Long-Term Debt) / Total Assets.
Income Before Extraordinary Items / Total Assets.
Capital Expenditures / Total Assets.
(Total Assets + Market Equity – Book Value of Equity) / Total Assets.
Years since IPO.
Shares Offered / Shares Outstanding.
Shares held by institutional investors, as reported on form 13F / Shares
Outstanding.
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Table 1. Summary statistics for the sample of Thomson Reuters news articles
This table presents the number of news articles and firms, categorized by year, in the Thomson Reuters News Analytics
for firms in my sample of seasoned equity offerings (SEOs). I only consider news articles for U.S. common stocks
listed in the New York Stock Exchange (NYSE), the American Stock Exchange (Amex), and the Nasdaq National
Market (NASDAQ). I apply several other filters to the news data. I describe these filters in Section 2.4.
Total Number of

Positive

Negative

Neutral

Year

News Articles

Articles

Articles

Articles

Firms Covered

2003

46,927

24,285

13,328

9,314

1,846

2004

43,702

24,005

10,243

9,454

1,918

2005

45,240

26,503

8,753

9,984

2,048

2006

56,466

32,497

11,399

12,570

2,200

2007

74,526

37,445

16,672

20,409

2,364

2008

106,383

48,474

27,752

30,157

2,539

2009

80,079

38,348

23,521

18,210

2,626

2010

89,327

46,687

23,201

19,439

2,709

2011

111,024

58,634

30,056

22,334

2,880

2012

111,006

58,379

32,738

19,889

3,048

All

764,680

395,257

197,663

171,760

3,392

28

Table 2. Summary statistics for seasoned equity offerings
This table presents descriptive statistics for the sample of seasoned equity offerings (SEOs) I use in this study. The
sample period is January 2003 to December 2012. SEO data is from the SDC Platinum database. I apply several filters
to the data. I describe these filters in Section 2.4. I define discount as the ratio of the closing price on the day before
the offering to the offer price (in logarithm). CAR(-1,1) are the cumulative abnormal returns for the interval of
(−1, +1) days around the SEOs. I compute abnormal returns using the market model. I Winsorize discount and CAR(1,1) at the upper and lower one percent levels.
Full SEO Sample
Number

Proceeds

Year of SEOs ($ Million)

Sample with TRNA Data
CAR

Number

Discounting

(-1,1)

of SEOs

Proceeds

CAR

($ Million) Discounting

(-1,1)

2003

154

122.45

3.93%

-0.74%

91

124.79

3.57%

-0.25%

2004

179

141.89

3.40%

-1.24%

85

149.73

3.18%

-1.08%

2005

150

123.15

3.79%

-1.63%

69

126.88

3.27%

-1.97%

2006

149

131.06

4.24%

-1.21%

83

166.73

4.05%

-1.13%

2007

152

169.14

3.48%

-1.72%

86

183.72

3.01%

-0.80%

2008

81

403.67

4.23%

-3.92%

56

247.05

3.95%

-2.88%

2009

219

144.39

7.87%

-5.39%

155

156.54

7.93%

-5.75%

2010

156

96.67

6.41%

-4.15%

110

98.38

6.37%

-3.76%

2011

126

121.65

5.85%

-2.80%

99

130.14

5.67%

-2.85%

2012

128

100.48

5.85%

-4.80%

95

93.99

6.01%

-4.88%

1494

929

Table 3. Summary statistics for key variables
This table reports descriptive statistics for the dependent and independent variables. I collect news articles from
Thomson Reuters News Analytics for the period January 2003 to December 2012. I take data on firms’ characteristics
from COMPUSTAT. I collect data on seasoned equity offerings (SEOs) from SDC Platinum database. The table
presents the number of observations, mean, min, max, standard deviation, skewness, and kurtosis. I define these
variables in Appendix A.
N

Mean

Min

Max

SD

Skewness

Kurtosis

News Articles (-90,-1)

929

6.05

0.00

45.00

7.37

2.54

11.83

Tone (-90,-1)

