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ABSTRACT

In my first essay, I develop a model of investor behavior around prescheduled macroeconomic
announcements to analyze the optimal allocation of investor attention between systematic and
idiosyncratic risk factors when a macroeconomic announcement is anticipated. Skilled investors,
when producing information under a limited attention capacity, optimally allocate more of their
attention to analyzing the idiosyncratic risk factor when they anticipate more precise public infor-
mation about the systematic risk factor from the macroeconomic announcement. Consequently, my
model predicts that, the more informative (precise) the macroeconomic announcement is expected
to be about the underlying risk factors, ceteris paribus, the more uncertainty pre-announcement,
the more resolution of uncertainty post-announcement, and the higher the trading volume around
the announcement on the market index. My empirical analysis of trading by investors around
both FOMC and CPI announcements support my model’s predictions. In particular, my empirical
findings are consistent with model predictions about the effect of the anticipated macroeconomic
announcement precision on investor attention allocation, the effect of investor attention on the
levels of pre-announcement and post-announcement trading volumes, and the effect of investor
attention on the ratio of post-announcement trading volume over the pre-announcement trading
volume.

In my second essay, we analyze, theoretically and empirically, how investor attention affects
the stock market reaction to innovation announcements. In a dynamic model with limited investor
attention, we show that the immediate reaction to innovation announcements increases, while the
post-announcement stock return drift decreases, in investor attention. We empirically confirm our
model predictions using a matched sample of pharmaceutical industry patent grant and subsequent
FDA drug approval announcements and also a general USPTO patent sample. We show that post-
announcement drift has predictive power for firm growth, profitability, and productivity, drawing
implications for enhancing measures of patents’ economic value and for trading strategy.

In my third essay, we analyze, theoretically and empirically, the implications of a fraction of
investors in the equity market paying only delayed attention to SEO announcements. We first
show theoretically that, in the above setting, the announcement effect of an SEO will be positively
related to the fraction of investors paying attention to the announcement and that there will be a
post-announcement stock-return drift that is negatively related to investor attention. In the second
part of the paper, we test the above predictions using the media coverage of firms announcing SEOs
as a proxy for investor attention, and find evidence consistent with the above predictions. In the
third part of the paper, we develop and test various hypotheses relating investor attention paid to
the issuing firm (between the announcement and the equity issue) to various SEO characteristics.
We empirically show that SEO underpricing, institutional investor participation in SEOs, and the
post-SEO equity market valuation of firms are all positively related to investor attention. The
results of our identification tests show that the above results are causal.
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Market Response to Macroeconomic Announcements

under Optimal Attention Allocation: Theory and

Evidence∗

Yu Wang†

Abstract

I develop a model of investor behavior around prescheduled macroeconomic an-
nouncements. My model analyzes the optimal allocation of investor attention between
systematic and idiosyncratic risk factors when a macroeconomic announcement is antic-
ipated. Skilled investors, when producing information under a limited attention capac-
ity, optimally allocate more of their attention to analyzing the idiosyncratic risk factor
when they anticipate more precise public information about the systematic risk factor
from the macroeconomic announcement. Consequently, my model predicts that, the
more informative (precise) the macroeconomic announcement is expected to be about
the underlying risk factors, ceteris paribus, the more uncertainty pre-announcement,
the more resolution of uncertainty post-announcement, and the higher the trading vol-
ume around the announcement on the market index. My empirical analysis of trading
by investors around both FOMC and CPI announcements support my model’s predic-
tions. In particular, my empirical findings are consistent with model predictions about
the effect of the anticipated macroeconomic announcement precision on investor atten-
tion allocation, the effect of investor attention on the levels of pre-announcement and
post-announcement trading volumes, and the effect of investor attention on the ratio
of post-announcement trading volume over the pre-announcement trading volume.
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1 Introduction

There has been considerable interest in investor behavior and asset returns around macroe-

conomic announcements such as Federal Open Market Committee (FOMC) announcements,

Consumer Price Index (CPI) announcements, Gross Domestic Product (GDP) growth an-

nouncements, Producer Price Index (PPI) announcements, and unemployment rate an-

nouncements. Savor and Wilson (2013) document that the average return on the day of

scheduled macroeconomic announcements such as CPI, PPI, unemployment, and FOMC an-

nouncements is 11.4 basis points (bp) while it is 1.1 bp for all other days. Savor and Wilson

(2014) find that the expected variance of daily market returns is positively related to future

aggregated quarterly announcement day returns, but not to aggregated non-announcement

day returns. Lucca and Moench (2015) document an average of 49 bp increase in the return

on the S&P 500 index during the 24 hours before scheduled Federal Open Market Committee

(FOMC) announcements since 1994. Lucca and Moench (2015) also find that the trading

volume of the E-mini S&P 500 futures is lower than usual before the announcement and

spikes up right after the announcement. This paper presents a model of scheduled macroe-

conomic announcements that can explain the trading behavior of investors around these and

other macroeconomic announcements.1

I develop a dynamic model to analyze the behavior of investors in optimally allocating

their attention when there is a future scheduled macroeconomic announcement, producing

information about the underlying risk factors, and trading on their information. There are

two main ingredients in my model. First, investors trade based on both private and pub-

lic signals about two different sources of risk in the economy, namely, the systematic risk

factor and an idiosyncratic risk factor.2 Second, investors optimally allocate their atten-

1Existing models of macroeconomic announcements include Ai and Bansal (2018) and Wachter and Zhu
(2018). Neither of these two models studies the trading volume around macroeconomic announcements.
Further, neither of these papers has a role for investor attention.

2Albuquerque, Bauer, and Schneider (2009) provide evidence consistent with the existence of private
information about the macro factor and explain US investors’ trading behavior (“global return chasing”)
accordingly.
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tion within a limited attention capacity. Following the modeling approach of Kacperczyk,

Van Nieuwerburgh, and Veldkamp (2016), I assume an upper bound on the total precision

of the private signals that can be generated by investors. Investors optimally allocate their

attention between the two risk factors when producing information about these risk factors.

When engaging in information production, skilled investors allocate more of their attention

to the risk factor that matters more to them and receive more precise private signals about

this risk factor. If more attention is paid to one risk factor, then less attention is paid to the

other risk factor since each investor’s total attention capacity is limited, i.e. if an investor

decides to receive private signals about one risk factor with a higher precision, then she can

receive private signals about the other risk factor only with a lower precision.3

There are three assets in my model: a stock, the market index, and the riskfree asset.

The payoff of the stock is affected by both the systematic risk factor and an idiosyncratic

risk factor, while the payoff of the market index is affected only by the systematic risk factor.

The capital market consists of skilled investors and liquidity traders. Skilled investors are

able to produce information about the future realization of both the systematic and the

idiosyncratic risk factors (and therefore about the stock and the market index) under the

constraint of limited attention capacity. At date 0, skilled investors optimally allocate their

attention to the systematic and idiosyncratic risk factors. This attention allocation will

affect the precision of the private signals (as a result of their information production) at

dates 1 and 2. At date 1, each skilled investor produces information, based on which she

receives private signals about the systematic and idiosyncratic risk factors (according to

her ex ante attention allocation). She then forms her optimal portfolio. At date 2, the

prescheduled macroeconomic announcement is released; each skilled investor observes the

above announcement and simultaneously (but independently) produces another round of

information and then rebalances her portfolio based on the public and private signals she

3As will be mentioned later, the riskfree rate will be normalized as a fixed constant, so the riskfree asset
does not require any attention. All of investors’ available attention will be allocated only between the two
risk factors.
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received at date 2. At date 3, all payoffs are realized. Liquidity traders, however, do not

have the ability to allocate their attention optimally or to produce information; neither do

they trade strategically. In other words, liquidity traders only provide a mean-zero noise in

the supply of risky assets.

I now present the results of my theoretical analysis. First, for any given precision of the

public signal, on the date of announcement, there is more information on the systematic

risk factor observed from the macroeconomic announcement, so that both the uncertainty

on the market index and the uncertainty on the stock (through the systematic risk factor)

decrease, so that the equilibrium prices of both risky assets are on average higher after the

announcement than before the announcement. The resolution of uncertainty (due to the

macroeconomic announcement as well as information production by skilled investors) also

increases investors’ demands for both risky assets, so that the levels of the trading volume

of both assets are higher on the date of the macroeconomic announcement than before. Be-

cause of limited attention capacity, investors’ optimal attention allocation is an endogenous

decision in my model, so that the precision of the private signals they receive as a result of

information production is also endogenously determined rather than exogenously fixed as in

classical rational expectations equilibrium (REE) models. In equilibrium, investors respond

to a more precise public signal (i.e. macroeconomic announcement) by investing less of their

attention in the systematic risk factor. In order to better understand the role of attention

capacity in my model, it is useful to compare my results with those arising from a bench-

mark REE model where the precision of private signals is exogenously fixed at the average

between the precision chosen by investors for the private signal for the systematic risk factor

and the precision chosen for the private signal for the idiosyncratic risk factor in my opti-

mal attention allocation model. The tilt of attention involved in producing information in

my optimal attention allocation model results in more uncertainty pre-announcement, more

resolution of uncertainty post-announcement, and higher trading volume around macroeco-

nomic announcements than in the benchmark REE model with a fixed precision of private
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signals involved in information production by investors.

Second, as the public signal from the prescheduled macroeconomic announcement gets

more precise, ceteris paribus, investors shift some of their attention from the systematic risk

factor toward the idiosyncratic risk factor. Intuitively, the information from the presched-

uled macroeconomic announcement and the information from investors’ private information

production about the systematic risk factor are substitutes. When investors anticipate that

more information will come “for free” from the macroeconomic announcement, they reduce

their attention allocated to producing information about the systematic risk factor and in-

crease their attention allocated to the idiosyncratic risk factor. Because of this attention

shift, the precision of the private signals received about the systematic risk factor is lower,

and the uncertainty on the market index is higher when the macroeconomic announcement

is expected to be more precise. Consequently, the price of the market index decreases before

the date of the announcement and, similarly, the price of the stock increases. Thus, when the

macroeconomic announcement is made, the price of the market index jumps by a greater ex-

tent at the time of this announcement if the public information is more precise.4 Moreover,

as the macroeconomic announcement gets more precise, the relative increase in the trad-

ing volume (the ratio of the post-announcement trading volume over the pre-announcement

trading volume) on the market index is higher.

My model is consistent with many of the stylized facts on macroeconomic announcements

that have been documented in the empirical literature. First, my model predicts a positive

relation between the expected variance and the expected return on the market index upon

macroeconomic announcements, which is consistent with the evidence documented by Savor

and Wilson (2014). Second, my model generates the prediction of an increase in the trading

volume on the market index after a macroeconomic announcement. This is consistent with

the spike in the trading volume of E-mini S&P 500 futures after scheduled FOMC announce-

4In fact, the attention shift raises the uncertainty on the market index relative to the benchmark REE
case, so that, in equilibrium, the return on the market index is higher in my model than its counterpart in
the benchmark REE model.

5



ments as documented by Lucca and Moench (2015). Third, as the anticipated precision

of the macroeconomic announcement increases, my model predicts a higher return on the

market index upon the announcement. This is consistent with Brusa, Savor, and Wilson

(2017) who show that, while high returns are documented in the case of FOMC announce-

ments, similar high returns do not appear around monetary policy announcements by other

central banks. Since the U.S. is the dominant financial market in the world, it is possible

that the information about the upcoming macroeconomic situation in the world contained

in the announcements from other central banks is not as precise as that provided by FOMC

announcements so that FOMC announcements generate a uniquely high return afterwards.

Besides explaining the stylized facts documented by the existing empirical literature,

my model also offers several testable implications that have not yet been tested. First, as

the anticipated precision of a macroeconomic announcement increases, my model predicts a

higher investor attention (e.g. as measured by the number of news articles discussing the

corresponding macroeconomic variable as a proxy for investor attention to that variable)

to the systematic risk factor (as proxied by a market index such as the S&P 500 index).

Second, if the anticipated precision of a macroeconomic announcement is greater, my model

predicts lower trading volumes both before and after the announcement. Third, if the antic-

ipated precision of a macroeconomic announcement is greater, my model predicts a higher

relative increase in the trading volume (a higher ratio between the post-announcement trad-

ing volume and the pre-announcement trading volume) on the systematic risk factor, after

controlling for the information effect of the macroeconomic announcement.

I empirically test three hypotheses about trading by investors around FOMC announce-

ments and CPI announcements. I use data from three sources. First, a sample of news

articles (i.e. media coverage) on various economic variables from the RavenPack Global

Macro Database from January 2000 till October 2018. Second, data on analyst forecasts on

various macroeconomic variables (e.g. on the Fed funds target rate and on changes in the

Consumer Price Index) and the actual announced values from Bloomberg, available from
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December 1998 till December 2018. Third, transaction-level data of the trading volume on

E-mini S&P 500 futures from TickData, available from July 2003 till December 2018.

To proxy for the attention paid by investors to the systematic risk factor (i.e. the market),

I search for the number of news articles with group equal to “interest-rates” (“consumption”)

on RavenPack during the 72 hours before each FOMC announcement (CPI announcement)

as a proxy. When a majority of investors intend to learn more about a specific variable, we

expect to see a lot of discussion about it in the media, i.e. we can interpret the media coverage

on interest rates as a proxy for the aggregate attention paid by investors on the systematic risk

factor. To proxy for the expected precision of an upcoming macroeconomic announcement,

I use the standard deviation of analyst forecasts on that macroeconomic variable before the

same announcement. More precisely, I use the standard deviation of analyst forecasts on the

Fed funds target rate before an FOMC announcement as an inverse proxy for the expected

precision of this FOMC announcement; similarly, I use the standard deviation of analyst

forecasts on the change in Consumer Price Index before a CPI announcement as an inverse

proxy for the expected precision of this CPI announcement.

The results of my empirical analysis may be summarized as follows. First, the higher

the anticipated precision of an upcoming FOMC announcement, the lower the attention in-

vestors pay to the Fed funds target rate before the announcement. A similar result holds for

CPI announcements. Second, the higher the investor attention paid to the Fed funds target

rate before an FOMC announcement, the higher the trading volumes on the market index

both before and after the announcement. For CPI announcements, the result is qualita-

tively similar, although only the relation between investor attention and pre-announcement

trading volume is statistically significant. Third, the higher the investor attention paid to

the Fed funds target rate before an FOMC announcement, the lower the ratio of the post-

announcement trading volume over the pre-announcement trading volume on the market

index. The result is similar for CPI announcements.

The rest of the paper is organized as follows: In Section 2, I discuss how my paper is
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related to the existing literature. In Section 3, I describe the setup of my model. In Section

4, I characterize the equilibrium of the model, develop the analytical results, and present

some results from numerical simulations. In Section 5, I discuss the testable predictions of

my model. In Section 6, I present empirical tests and results on some of the predictions of

my model. The proofs of all propositions and additional simulation results are provided in

Appendices A and B, respectively.

2 Relation to the Existing Literature

My paper is related to several strands in the literature. The first is the theoretical literature

consisting of fully rational models of macroeconomic announcements. Ai and Bansal (2018)

characterize the intertemporal preferences that can generate positive announcement premia.

Wachter and Zhu (2018) explain the more prominent relation between beta and expected

returns on announcement days than on non-announcement days using a continuous-time

rational model with possible rare disasters. They focus on the comparison between the

security market line (SML) on announcement days and the SML on non-announcement days

and do not study the trading volume around announcements. My model, where skilled

investors allocate their attention optimally, provides not only the results on asset returns

and the uncertainty-return relation but also the result on trading volume.

The second is the theoretical literature on bounded rationality and limited attention.

Kacperczyk, Van Nieuwerburgh, and Veldkamp (2016) develop a static model with limited

attention to study the behavior of mutual funds during expansions and recessions in the

economy. I extend their framework to a dynamic setting with a public (macroeconomic) an-

nouncement. Sims (2003) models limited attention by suggesting an information-processing

constraint (Shannon capacity) to be added into dynamic programming problems (“ratio-

nal inattention”) to model the inertial reactions documented in a macroeconomic setting.

With entropy as the measure of uncertainty, the “informativeness” of information channels
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is defined through entropy. In his rational inattention setting, agents dynamically optimize

the information channel depending on the distribution of incoming information so that the

transformation errors are endogenous. Maćkowiak and Wiederholt (2009) build a model of

limited attention to study the attention shift from aggregate conditions to idiosyncratic con-

ditions by price-setting firms so that the price reaction to aggregate shocks is sticky while its

reaction to idiosyncratic shocks is immediate.5 Mondria (2010) develops a model in which

investors are allowed to choose the structure of the information they desire to get, and ex-

plains the comovement of prices in seemingly unrelated assets. Gabaix (2014) introduces

the sparse max operator to model agents’ levels of attention paid to different goods and its

consequences in a setting of consumer choice.6

The third strand in the literature related to my paper is the empirical literature on stock

returns around macroeconomic announcements. Lucca and Moench (2015) document that

there is an average of 49 basis points (bp) increase in the return of S&P 500 index during the

24 hours before scheduled FOMC announcements. They also find that the trading volume of

the E-mini S&P 500 futures is lower than usual before the announcement, but then spikes up

immediately after the announcement. Savor and Wilson (2013) document that the average

return on the day of scheduled macroeconomic announcements, such as CPI, PPI, unem-

ployment, and FOMC announcements, is 11.4 bp while 1.1 bp for all other days. Bernanke

and Kuttner (2005) document a 1% increase in various broad stock indices and industry

portfolios after an unanticipated 25 bp cut in the Fed funds target rate. Boyd, Hu, and Ja-

gannathan (2005) study the stock market reaction to announcements of the unemployment

rate. Chen, Jiang, and Zhu (2018) find that, while the excess market trading volume is

significantly higher on days with important macroeconomic news announcements, the excess

turnover on stocks after earnings announcements on firms are significantly lower if there is

a macroeconomic news announcement on the same day as the earnings announcement.

5Maćkowiak and Wiederholt (2015) apply the concept of rational inattention to both firms and households
to match the empirical impulse responses to both monetary policy shocks and aggregate technology shocks.

6Follow-up work along this stream of research includes Gabaix (2016a) on basic dynamic macroeconomics
and Gabaix (2016b) on macroeconomic fiscal and monetary policy.
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Finally, my model is related to the broader literature on information production and

trading in the capital market with fully rational investors. Starting with the seminal papers

by Grossman and Stiglitz (1980) and Hellwig (1980), a number of papers have applied the

noisy REE equilibrium concept to model information production and trading in the capital

markets. In these models, the stock price plays a dual role: one is to clear the markets,

the other is to (partially) reveal the private information generated by each investor to other

investors. Admati (1985) extends the above models to a multi-asset setting, and Brennan

and Cao (1997) provide an extension to a dynamic setting. Albuquerque (2012) builds a

stationary model of firms with periodic but heterogeneous earnings announcement dates and

dividend announcement dates, and show that the conditional variance of stock returns can

increase by little or even drop at an earnings announcement if there is sufficient noise in

the signals observed before the announcement. His prediction of a small post-announcement

increase in the variance of stock returns is consistent with the evidence in Savor and Wilson

(2013) that the realized volatility of daily stock market returns increases by only 4%.