929

1.05

-2.65

9.76

2.04

1.65

6.89

Discount

927

0.051

-0.047

0.293

0.058

1.810

6.998

CAR (-1,1)

917

-0.028

-0.273

0.165

0.084

-0.359

3.459

Proceeds ($ Million)

929

140.08

4.00

1375.00

200.88

3.91

21.00

Ln (Market Equity)

891

6.276

2.213

10.727

1.246

0.460

3.680

Ln (Assets)

893

5.725

1.999

10.060

1.730

0.407

2.646

Leverage

871

0.255

0.000

1.482

0.283

1.703

6.842

ROA

882

-0.209

-1.752

0.377

0.398

-1.732

5.967

CAPEX to Assets

891

4.750

-12.862

49.094

9.594

2.284

9.762

Tobin's Q

891

3.426

0.697

15.621

2.873

2.001

7.617

Cash to Assets

893

0.344

0.000

0.974

0.331

0.622

1.880

Market-to-Book Ratio

818

5.988

0.321

49.689

7.499

3.380

17.249

Stock Volatility 24 Months

687

0.198

0.063

0.749

0.113

2.285

10.319

Institutional Ownership Ratio

929

0.582

0.000

1.133

0.283

-0.184

2.119

Ln (1+Number of Analysts)

929

1.814

0.000

3.332

0.748

-0.702

3.191

Age (Since IPO)

893

12.375

0.000

42.000

9.514

1.158

3.604

TRNA

SEO characteristics:

Firms Characteristics:
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Table 4. OLS regressions of offer price discounts
This table presents the parameter estimates for the following model:
𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖 = 𝛼𝑖 + 𝛽1 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 + 𝛽2 𝑇𝑜𝑛𝑒𝑖 + 𝛾 ′ 𝑋𝑖 + 𝑇𝑖 + 𝐼𝑖 + 𝜖𝑖 ,
where 𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖𝑡 is define as the ratio of the closing price on the day before the offering to the offer price (in
logarithms), 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 is the accumulated volume of news articles for firm 𝑖 90 days before the SEO, 𝑇𝑜𝑛𝑒𝑖 is
the aggregate tone of news articles calculated as in equation (3). The vector 𝑋𝑖 contains control variables. Firm-level
control variables are calculated on a quarterly basis. I define control variables in Appendix A. I also include FamaFrench 49 industries fixed-effects and year fixed-effects. Robust standard errors are in parentheses. *, **, and ***
indicate the coefficient is significantly different from zero at the 10%, 5%, and 1% significant level, respectively.
(1)

(2)
0.0747**
(0.0309)

(3)
0.0767**
(0.0378)
-0.0138
(0.1154)

0.7643*
(0.4472)
-1.5434
(18.3270)
3.0933**
(1.4618)
1.0510
(0.8661)
3.0315
(3.3420)
-0.0924
(0.9780)
-1.1481
(0.9714)
0.6697
(0.5198)
-0.4610
(0.3898)
-1.1474**
(0.5501)
-1.1071**
(0.4299)
Yes
Yes
807
0.1905

0.6320
(0.4428)
-3.7588
(17.8138)
3.1825**
(1.4297)
1.0404
(0.8595)
2.3797
(3.4128)
-0.2173
(1.0125)
-0.9394
(1.0103)
0.6675
(0.5171)
-0.4883
(0.3872)
-1.1257**
(0.5492)
-1.2417***
(0.4382)
Yes
Yes
807
0.1961

0.6351
(0.4411)
-3.8536
(18.0034)
3.1777**
(1.4328)
1.0491
(0.8683)
2.3970
(3.4232)
-0.2102
(1.0124)
-0.9453
(1.0137)
0.6715
(0.5190)
-0.4924
(0.3900)
-1.1267**
(0.5484)
-1.2439***
(0.4372)
Yes
Yes
807
0.1896