3 Model Setup

I develop a discrete-time model to study how skilled investors optimally allocate their at-

tention in anticipation of a prescheduled macroeconomic announcement. The model builds

upon the dynamic trading model in Brennan and Cao (1997) and the static attention al-

location model in Kacperczyk, Van Nieuwerburgh, and Veldkamp (2016). Different from

the linear attention allocation optimization problem in Kacperczyk, Van Nieuwerburgh, and

Veldkamp (2016), the attention allocation optimization here becomes nonlinear because of

the multiple-period dynamics and brings in mathematical complexity in solving it.

3.1 Assets and Risk Factors

There are three assets in the market: a stock, the market index, and the riskfree asset.
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Riskfree asset. The riskfree asset offers a net return of r, which is normalized to 0. The

riskfree asset has unlimited supply.

Risky assets. Asset s is a stock, and asset m is the market index. Their terminal payoffs,

fs and fm, are represented by the following vector f :

f ≡

 fs

fm

 ≡ µ+ Γz ≡

µs

µm

+

1 b

0 1


 zs

zm

 (1)

where z ≡ (zs, zm)′ ∼ MVN(0,Σ) represents the vector of independent risk factors and its

var-cov matrix Σ =

σ2
s 0

0 σ2
m

 is diagonal.

Two sources of risks affect the payoff of the individual stock: the systematic (market)

risk zm (with b the corresponding market beta) and the idiosyncratic risk zs. The market

index is affected only by the systematic risk zm.

The supply vector of risky assets is defined through the supply of risk factors, as the model

will be solved on risk factors. I represent the supply vector of risk factors by x̄ +
∑t

s=1 xs,

where xs ∼MVN(0, σ2
xI2) is the amount of additional noisy supply at time s. In particular,

the supply of risk factors at t = 1 is given by x̄ + x1, and at t = 2 given by x̄ + x1 + x2.

Correspondingly, the supply of risky assets is Γ′−1(x̄+
∑t

s=1 xs).

For the simplicity of notations but still to distinguish the items on risk factors from the

items on risky assets, I use regular letters for the terms related to risk factors, e.g. P t for

the equilibrium price vector of the synthetic assets for risk factors, and Dt for the demand

vector on the synthetic assets.7 All corresponding terms on risky assets will be emphasized

by “̃·”, e.g. P̃ t and D̃t for the equilibrium price vector of risky assets and the demand vector

on risky assets, respectively.

7For more details on the synthetic assets, please refer to Section 4.
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3.2 Timeline

There are four dates in the model (Figure 1): t = 0, 1, 2, 3.8

Figure 1: Timeline of Model

At t = 0, investors optimally allocate their attention between the systematic risk factor

and the idiosyncratic risk factor.9 This attention allocation determines the precision of the

private signals each investor will receive at t = 1 and 2. At t = 1, all investors observe

(independent) private signals, as a result of information production, at their chosen preci-

sion levels, and form their optimal portfolios. At t = 2, the prescheduled macroeconomic

announcement on the market is released, and all investors observe another round of (inde-

pendent) private signals at their chosen precision levels and subsequently rebalance their

portfolios optimally. At t = 3, all payoffs are realized.

3.3 Market Participants

The capital market consists of skilled investors and liquidity traders. Skilled investors are

able to produce information about the future realization of both the systematic and the

8As we will discuss more thoroughly in section 3.3, there are two types of investors in the market, skilled
investors and liquidity traders. Only skilled investors (“investors” for short) are able to allocate attention
optimally, produce information, and trade strategically. The timeline presented here is essentially for skilled
investors.

9We may interpret the attention allocated to the systematic risk factor as the attention allocated to the
market index, since the payoff of the market index is only affected by the systematic risk factor. Similarly,
we may interpret the attention allocated to the idiosyncratic risk factor as the attention allocated to the
stock because the additional information investors learned about the stock is equivalent to the shock from
the idiosyncratic risk factor.
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idiosyncratic risk factors (and therefore about the stock and the market index) under the

constraint of limited attention capacity. The timeline of their behavior is presented in section

3.2. Liquidity traders, however, do not have the ability to allocate their attention optimally

or to produce information; neither do they trade strategically. In other words, liquidity

traders only provide a mean-zero noise in the supply of risky assets, i.e. the Γ′−1xs terms

discussed in section 3.1.

Utility of Skilled Investors. There is a continuum of ex ante homogeneous skilled investors

(“investors” for short), indexed by i ∈ [0, 1]. Each investor is endowed with initial wealth

W0.10,11 On each trading date (t = 1 and 2), each investor i forms her optimal portfolio, by

choosing the demand vector D̃i
t on risky assets, in order to maximize her expected constant

absolute risk aversion (CARA) utility of terminal wealth (t = 3),12

max
D̃i
t

Ei
t(− exp[−ρW i

3]), at t = 1 and t = 2, (2)

subject to the following budget constraints:

at t = 1 : initial wealth W i
1 ≡ W0,∀i ∈ [0, 1]; (3)

at t = 2 : W i
2 = W i

1 + (D̃i
1)′(P̃ 2 − P̃ 1). (4)

Investor i’s terminal wealth is expressed by

W i
3 = W i

2 + (D̃i
2)′(f − P̃ 2) = W i

1 + (D̃i
1)′(P̃ 2 − P̃ 1) + (D̃i

2)′(f − P̃ 2). (5)

10Or, equivalently, each investor is endowed with Γ′−1(1, 1)′ of risky assets and W0 − (1, 1)′P 0 in cash
(riskfree asset), where the initial price vector, P 0, of risk factors clears the market at t = 0. I will only need
this alternative definition when comparing trading volumes across time.

11The assumption of homogeneous initial wealth is without loss of generality because the constant absolute
risk aversion (CARA) utility used in the model has no wealth effect.

12Since the model will be solved backwards, I will explain portfolio formation (at t = 1, 2) first and
attention allocation (at t = 0) next.
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Attention Allocation. At t = 0, each investor i allocates her limited attention capacity

K to the idiosyncratic and systematic risk factors so that her date-0 expected utility is

maximized; i.e., for each investor i, Ki
s + Ki

m = K, where Ki
s is investor i’s attention

paid to the idiosyncratic risk factor, and Ki
m is her attention paid to the systematic risk

factor. According to the allocated attention (Ki
s, K

i
m), investor i receives independent private

signals for the two risk factors at t = 1 and 2: ηit = z + εit, where εit ∼ MVN(0,Σi
η) and

Σi
η ≡

[Ki
s]
−1 0

0 [Ki
m]−1

.

The utility maximization problem to be solved at t = 0 is therefore:

max
(Ki

s,K
i
m)
E0(− exp[−ρW i

3]), subject to Ki
s +Ki

m = K (6)

3.4 Macroeconomic Announcement

At t = 2, a public signal

ηpub,m = zm + εpub,m, where εpub,m ∼ N(0, [precpub,m]−1), (7)

is observed by all skilled investors and reveals information on the systematic risk factor.13

4 Equilibrium and Results

The equilibrium concept I use is that of the symmetric noisy Rational Expectations Equilib-

rium (REE) of Grossman and Stiglitz (1980). All skilled investors have the same optimal at-

tention allocation in equilibrium because of the ex ante homogeneity among skilled investors.

However, notice that the realization of private signals is still different among investors and

therefore skilled investors are ex post heterogeneous and allocate their portfolios differently.

13In later sections, I also use the formal vector ηpub ≡ (0, ηpub,m)′ to accommodate the matrix expression
in the analytical results. See Section 4.1 for more details.
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I solve for the equilibrium prices and optimal demands analytically. To take the advantage

of the independence between risk factors, I solve the model on the level of risk factors and

then pull back for the results on assets as linear combinations.14 Each risk factor (together

with a linear transform of the expected return µ) can be viewed as a synthetic asset created

by a linear combination of risky assets, so that the payoff vector of the synthetic assets

is Γ−1f ≡ Γ−1µ + z and the supply vector of these synthetic assets is x̄ +
∑t

s=1 xs for

t = 1, 2. Notice that, because of the fixed relation between factors and assets through

a linear combination, once investors retrieve information on risky assets (from equilibrium

prices or public/private signals), they also know the corresponding information on risk factors

and the synthetic assets; vice versa.

4.1 Bayesian Updating of Beliefs

Conditional on the attention allocation, (Ki
s, K

i
m), chosen at t = 0, investor i observes a

vector ηit of private signals on the two risk factors at t = 1, 2. I denote the information set

of investor i at time t ∈ {1, 2} by F it , i.e.,

F i1 = {P 1,η
i
1} (8)

F i2 = {P 1,P 2,η
i
1,η

i
2,ηpub}, (9)

where P t is the equilibrium price vector of the synthetic assets for risk factors, and ηpub = 0

ηpub,m

 with its precision matrix Σ−1
pub ≡

0 0

0 precpub,m

.15,16

As I will prove in Proposition 1, the equilibrium price vector P t generates an unbiased

14This also avoids the potential concern of changing correlations among assets (including market beta) in
the case of receiving signals directly on assets.

15Without loss of generality, I set 0 as the first component of ηpub so that the dimensions of all vectors in

F i
2 balance. Because of the zeros in Σ−1

pub, the value of the first component of ηpub does not matter essentially.
16From the discussion at the end of the preamble of this section, it is equivalent for investors to know the

prices of risky assets directly, i.e. F i
1 = {P̃ 1,η

i
1},F i

2 = {P̃ 1, P̃ 2,η
i
1,η

i
2,ηpub}.
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“signal” (estimator) for the final payoffs of risk factors, i.e.

ηp,t ≡ z + εp,t, where εp,t ∼MVN(0,Σp,t). (10)

By the standard process of Bayesian updating, investor i’s posterior belief about z at t = 1

is z|Fi1 ∼MVN(ẑi1, Σ̂
i

1), where

ẑi1 = Σ̂
i

1[(Σi
η)−1ηi1 + Σ−1

p,1ηp,1], (11)

(Σ̂
i

1)−1 = Σ−1 + (Σi
η)−1 + Σ−1

p,1. (12)

Similarly, investor i’s posterior belief about z at t = 2 is z|Fi2 ∼MVN(ẑi2, Σ̂
i

2), where

ẑi2 = Σ̂
i

2[(Σ̂
i

1)−1ẑi1 + (Σi
η)−1ηi2 + Σ−1

p,2ηp,2 + Σ−1
pubηpub] (13)

(Σ̂
i

2)−1 = (Σ̂
i

1)−1 + (Σi
η)−1 + Σ−1

p,2 + Σ−1
pub (14)

4.2 Equilibrium Prices and Demands

On each trading date t = 1, 2, given their updated beliefs about z, skilled investors form their

optimal portfolios {Di
t}i∈[0,1] to maximize their expected CARA utility of terminal wealth

Ei
t(− exp[−ρW i

3]). The equilibrium prices P t clear markets, i.e.,

∫ 1

0

Di
tdi = x̄+

t∑
s=1

xs (15)

Proposition 1. At t = 1, 2, the vectors of equilibrium prices of the synthetic assets for risk

factors are, respectively,

P 1 = [Γ−1µ− ρΣ̂1x̄] + Σ̂1[(I2 + ρ−2σ−2
x Σ

′−1

η )Σ
−1

η (z − ρΣηx1)] (16)

P 2 = [Γ−1µ− ρΣ̂2x̄]
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+Σ̂2[Σ−1
pubηpub +

2∑
t=1

(I2 + ρ−2σ−2
x Σ

′−1

η )Σ
−1

η (z − ρΣηxt)] (17)

where Σ
−1

η represents the average precision of private signals among all skilled investors,

Σ̂
−1

t represents the average precision of skilled investors’ posterior beliefs on z at t = 1, 2,

ηpub =

 0

ηpub,m

 is the dimension-balanced public signal with a precision matrix Σ−1
pub ≡0 0

0 precpub,m

, and I2 denotes the 2× 2 identity matrix.

Accordingly, the equilibrium price vector of risky assets at t = 1, 2 is P̃ t = ΓP t.

Conditional on the private signals and the public announcement (if applicable), the ad-

ditional information investors can rationally learn from the equilibrium price P t is

ηp,t = z − ρΣηxt, where Σ
−1

η ≡
∫ 1

0

(Σi
η)−1di. (18)

Thus, in (10), Σp,t = ρ2σ2
xΣηΣ

′
η.

Proposition 2. Investor i’s demand vector for (the synthetic asset of) risk factors at t = 1, 2

is

Di
t = ρ−1(Σ̂

i

t)
−1[Γ−1µ+ ẑit − P t] (19)

Accordingly, the demand vector for risky assets at time t is D̃t = (Γ−1)′Di
t, t = 1, 2.

4.3 Attention Allocation

Moving backward to t = 0, with results from Propositions 1 and 2 substituted in, I write

down the final optimization to solve:

Proposition 3. Investor i’s optimal attention allocation is determined by the following utility
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maximization problem:

max
Σi
η

E0(− exp[−ρW i
3])

= − det([(Σ̂
i

2)−1V i
1,∆P (y) + I2]−1[B′V i

1,∆P (z)−1BV i
1(∆P ) + I2]−1

[MV i
0 + I2]−1)−1 (20)

· exp{−ρW0 +
1

2
(Ei)′[(V i)−1(M + (V i)−1)−1(V i)−1 − (V i)−1]Ei},

subject to trace([Σi
η]−1) ≡ Ki

s +Ki
m = K

where Ei and V i denote investor i’s date-0 expectation and variance of Γ−1µ + ẑi1 − P 1

(expected return at t = 1 in investor i’s opinion), respectively, and y ≡ Γ−1µ + ẑi2 − P 2

represents the expected return at t = 2 in investor i’s opinion, and other notations are as

follows:

B ≡ V i
1,∆P (z)[V −1(ε∆P )(Σ̂2

−1

− Σ̂
−1

1 )Σ̂
−1

1 − (Σ̂
i

1)−1]

M ≡ (Σ̂
i

1)−1V i
1,∆P (z)(Σ̂

i

1)−1

+(Σ̂
−1

2 − Σ̂
−1

1 )Σ̂2V
i

1 (∆P )−1Σ̂2(Σ̂
−1

2 − Σ̂
−1

1 )

V i
1,∆P (y) ≡ cov-var matrix of y conditional on F i1 and P 2 − P 1

V i
1,∆P (z) ≡ cov-var matrix of z conditional on F i1 and P 2 − P 1

V i
1(∆P ) ≡ cov-var matrix of P 2 − P 1 conditional on F i1

4.4 Simulation Results

Because of mathematical complexity, I use numerical simulations to solve for the optimal

attention allocation at t = 0 and the corresponding equilibrium prices, asset returns, and

trading volumes around macroeconomic announcements. To interpret results intuitively in

the stylized model, I apply a set of benchmark parameters that are symmetric between the

two risk factors. Table 1 lists all the parameters used.
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Parameter Symbol Value
Risk aversion parameter ρ 1
Expected payoff of assets µ (15, 15)′

Market beta of stock b 0.7

Distribution of shocks in risk factors z MVN(0,

[
0.5 0
0 0.5

]
)

Number of skilled investors 500
Attention capacity K 1
Expected supply of risk factors x̄ (1, 1)′

Distribution of additional supply of risk factors xt MVN(0,

[
0.5 0
0 0.5

]
)

Table 1: Parameters Used in Simulation

Result 1. Attention allocation between the systematic and idiosyncratic risk factors:

If there is no public signal, or a very imprecise public signal, investors have to allocate

their attention to both risk factors to maximize their utility. With my symmetric setup of

parameters, investors devote their attention equally between the two risk factors, as shown

by the y-intercept in Figure 2. As the public signal from the macroeconomic announcement

gets more precise, investors shift more of their attention from the systematic risk factor to

the idiosyncratic risk factor (Figure 2).

Result 2. Equilibrium prices of the risky assets before and after the macroeconomic announce-

ment (at t = 1, 2):

From Result 1, the more precise the macroeconomic announcement, the more attention

allocated to the idiosyncratic risk factor and the less attention allocated to the systematic

risk factor. Thus, at t = 1, the private signal for the systematic risk factor from information

production is less precise and thus the uncertainty on the market index is higher, so that

the price of the market index decreases; similarly, the price of the stock increases. At t = 2,

even though the new private signal on the systematic risk factor (from another round of

information production) is at the same precision level as that of t = 1, there is more public

information about the systematic risk factor because of the macroeconomic announcement,

so that the overall uncertainty on the systematic risk factor is lower and hence the price of

the market index increases. The price of the stock at t = 2 still increases as another round of
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Figure 2: Attention Allocation as a Function of Public Signal Precision

more precise private signals are observed from information production, when a more precise

macroeconomic announcement is anticipated. This simulation result is presented in Figure

3.

Result 3. Returns on risky assets upon the macroeconomic announcement (from t = 1 to

t = 2):

As we compare the trends of the prices of the two assets at t = 2 to their counterparts at

t = 1, it is easy to see that both the return on the market index and the return on the stock

should increase when the macroeconomic announcement gets more precise. This is reflected

by Figure 4. This result is consistent with the strong stock market reaction to surprise Fed

fund rate changes as documented in Bernanke and Kuttner (2005). It also matches the

observed stylized facts on market index (Lucca and Moench, 2015) when we take potential

information leakage into consideration.17

17See Bernile, Hu, and Tang (2016) and Cieslak, Morse, and Vissing-Jorgensen (2018) for discussion on
information leakage during the 30-min period (news embargoes) before FOMC meetings and other informal
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Figure 3: Equilibrium Price as a Function of Public Signal Precision

Figure 4: Return of Assets as a Function of Public Signal Precision

communication on days other than FOMC announcements, respectively.
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The trend of asset returns is accompanied by a similar trend of return volatility, repre-

sented by the standard deviation of asset returns from t = 1 to t = 2 (Figure 5). This is

consistent with the positive relation between the expected variance of daily market returns

and the aggregated quarterly announcement day returns as documented by Savor and Wilson

(2014).