News of Articles (-90,-1)
Tone (-90,-1)
Controls:
Ln (Market Equity)
Stock Volatility
Shares Offered / Shares Outstanding
CAR (-60,-2)
Tick<1/4
Ln (Price)
Tick<1/4*Ln (Price)
Nasdaq
Underwriter Reputation
Ln (SEO Proceeds)
Ln (1+Analysts)
Year Fixed-effects + Intercept
Industry Fixed-effects
N
Adjusted R2
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Table 5. Instrumental variable regressions of offer price discounts
This table reports regression results of an instrumental variable approach. In the first stage, I predict the accumulated
volume of news articles during 90 days before the SEO for each issuer using the following two instrumental variables:
Media distraction and litigation risk. The instrument Media distraction is the accumulated volume of negative news
articles 90 days before the SEO for companies classified across all Fama-French 12 industries that are different from
the industry of the issuer. The instrument Litigation risk is a binary variable that equals one if the issuer is in the
computer, electronics, or retail industry; and equals zero otherwise. In the second stage I regress, SEO discount,
defined as the ratio of the closing price on the day before the offer to the offer price (in logarithms), on the predicted
number of news articles and control variable. I calculate firm-level control variables on a quarterly basis. I define
control variables in Appendix A. I also include year fixed-effects. Robust standard errors are in parentheses. *, **,
and *** indicate the coefficient is significantly different from zero at the 10%, 5%, and 1% significant level,
respectively.
First Stage:
Number of Articles
(1)
News Articles (-90,-1) (Instrumented)
Tone (-90,-1)

1.5411***

Instruments:
Media Distraction

Second Stage:
Discount
(2)
0.3922*
(0.2182)
-0.4946
(0.3425)

-1.0651**
(0.4189)
-1.8566***
(0.3951)

Litigation Risk
Controls:
Ln (Market Equity)

1.1116**
(0.4309)
40.1251**
(16.9457)
-0.0376
(1.6653)
-0.6972
(1.0229)
5.6166
(3.9404)
0.7079
(1.5203)
-1.7611
(1.5072)
-0.4594
(0.4811)
0.7051*
(0.3922)
0.0796
(0.4881)
1.5762***
(0.3593)
Yes
No
807
0.3843
12.979

Stock Volatility
Shares Offered / Shares Outstanding
CAR (-60,-2)
Tick<1/4
Ln (Price)
Tick<1/4*Ln (Price)
Nasdaq
Underwriter Reputation
Ln (SEO Proceeds)
Ln (1+Analysts)
Year Fixed-effects + Intercept
Industry Fixed-effects
N
Adjusted R2
F (2,738)
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0.2983
(0.5110)
-11.7426
(17.2294)
2.7873**
(1.2894)
1.0498
(0.8942)
-0.4147
(3.9368)
-0.7136
(1.2145)
-0.0195
(1.2783)
1.0226**
(0.4483)
-0.7845*
(0.4175)
-1.3834**
(0.5375)
-1.3269**
(0.5417)
Yes
No
807
0.1234
-

Table 6. News coverage and managing underwriters
This table presents the parameter estimates for the following panel-data model:
𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 = 𝛼𝑖 + 𝛽1 𝐿𝑛(𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠𝑖 ) + 𝛾 ′ 𝑋𝑖 + 𝑇𝑖 + 𝐼𝑖 + 𝜖𝑖 ,
where 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 equals the total number of news articles during 90 days before the SEO, and ln(𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠𝑖 )
represents proxies for the underwriters’ efforts in marketing the securities. I use three proxies for SEO marketing
efforts: the logged number of managing underwriters; the number of lead, co-lead, and co-managing underwriters;
and the number of bookrunners. The vector 𝑋𝑖 contains control variables. I also control for both year and firm fixedeffects. Robust standard errors are in parentheses. *, **, and *** indicate the coefficient is significantly different from
zero at the 10%, 5%, and 1% significant level, respectively.
(1)
Ln (1+Number of Lead Managers)

(2)

-1.3028
(1.0653)

Ln (1+Number of Managers and Co-managers)

-0.6117
(0.5513)