Figure 5: Return Volatility of Assets as a Function of Public Signal Precision

Result 4. Trading volumes on the market index before and after the macroeconomic an-

nouncement (at t = 1, 2):

As public announcement reveals more information about the market, uncertainty is lower

and thus investors’ demand for the index is higher. This leads to the first observation in

Figure 6 that the trading volume increases on the index overall regardless of the precision of

the announcement.18 Besides, recalled from Result 1, the more precise the macroeconomic

announcement, the less attention allocated to the systematic risk factor. From (13) and

18The trading volume on the market index at date t is define as the aggregate change in skilled investors’
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(14), the posterior belief of a skilled investor i at t = 2 is a weighted average of her prior

belief about z at t = 2 (i.e. her posterior belief about z at t = 1), her private signal received

from information production at t = 2, the public signal observed from the macroeconomic

announcement, and the additional information rationally learned from the equilibrium price

vector P 2, with weights determined by the precision of each component. When the preci-

sion of the macroeconomic announcement is greater, the weight of the public signal in her

posterior beliefs of the market is larger. The same effect applies to all skilled investors. This

will drive all skilled investors’ beliefs on the systematic risk factor close to each other and

therefore decrease the trading volume on the market index gradually. At t = 1, a similar

argument holds because investors’ prior beliefs at t = 1 take greater weights when updating

their beliefs (shown in (11) and (12)), since they receive less precise private signals on the

systematic risk factor when the public announcement is more precise. This leads to the

downward trend shown in Figure 6.

Result 5. Ratio of trading volumes on the market index around the macroeconomic announce-

ment (i.e the relative change in the trading volume on the market index from t = 1 to t = 2):

To have a better understanding of the increase in trading volume from t = 1 to t = 2,

I calculate the ratio of the trading volumes across the two periods. The result is shown in

Figure 7. The trading volume at t = 2 can be interpreted as investors’ “corrections” to

their initial portfolio allocation (at t = 1) after they observe more information at t = 2.

First, as investors anticipate a more precise macroeconomic announcement, they allocate

less attention to the systematic risk factor when producing information and thus create

more “mistakes” a priori at t = 1 in their initial portfolios. Second, at t = 2, when

investors actually observe the more precise macroeconomic announcement, they are more

holding positions on the market index, i.e.

TVm,t =
1

N

N∑
i=1

|Di
m,t −Di

m,t−1|,

where Di
m,t is the market component of the demand vector for skilled investor i at date t and N is the

population of skilled investors in the market.
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Figure 6: Level of Trading Volumes on the Market Index as a Function of Public Signal
Precision

able to “correct” their “mistakes” upon announcement. Altogether, the relative increase in

the trading volume on the market index increases in the precision of the macroeconomic

announcement, as shown by the upward trend of the ratio with respect to the expected

precision of the macroeconomic announcement.

5 Testable Predictions

The model generates several testable predictions, which I describe below. I will test some of

these predictions in my empirical analysis.

Implication 1. Attention allocation in anticipation of macroeconomic announcements with

different levels of precision.

My model predicts that when a more precise public signal about the underlying economic

condition (i.e. the systematic risk factor) is expected from the upcoming macroeconomic an-
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Figure 7: Ratio of Trading Volume on Market Index as a Function of Public Signal Precision

nouncement, skilled investors will allocate more of their attention to the idiosyncratic risk

factors, about which investors do not expect an announcement in the near future. For

each type of macroeconomic announcements (e.g. FOMC announcements, consumer price

index (CPI) announcements, and unemployment rate announcements), the anticipated pre-

cision of each forthcoming announcement varies (e.g. the FOMC announcement on Dec 19,

2018 vs. the FOMC announcement on Nov 8, 2018). Thus an empirical implication of my

model is that, among a fixed type of macroeconomic announcements (e.g. all FOMC an-

nouncements) investors pay more attention to information production about idiosyncratic

risk factors when a more precise FOMC announcement is expected. Potential proxies for at-

tention/inattention include trading volume on assets (Hou, Xiong, and Peng, 2009), whether

an announcement occurs on Friday (DellaVigna and Pollet, 2009), whether the number of

competing announcements is high on the same day (Hirshleifer, Lim, and Teoh, 2009), and

media coverage (Engelberg and Parsons, 2011; Fang and Peress, 2009).
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Implication 2. Return on the market index around different macroeconomic announcements.

My model predicts that the market return will be higher around a more precise macroe-

conomic announcement than around a less precise announcement. This is consistent with

the observation documented by Brusa, Savor, and Wilson (2017) that, while high returns

are documented in the case of FOMC announcements, similar high returns do not appear

around monetary policy announcements by other (non-U.S.) central banks. This is consis-

tent with my model’s predictions, since the U.S. is the dominant financial market in the

world. This is also consistent with the evidence of Lucca and Moench (2015) who study

the pre-FOMC return on the S&P 500 index. While the pre-FOMC market return in Lucca

and Moench (2015) is specific to the 24 hours before the scheduled FOMC announcements,

it does not exclude the possibility of information leakage during that period. Bernile, Hu,

and Tang (2016) use high-frequency data to find that during news embargoes before sched-

uled FOMC announcements, there are significant E-mini S&P 500 futures abnormal order

imbalances in the same direction as the policy surprises to be revealed in the following an-

nouncements about 30 mins later.19 The result predicted by my model here is consistent

with their observation if I take information leakage into consideration.

Implication 3. The level of trading volume around macroeconomic announcements.

My model predicts that the level of trading volume on the market index will increase

after a macroeconomic announcement. This is consistent with the stylized fact that trading

volumes are higher after announcements. For example, Lucca and Moench (2015) document

that the trading volume of E-mini S&P 500 futures spikes up right after scheduled FOMC

announcements.

Implication 4. Trading volumes around different macroeconomic announcements.

My model predicts that the relative increase in the trading volume of the market index

will be higher when the macroeconomic announcement is more precise. In the context of

19Cieslak, Morse, and Vissing-Jorgensen (2018) also mention that there is informal communication about
the Fed policies before the official FOMC announcement.
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various macroeconomic announcements, I expect to observe a higher increase in the trading

volume of the market index (e.g. E-mini S&P 500 futures) around FOMC announcements

than other macroeconomic announcements, since the former announcements are expected to

be more precise about the forward-looking economic economic conditions.

Implication 5. Market return and trading volume around scheduled vs. unscheduled an-

nouncements.

If an announcement pops up as a surprise, investors will not allocate their attention in

the same way as in the case where the announcement is anticipated a priori. In that case,

we should only observe the information effect related to the announcement, but not those

related to attention shifting. Thus, conditional on the same magnitude of the information

surprise contained in the announcement, both the market return and the trading volume

on the market index should be lower around an unscheduled macroeconomic announcement

than around a scheduled macroeconomic announcement. This has not been tested so far in

the literature and can therefore serve as a unique test of my model.

6 Empirical Analysis

In this section I present empirical tests of some of the empirical implications discussed in

the previous section.

6.1 Proxies Used in the Empirical Analysis

The key element of my model is the attention paid by investors to information production on

the systematic and idiosyncratic risk factors, which in turn drives the changes in the trading

volumes before and after the macroeconomic announcement when investors expect varying

precisions of the upcoming macroeconomic announcement. However, neither the precision

of the private signals received by investors nor the precision of the public signal from the

macroeconomic announcement is directly observable. In order to proxy for the precisions of
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these two signals (private and public, respectively), I use the following two proxies. First, I

use the media coverage received by a certain risk factor (e.g. the systematic risk factor) as a

proxy for the attention paid by investors to that factor. When a majority of investors intend

to learn more about a certain risk factor (e.g. the systematic risk factor), we expect to see a

lot of discussion about it in the media, i.e. we can interpret the media coverage on the risk

factor as a proxy for the aggregate attention level paid by investors. I therefore use the count

of news articles on the macroeconomic variable (e.g. interest rate or consumption) as a proxy

for investor attention on the systematic risk factor before a macroeconomic announcement

(e.g. FOMC announcement or CPI announcement) in my empirical analysis.

Second, I use the standard deviation of analyst forecasts regarding a particular macroe-

conomic variable (e.g. the Fed funds target rate or the change in Consumer Price Index) as

an inverse proxy for the expected precision of the upcoming macroeconomic announcement

regarding that variable. Intuitively, if most of the analyst forecasts on a macroeconomic vari-

able (e.g. the Fed funds target rate or the change in Consumer Price Index) before the actual

announcement (e.g. FOMC announcement or CPI announcement) agree with each other,

investors expect the actual announced value to be close to (or even the same as) the forecast

value; the public signal from the upcoming announcement is therefore expected to reflect the

economic condition very precisely. In contrast, if there is a large dispersion in the analyst

forecasts before the announcement, the public signal from the upcoming announcement is

expected to reflect the economic condition less precisely.

6.2 Hypothesis Tested

Here I test the following three hypotheses:

1. Relation between the expected precision of the upcoming macroeconomic announcement

and the attention allocation of investors: As predicted by my model, the more precise the

upcoming macroeconomic announcement, the less attention paid by skilled investors to pro-

duce information about the systematic risk factor. Hence, I expect that, when the standard
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deviation of analyst forecasts before a macroeconomic announcement is greater (i.e. a less

precise upcoming announcement), there will be more news articles discussing the correspond-

ing macroeconomic variable. In particular, I expect more news articles on “interest-rates”

when the standard deviation of analyst forecasts about the Fed funds rate is greater before

an FOMC announcement. Similarly, I expect more news articles on “consumption” when

the standard deviation of analyst forecasts about the change in Consumer Price Index is

greater before a CPI announcement. This is the first hypothesis that I test here (H1).

2. Relation between the attention paid to the systematic risk factor and the level of trading

volume on the market index: When more news articles discuss the corresponding macroe-

conomic variable (i.e. more aggregate attention is paid by investors to the systematic risk

factor) before a macroeconomic announcement, the uncertainty about the market index is

lower (both before and after the announcement), and thus investors would like to hold more

of the market index in their portfolios. This will create higher trading volumes on the market

index both before and after the macroeconomic announcement. More precisely, we expect

higher trading volumes on the market index both before and after an FOMC announcement

when more news articles discuss about “interest-rates” before the announcement. Similarly,

we expect higher trading volumes on the market index both before and after a CPI announce-

ment when more news articles discuss about “consumption” before the announcement. This

is the second hypothesis that I test here (H2).

3. Relation between the attention paid to the systematic risk factor and the ratio of the pre-

announcement trading volume over the post-announcement trading volume: When more news

articles discuss the corresponding macroeconomic variable (i.e. more aggregate attention is

paid by investors to the systematic risk factor) before a macroeconomic announcement,

investors make less “mistakes” when they decide the weight of the market index in their

portfolio before the macroeconomic announcement and thus there is less need to modify their

position on the market index after the announcement. This will create a smaller relative
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increase in the trading volume on the market index from before the announcement to after

the announcement. More precisely, we expect a lower ratio of the post-FOMC trading volume

on the market index over the pre-FOMC trading volume on the market index when more

news articles discuss about “interest-rates” before the announcement. Similarly, we expect

a lower ratio of the post-CPI trading volume on the market index over the pre-CPI trading

volume on the market index when more news articles discuss about “consumption” before

the announcement. This is the third hypothesis that I test here (H3).

6.3 Data

The data of analyst forecasts on macroeconomic variables (before macroeconomic announce-

ments) is obtained from Bloomberg, available from December 1998 till December 2018. The

data contains the forecast value reported by each analyst firm and the actual announced

value(s) of the macroeconomic variable for each macroeconomic announcement. I define the

variables SD(−∞, 0], SD(−∞,−3days), and SD[−30days,−3days) as the standard devia-

tion of all analyst forecasts before each given macroeconomic announcement, the standard

deviation of all analyst forecasts more than three days before each given macroeconomic

announcement (i.e. the (−∞,−3 days) window), and the standard deviation of analyst fore-

casts more than three days but no more than 30 days before each given macroeconomic

announcement (i.e. the [−30 days,−3 days) window), respectively.20 To control for the

information effect in post-announcement trading, I define AnnSurp (short for “announce-

ment surprise”) as the difference between the actual announced value of the macroeconomic

variable and the forecast mean, AbsAnnSurp as the absolute difference between the actual

announced value and the forecast mean (i.e. the absolute value of AnnSurp, |AnnSurp|),

and NormAnnSurp as the normalized absolute difference between the actual announced

20The second and the third definitions of the standard deviation guarantee that the window of measure-
ment for analyst forecast dispersion is strictly before the windows of measurement for the number of news
counts and for the trading volumes (to be defined later).
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value and the forecast mean (i.e. AbsAnnSurp/SD(−∞, 0]).21

The transaction-level data of the trading volume on E-mini S&P 500 futures is down-

loaded from TickData, available from July 2003 till December 2018. The transaction shares

of E-mini S&P 500 futures are then aggregated within various windows before or after each

macroeconomic announcement. The trading volume during the 72-hour window before an

announcement is denoted by TV [−72hrs, 0], the trading volume during the 24-hour window

after an announcement is denoted by TV [0, 24hrs], and similarly, the trading volume dur-

ing the 72-hour window after an announcement is denoted by TV [0, 72hrs]. I also study

two ratios of trading volumes, one is Ratio 24to72, defined as the ratio of the trading vol-

ume on E-mini S&P 500 futures during the 24-hour window after an announcement over

the trading volume on E-mini S&P 500 futures during the 72-hour window before the same

announcement (i.e. TV [0, 24hrs]/TV [−72hrs, 0]), the other is Ratio 72to72, defined as the

ratio of the trading volume on E-mini S&P 500 futures during the 72-hour window after

an announcement over the trading volume on E-mini S&P 500 futures during the 72-hour

window before the same announcement (i.e. TV [0, 72hrs]/TV [−72hrs, 0]).

The data on news articles is downloaded from the RavenPack Global Macro database,

available from January 2000 till October 2018. Each news article has a specific rp story id

and the corresponding classification information such as group. I count the distinct number of

rp story id with group equal to “interest-rates” (“consumption”) during the 72-hour window

before each FOMC announcement (CPI announcement), denoted by News[−72hrs, 0].

The final sample of my empirical analysis has 124 FOMC announcements from Aug 2003

till Dec 2018, among which 122 of them have available analyst forecasts information, and 184

CPI announcements within the same period with available analyst forecasts data. Table 2

shows the summary statistics of all variables, Panel A for FOMC announcements and Panel

B for CPI announcements.

21The number of observations for NormAnnSurp is much smaller than those of the other two variables
on announcement surprise in the case of FOMC announcements, however, because of the zero standard
deviations among analyst forecasts for many of the FOMC announcements.
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6.4 Empirical Tests and Results

The first test is on the effect of announcement precision on the attention allocation by

investors (H1). I run the OLS regression of the news counts during the 72 hours before

each announcement, News[−72hrs, 0], on the three measures of the standard deviation of

analyst forecasts before the same upcoming announcement (defined in the previous sub-

section): SD(−∞, 0], SD(−∞,−3days), SD[−30days,−3days), respectively. My model

predicts that, the less precise the upcoming announcement is anticipated by investors (i.e.

the higher the standard deviation of the analyst forecasts), the more attention is paid to the

information production of the systematic risk factor (i.e. the more news there are discussing

about interest rates). Thus, we expect a positive relation between the standard deviation of

analyst forecasts, regardless of which measure of standard deviation is used, and the counts

of news articles on interest rates before announcement. The results presented in Table 3 is

consistent with H1 for both FOMC and CPI announcements.

The second test is on the effects of the attention allocation by investors on the levels

of trading volumes before and after announcements (H2). I run the OLS regression of the

trading volumes on the E-mini S&P 500 futures 72 hours before and 24 hours after the

macroeconomic announcements, respectively, on the number of news articles in the corre-

sponding news group (“interest-rates” for FOMC and “consumption” for CPI) during the

72 hours before the same announcement. As predicted by the model, when more attention

is paid to the systematic risk factor (i.e. the market), the higher the precision of the pri-

vate signals received by investors, the lower the uncertainty on the market index, and the

higher are the levels of the trading volume both before and after the announcement. Thus we

expect both a positive relationship between the news counts and the pre-announcement trad-

ing volume and a positive relationship between the news counts and the post-announcement

trading volume. To distinguish this attention effect from the classical information effect,

I control for the announcement surprises by including AbsAnnSurp, the absolute differ-

ence between the actual announced value of the macroeconomic variable and its forecast
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mean, in the multivariate regression. Alternatively, I also control for the announcement sur-

prises by NormAnnSurp, the normalized absolute difference between the actual announced

value of the macroeconomic variable and the forecast mean. In all the OLS regressions,

with or without controlling for announcement surprises, I find a positive relation between

News[−72hrs, 0] and the pre-announcement trading volume (measured by TV [−72hrs, 0])

and a positive relation between News[−72hrs, 0] and the post-announcement trading vol-

ume (measured by TV [0, 24hrs]), as shown in Table 4. This is consistent with H2 for both

FOMC and CPI announcements.

The third test is on the effect of investor attention on the ratio of the post-announcement

trading volume over the pre-announcement trading volume on the E-mini S&P 500 futures

(H3). I run the OLS regression of the ratio of trading volumes (as measured by Ratio 24to72

and Ratio 72to72) on the number of news articles on interest rates during the 72 hours

before announcements (as measured by News[−72hrs, 0]). My model predicts that, when

more attention is paid to the systematic risk factor (i.e. the market) before announcement,

investors make less “mistakes” when forming their initial portfolios and thus there is less

need for them to modify their portfolios after announcement, resulting in a lower ratio of

trading volumes. Therefore, we expect a negative relationship between the number of news

articles and the ratio of trading volumes around announcement. The results presented in

Tables 5 and 6 are consistent with H3, both for the FOMC announcement and the CPI

announcement.

7 Conclusion

I develop a model of investor behavior around prescheduled macroeconomic announcements.

My model analyzes the optimal allocation of investor attention between systematic and

idiosyncratic risk factors when a macroeconomic announcement is anticipated. Skilled in-

vestors, when producing information under a limited attention capacity, optimally allocate
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more of their attention to analyzing the idiosyncratic risk factor when they anticipate more

precise public information about the systematic risk factor from the macroeconomic an-

nouncement. Consequently, my model predicts that, the more informative (precise) the

macroeconomic announcement is expected to be about the underlying risk factors, ceteris

paribus, the more uncertainty pre-announcement, the more resolution of uncertainty post-

announcement, and the higher the trading volume around the announcement on the market

index. My empirical analysis of trading by investors around both FOMC and CPI announce-

ments support my model’s predictions. In particular, my empirical findings are consistent

with model predictions about the effect of the anticipated macroeconomic announcement

precision on investor attention allocation, the effect of investor attention on the levels of pre-

announcement and post-announcement trading volumes, and the effect of investor attention

on the ratio of post-announcement trading volume over the pre-announcement trading vol-

ume.
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Appendices

A Proof of Propositions

A.1 Proof of Proposition 1

Following Brennan and Cao (1997), I conjecture a linear structure for the equilibrium price

which in general reads as

P t = [Γ−1µ− ρΣ̂tx̄]

+Σ̂t

t∑
j=1

[Σ−1
pub,jηpub,j + (I2 + ρ−2σ−2

x Σ
′−1

η )Σ
−1

η (z − ρΣηxj)] (A.1)

where Σ−1
pub,j = 0 (a 2 × 2 zero matrix) if there is no public announcement at time j. This

linear form generates an unbiased estimator for z,

ηp,t ≡ z − ρΣηxj. (A.2)

Following the Bayesian updating in Section 4.1 and applying the demand vectors in Proposi-

tion 2, it is straightforward to confirm that (A.1) clears the market at both t = 1 and t = 2.