Ln (1+Number of Bookrunners)
Controls:
Ln (Market Equity)
Ln (Assets)
Market-to-Book Ratio
ROA
Institutional Ownership Ratio
Ln (1+ Number of Institutional Owners)
Ln (1+Number of Analysts)
Ln (1+ Trading Volume Past 6 Months)
Firm Fixed-effects + Intercept
Year Fixed-effects
N
Adjusted R2

(3)

-1.7775
(1.2583)
-0.0732
(0.5305)
0.9954**
(0.4086)
-0.0047
(0.0342)
-1.4321**
(0.6806)
-2.4829*
(1.2803)
2.1205***
(0.5117)
1.3894***
(0.4802)
0.9616***
(0.2563)
Yes
Yes
794
0.2271
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-0.0618
(0.5174)
0.9441**
(0.4083)
-0.0066
(0.0338)
-1.3567**
(0.6892)
-2.4489*
(1.2793)
2.1417***
(0.5161)
1.4110***
(0.4827)
0.9780***
(0.2545)
Yes
Yes
794
0.2266

-0.0332
(0.5327)
1.0242**
(0.4093)
-0.0068
(0.0345)
-1.4453**
(0.6842)
-2.4791*
(1.2770)
2.0913***
(0.5090)
1.3973***
(0.4803)
0.9768***
(0.2545)
Yes
Yes
794
0.2282

Table 7. News articles, managing underwriters, and offer price discounts
This table presents the parameter estimates for the following model:
𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖 = 𝛼𝑖 + 𝛽1 ln(𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 ) + 𝛽2 𝐿𝑛(𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠𝑖 ) + 𝛾 ′ 𝑋𝑖 + 𝑇𝑖 + 𝐼𝑖 + 𝜖𝑖 ,
where 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖𝑡 is define as the ratio of the closing price on the day before the offer to the offer price (in logarithms),
ln(𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 ) is the logarithm of one plus the accumulated volume of news articles during 90 days before the
SEO for firm 𝑖, and ln(𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠𝑖 ) represents proxies for the underwriters’ efforts in marketing the securities. To
proxies for SEO marketing efforts, I include three variables: the logged numbers of lead, co-lead, and co-managing
underwriters; and two terms for their interactions with the relative offer size, and the return volatility. The vector 𝑋𝑖𝑡−1
contains control variables. I calculate firm-level control variables on a quarterly basis. I define control variables in
Appendix A. I also include Fama-French 49 industries fixed-effects and year fixed-effects. Robust standard errors are
in parentheses. *, **, and *** indicate the coefficient is significantly different from zero at the 10%, 5%, and 1%
significant level, respectively.
(1)

(2)

-1.2906***
(0.4073)

0.4405
(0.6998)
-5.1742*
(2.9885)
-26.9549

0.6349
(0.4465)
-1.9960
(17.5618)
3.1749**
(1.4638)
0.9330
(0.8673)
2.4367
(3.3400)
-0.2822
(0.9898)
-0.9407
(0.9834)
0.6246
(0.5113)
-0.4620
(0.3901)
-0.6828
(0.5815)
-1.0925**
(0.4231)
Yes
Yes
803
0.1992

0.5604
(0.4307)
27.6928
(30.7590)
10.4116**
(4.8778)
0.8942
(0.8541)
2.2204
(3.2538)
-0.2498
(0.9644)
-0.9028
(0.9655)
0.6722
(0.5061)
-0.4120
(0.3904)
-0.6659
(0.5692)
-1.0712**
(0.4165)
Yes
Yes
803
0.2082

Ln (1+News Articles (-90,-1))
Ln (1+Number of Managers and Co-managers)
Ln (1+Number of Managers and Co-managers)*Relative
Size
Ln (1+Number of Managers and Co-managers)*Volatility
Controls:
Ln (Market Equity)
Stock Volatility
Shares Offered / Shares Outstanding
CAR (-60,-2)
Tick<1/4
Ln (Price)
Tick<1/4*Ln (Price)
Nasdaq
Underwriter Reputation
Ln (SEO Proceeds)
Ln (1+Analysts)
Year Fixed-effects + Intercept
Industry Fixed-effects
N
Adjusted R2
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(3)
0.5267**
(0.2091)
-1.2303***
(0.4060)