Written specifically for each trading period, I have expressions (16) and (17).

This completes the proof of Proposition 1.

A.2 Proof of Proposition 2

Notice from Proposition 1 that the conditional distribution of z in the belief of any given in-

vestor i at t = 2 is normal, so that the utility maximization problem maxDi
2
Ei

2(− exp[−ρW i
3])

is equivalent to the classical maximization for a mean-variance utility,

max
Di

2

(Di
2)′(Γ−1µ+ ẑi2 − P 2)− ρ

2
(Di

2)′Σ̂
i

2D
i
2 (A.3)
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A standard procedure confirms (19) for t = 2. The case of t = 1 is more complex since when

investors form their beliefs about their terminal wealth W i
3 at t = 1, not only their beliefs on

z matter, but also their beliefs on the capital gain P 2 − P 1 do. I will confirm the optimal

demand at t = 1 through the calculation of expected utilities.22

To calculate the expected utility at t = 1, I decompose the belief updating process from

t = 1 to t = 2 into two steps, with ∆P as an intermediate additional information.

Step 1. Investors update their beliefs z|F i1 ∼MVN(ẑi1, Σ̂
i

1) conditional on the change in

price ∆P ≡ P 2 − P 1. In order to do so, I compare (16) and (17) to establish an unbiased

estimator for z based on the additional information revealed by ∆P as follows:23

(Σ̂
−1

2 − Σ̂
−1

1 )−1Σ̂
−1

2 (P 2 − P 1) + (P 1 − Γ−1µ)

= z + (Σ̂
−1

2 − Σ̂
−1

1 )−1[Σ−1
pubεpub − ρ(Σ

−1

η + Σ−1
p,2)Σηx2]

≡ z + ε∆p (A.4)

The expectation and variance of the noise ε∆p are

E(ε∆p) = 0 (A.5)

V (ε∆p) = (Σ̂
−1

2 − Σ̂
−1

1 )−1 + (Σ̂
−1

2 − Σ̂
−1

1 )−1(Σ
−1

η + ρ2σ2
xI2)(Σ̂

−1

2 − Σ̂
−1

1 )′−1 (A.6)

We denote the mean and variance of z conditional on both F i1 and ∆P by Ei
1,∆P (z) and

V i
1,∆P (z) respectively, and by Bayes Law,

V i
1,∆p(z)−1 ≡ V [z|F i1,P 2 − P 1]−1 = (Σ̂

i

1)−1 + V (ε∆p)
−1 (A.7)

Ei
1,∆P (z) = V i

1,∆p(z)[(Σ̂
i

1)−1ẑi1 + V (ε∆p)
−1(z + ε∆p)] (A.8)

22To prove Proposition 3, I also need to trace the expected utility back to t = 0.
23Notice that the signal ε∆p is orthogonal to the information set F i

1.
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Incidentally, I will later need the following expectation and variance in calculation:

Ei
1(∆P ) = Σ̂2(Σ̂

−1

2 − Σ̂
−1

1 )[Γ−1µ+ Ei
1(z)− P 1] (A.9)

V i
1 (∆P ) = Σ̂2(Σ̂

−1

2 − Σ̂
−1

1 )[Σ̂
i

1 + V (ε∆P )](Σ̂
−1

2 − Σ̂
−1

1 )′Σ̂
′
2 (A.10)

Step 2. Investors further update their beliefs by their expected excess returns, denoted

by

yt ≡ Γ−1µ+ ẑit − P t, for t = 1, 2 (A.11)

The intermediate conditional expectation is

Ei
1,∆p(y2) ≡ E(y2|F i1,∆p)

= Ei
1,∆P (z)−∆P − (P 1 − Γ−1µ)

= A+B∆P , (A.12)

where

A = V i
1,∆p(z)(Σ̂

i

1)−1(Γ−1µ+ ẑi1 − P 1), (A.13)

B = V i
1,∆p(z)V (ε∆p)

−1(Σ̂
−1

2 − Σ̂
−1

1 )−1Σ̂
−1

2 − I2, (A.14)

and the intermediate conditional variance is

V i
1,∆p(y2) ≡ V (y2|F i1,∆p)

= V i
1,∆p(z)− E[Σ̂

i

2|F i1,∆P ]

= [(Σ̂
i

1)−1 + V (ε∆p)
−1]−1 − Σ̂

i

2. (A.15)

The last equality applies the fact that all expected variances under the assumption of nor-

mality are independent of the actual realizations of signals.

40



Notice that F i2 = {P 1,P 2,η
i
1,η

i
2,ηpub} = span{F i1,∆P ,y2}, so the conditional expec-

tation Ei
1(·) can be calculated from Ei

2(·) through the calculation of Ei
1,∆p(·).

Calculation of expected utilities:

Now I evaluate the sequence of expected utilities in the order of Ei
2(·)→ Ei

1,∆p(·)→ Ei
1(·).

The expected utility at t = 2 is simply

Ei
2(− exp[−ρW i

3]) = − exp{−ρW i
2 −

1

2
y′2(Σ̂

i

2)−1y2}. (A.16)

Applying (A.12) and (A.15), the expected utility conditional on F i1 and ∆P is

Ei
1,∆p(− exp[−ρW i

3])

= Ei
1,∆p(E

i
2(− exp[−ρW i

3]))

=

∫
− exp{−ρW i

2 −
1

2
y′2(Σ̂

i

2)−1y2} det(2πV i
1,∆p(y2))−

1
2

exp{−1

2
(y2 − Ei

1,∆p(y2))′V i
1,∆p(y2)−1(y2 − Ei

1,∆p(y2))}dy2

= − det(2πV i
1,∆p(y2))−

1
2 exp(−ρW i

2)∫
exp{−1

2
[y′2(Σ̂

i

2)−1y2 + (y2 − Ei
1,∆p(y2))′V i

1,∆p(y2)−1(y2 − Ei
1,∆p(y2))]}dy2

= − det(V i
1,∆p(y2)−1[(Σ̂

i

2)−1 + V i
1,∆p(y2)−1]−1)

1
2

exp(−ρW i
2 −

1

2
Ei

1,∆p(y2)′V i
1,∆p(y2)−1[I2 − Σ̂

i

2V
i

1,∆p(z)−1]Ei
1,∆p(y2))

To arrive at the last step in the above, I complete the squares with respect to y2 in the

second to the last step.

With (A.9) and (A.10), investor i’s conditional expectation at t = 1 can be calculated as

follows

Ei
1(− exp[−ρW i

3])

= Ei
1(Ei

1,∆p(− exp[−ρW i
3]))

= − det(V i
1,∆p(y2)−1[(Σ̂

i

2)−1 + V i
1,∆p(y2)−1]−1)

1
2
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∫
exp(−ρ[W0 + (Di

1)′∆P ]− 1

2
Ei

1,∆p(y2)′V i
1,∆p(y2)−1[I2 − Σ̂

i

2V
i

1,∆p(z)−1]Ei
1,∆p(y2))

det(2πV i
1 (∆P ))−

1
2 exp{−1

2
[∆P − Ei

1(∆P )]′V i
1 [∆P )−1(∆P − Ei

1(∆P )]}d(∆P )

= − det([(Σ̂
i

2)−1V i
1,∆p(y2) + I2]−1V i

1 (∆P )−1[B′V i
1,∆p(z)−1B + V i

1 (∆P )−1]−1)
1
2

exp{−ρW0 +
1

2
[B′V i

1,∆p(z)−1A− V i
1 (∆P )−1Ei

1(∆P )−1 + ρDi
1]′

[B′V i
1,∆p(z)−1B + V i

1 (∆P )−1]−1[B′V i
1,∆p(z)−1A− V i

1 (∆P )−1Ei
1(∆P ) + ρDi

1]

−1

2
[A′V i

1,∆p(z)−1A+ Ei
1(∆P )′V i

1 (∆P )−1Ei
1(∆P )]}

Differentiating the result from the last step with respect to Di
1, I confirm that (19) also holds

for t = 1. With the optimal portfolio allocation at t = 1, the conditional expected utility

above is further simplified into

Ei
1(− exp[−ρW i

3])

= − det([(Σ̂
i

2)−1V i
1,∆p(y2) + I2]−1V i

1 (∆P )−1[B′V i
1,∆p(z)−1B + V i

1 (∆P )−1]−1)
1
2

exp{−ρW0 −
1

2
[A′V i

1,∆p(z)−1A+ Ei
1(∆P )′V i

1 (∆P )−1Ei
1(∆P )]} (A.17)

This completes the proof of Proposition 2.

A.3 Proof of Proposition 3

Continuing from the calculation of expected utility in the proof of Proposition 2, I now

move backwards to t = 0 and calculate investors’ unconditional expected utility at t = 0.