(4)
0.4725**
(0.2069)
0.4231
(0.6993)
-4.5871
(2.9433)
-27.3902
(17.4457)

0.5546
(0.4403)
-2.7225
(16.9261)
3.4309**
(1.4490)
0.9082
(0.8664)
1.9658
(3.3959)
-0.3492
(1.0151)
-0.7983
(1.0095)
0.5524
(0.5063)
-0.4572
(0.3869)
-0.6556
(0.5843)
-1.2965***
(0.4369)
Yes
Yes
803
0.2053

0.4901
(0.4269)
27.6669
(30.3200)
9.8091**
(4.7604)
0.8748
(0.8540)
1.8124
(3.3275)
-0.3144
(0.9962)
-0.7791
(0.9981)
0.6118
(0.5016)
-0.4081
(0.3878)
-0.6367
(0.5726)
-1.2587***
(0.4312)
Yes
Yes
803
0.2128

Table 8. OLS regressions of SEO cumulative abnormal returns around offer dates
This table presents the parameter estimates for the following model:
̂ (−1, +1)𝑘𝑖 = 𝛼 + 𝛽3 𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 + 𝛽4 𝑇𝑜𝑛𝑒𝑖 + 𝛾 ′ 𝑋𝑖 + 𝛿𝑖 + 𝜆𝑖 + 𝜖𝑖 ,
𝐶𝐴𝑅
̂ (−1, +1)𝑘𝑖 is the cumulated abnormal return for company 𝑖, SEO 𝑘, three days around the offer,
where 𝐶𝐴𝑅
𝑁𝑒𝑤𝑠 𝐴𝑟𝑡𝑖𝑐𝑙𝑒𝑠𝑖 is the number of news articles 90 days before the SEO, 𝑇𝑜𝑛𝑒𝑖 is the aggregate tone of the news
articles 90 days before the SEO. The vector 𝑋𝑖 contains control variables. I calculate firm-level control variables on a
quarterly basis using the most recent quarter prior to the SEO event. I define control variables in Appendix A. I also
include Fama-French 49 industries fixed-effects and year fixed-effects. Robust standard errors are in parentheses. *,
**, and *** indicate the coefficient is significantly different from zero at the 10%, 5%, and 1% significant level,
respectively.
(1)

(2)
-0.1104**
(0.0470)

(3)
-0.1568***
(0.0535)
0.3075*
(0.1700)

-0.2640
(0.2255)
-4.0980**
(1.8079)
-3.7969
(2.3450)
-1.2969*
(0.7237)
0.9686
(0.8061)
-0.4237
(1.5834)
-0.1039
(1.2808)
1.0442*
(0.6250)
0.4672
(0.5814)
Yes
Yes
785
0.0578

-0.2394
(0.2263)
-3.9371**
(1.8191)
-4.1616*
(2.3651)
-1.0913
(0.7422)
0.9725
(0.8062)
-0.4676
(1.5478)
-0.0464
(1.2589)
1.1920*
(0.6280)
0.4007
(0.5804)
Yes
Yes
785
0.0635

-0.2501
(0.2260)
-3.9824**
(1.8155)
-3.9092*
(2.3593)
-1.2148*
(0.7334)
0.9581
(0.8083)
-0.4534
(1.5674)
-0.1481
(1.2781)
1.1166*
(0.6286)
0.4431
(0.5790)
Yes
Yes
785
0.0579

News Articles (-90,-1)
Tone (-90,-1)
Controls:
Tobin's Q
Cash to Assets
Leverage
Ln (Assets)
Ln (Market Equity)
Shares Offers / Shares Outstanding
CAR (-60,-2)
Ln (1+Analysts)
Ln (SEO Proceeds)
Year Fixed-effects + Intercept
Industry Fixed-effects
N
Adjusted R2