Skilled investors allocate their attention before observing any information. Recall that y1 ≡

Γ−1µ+ ẑi1−P 1, and I take a closer look at the exponent of the second component in (A.17):

A′V i
1,∆p(z)−1A+ Ei

1(∆P )′V i
1 (∆P )−1Ei

1(∆P )

= [Γ−1µ+ ẑi1 − P 1]′{(Σ̂
i

1)′−1V i
1,∆p(z)′(Σ̂

i

1)−1

+(Σ̂
−1

2 − Σ̂
−1

1 )′Σ̂
′
2V

i
1 (∆P )−1Σ̂2(Σ̂

−1

2 − Σ̂
−1

1 )}[Γ−1µ+ ẑi1 − P 1] (A.18)
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≡ y′1My1,

where I denote the middle component (all terms inside the curly brackets in (A.18)) above

by M for convenience. The calculation of the unconditional expectation and variance of y1

is standard and straightforward. i.e.,

Ei ≡ E0(y1) = ρΣ̂1x̄ (A.19)

V i ≡ V0(y1) = Σ̂1Σ
−1Σ̂

′
1 − (Σ̂

i

1)′ + (Σ̂1Σ
−1 − I2)Σp,1(Σ̂1Σ

−1 − I2)′ (A.20)

Finally, the expected utility at t = 0 of investor i is

E0(− exp[−ρW i
3])

= E0(Ei
1(− exp[−ρW i

3]))

= − det([(Σ̂
i

2)−1V i
1,∆p(y2) + I2]−1V i

1 (∆P )−1[B′V i
1,∆p(z)−1B + V i

1 (∆P )−1]−1)
1
2∫

exp[−ρW0 −
1

2
y′1My1] det(2πV i)−

1
2 exp{−1

2
(y1 −Ei)′(V i)−1(y1 −Ei)}dy1

= − det([(Σ̂
i

2)−1V i
1,∆p(y2) + I2]−1[B′V i

1,∆p(z)−1BV i
1 (∆P ) + I2]−1[MV i + I2]−1)

1
2

exp{−ρW0 +
1

2
(Ei)′[(V i)′−1(M + (V i)−1)′−1(V i)−1 − (V i)−1]Ei} (A.21)

This completes the proof of Proposition 3.

B Additional Simulation Results

Because my model is solved on the level of risk factors, here I supply the simulation results

on the level of risk factors as references to help interpret the results on assets in the main

text. All parameters are same as exhibited in Table 1.

Result B.1. Equilibrium Prices of the Synthetic Assets on Risk Factors:

From Result 1 in Section 4.4, as the precision of the announcement increases, more
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attention is allocated toward the idiosyncratic risk factor. Thus , at t = 1, the private

signals for the idiosyncratic risk factor are more precise and lowers the uncertainty, so that

the price of the synthetic asset on the idiosyncratic risk factor is higher. At t = 2, there is

no public signal revealed for the idiosyncratic risk factor, but the private signals received by

the skilled investors are of the same precision as at t = 1, so by a same argument as above

the price of the synthetic asset also increases at t = 2 (Figure B.1).

Figure B.1: Equilibrium Price of Synthetic Asset for Idiosyncratic Risk Factor

By an analogy of the discussion above, the price of the synthetic asset on the systematic

risk factor at t = 1 decreases in the precision of the anticipating macroeconomic announce-

ment. At t = 2, however, since more information about the market is released through

the announcement, the uncertainty on the systematic risk factor is significantly lowered and

thus cancels out the uncertainty from the less precise private signals and further increases

the price of the synthetic asset on the systematic risk factor (Figure B.2).

Result B.2. Returns on Synthetic Assets for Risk Factors:

As more precise an announcement is expected, more attention is allocated to the id-
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Figure B.2: Equilibrium Price of Synthetic Asset for Systematic Risk Factor

iosyncratic risk factor so that the incremental information received in the period before the

announcement increases and the return on the synthetic asset for the idiosyncratic risk factor

increases. For the systematic risk factor, even though the private signals on it are less precise

because of attention shifting, the public signal from the announcement compensates for the

information loss and further increases the precision of the incremental information within

the period from t = 1 to t = 2. Thus, the return of the synthetic asset for the systematic risk

factor increases (Figure B.3). The trend of returns on the synthetic assets is accompanied

by a similar trend in the standard deviation of returns on these synthetic assets, as shown

in Figure B.4, confirming the increase in uncertainty on the systematic risk factor and the

decrease of uncertainty on the idiosyncratic risk factor as the public signal gets more precise.

Result B.3. Trading volume of the risk factors:

The overall levels of the trading volumes on both the synthetic asset for the systematic

risk factor and the synthetic asset for the idiosyncratic risk factor are higher at t = 2 than

at t = 1 because the uncertainty on both synthetic assets are lower after another round of
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Figure B.3: Return on Synthetic Assets for Risk Factors

Figure B.4: Return Volatility of Synthetic Assets for Risk Factors
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information production and the announcement at t = 2. As the announcement gets more

precise, since more attention is shifted away from the systematic risk factor, investors’ beliefs

on the systematic risk factor get more similar to each other and create the downward trend

in trading volume (Figure B.5).

Figure B.5: Level of Trading Volumes on Synthetic Assets for Risk Factors
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Table 2: Summary Statistics for Macroeconomic Announcements
This table reports summary statistics for the variables used in regressions. The sample con-
tains analyst forecasts on the macroeconomic variable (i.e. Fed funds target rate for FOMC,
and change in Consumer Price Index for CPI), the trading volume data on the E-mini S&P
500 futures, and the number of news articles on the macroeconomic variable from July 2003
to Oct 2018. There are 124 FOMC announcements within the period and 122 among them
have available analyst forecasts data; there are 184 CPI announcements within the period
with available analyst forecasts data. News[−72hrs, 0] is defined as the number of the news
articles in RavenPack within groups “interest-rates” and “consumption” for FOMC and CPI,
respectively. TV [−72hrs, 0] is defined as the trading volume on E-mini S&P 500 futures dur-
ing the 72-hour window before announcement. TV [0, 24hrs] is defined as the trading volume
on E-mini S&P 500 futures during the 24-hour window after announcement. TV [0, 72hrs]
is defined as the trading volume on E-mini S&P 500 futures during the 72-hour window
after announcement. Ratio 24to72 is defined as the ratio of the trading volume on E-mini
S&P 500 futures during the 24-hour window after announcement over the trading volume
on E-mini S&P 500 futures during the 72-hour window before announcement. Ratio 72to72
is defined as the ratio of the trading volume on E-mini S&P 500 futures during the 72-hour
window after announcement over the trading volume on E-mini S&P 500 futures during
the 72-hour window before announcement. SD(−∞, 0] is the standard deviation of all an-
alyst forecasts for each given announcement. SD(−∞,−3days) is the standard deviation
of analyst forecasts from the first available forecast until three days before the announce-
ment (i.e. the (−∞,−3 days) window). SD[−30days,−3days) is the standard deviation of
analyst forecasts from one month before till three days before the announcement (i.e. the
[−30 days,−3 days) window). AnnSurp is defined as the difference between the actual an-
nounced interest rate and the forecast mean. AbsAnnSurp is the absolute difference between
the actual announced value and the forecast mean, i.e. |AnnSurp|. NormAnnSurp is the
normalized absolute difference between the actual announced value and the forecast mean,
i.e. |AnnSurp|/SD(−∞, 0].
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Panel A: FOMC announcements

Mean Median SD Min Max Obs

News[−72hrs, 0] 29.71 26 19.91 4 127 122

TV [−72hrs, 0] 3.383e+06 3.338e+06 1.788e+06 667,649 1.024e+07 122

TV [0, 24hrs] 2.039e+06 1.901e+06 893,249 625,552 5.848e+06 122

TV [0, 72hrs] 4.434e+06 4.089e+06 2.146e+06 1.140e+06 1.457e+07 122

Ratio 24to72 0.701 0.621 0.304 0.289 1.913 122

Ratio 72to72 1.556 1.246 0.781 0.479 3.702 122

SD(−∞, 0] 0.0224 0 0.0422 0 0.211 122

SD(−∞,−3days) 0.0207 0 0.0384 0 0.203 122

SD[−30days,−3days) 0.0198 0 0.0384 0 0.203 122

AnnSurp -0.00470 0 0.0361 -0.229 0.0712 122

AbsAnnSurp 0.0107 0 0.0348 0 0.229 122

NormAnnSurp 0.325 0.180 0.400 0 1.798 43

Panel B: CPI announcements

Mean Median SD Min Max Obs

News[−72hrs, 0] 90.79 88 40.32 12 221 184

TV [−72hrs, 0] 3.557e+06 3.210e+06 2.079e+06 523,380 1.125e+07 184

TV [0, 24hrs] 1.619e+06 1.489e+06 799,936 251,428 5.007e+06 183

TV [0, 72hrs] 3.586e+06 3.096e+06 2.353e+06 83,626 1.479e+07 184

Ratio 24to72 0.563 0.470 0.305 0.160 1.611 183

Ratio 72to72 1.413 1.123 1.121 0.0175 4.493 184

SD(−∞, 0] 0.0935 0.0876 0.0322 0.0337 0.279 184

SD(−∞,−3days) 0.0921 0.0851 0.0336 0.0308 0.284 184

SD[−30days,−3days) 0.0920 0.0851 0.0336 0.0308 0.284 184

AnnSurp -0.00733 -0.00548 0.125 -0.458 0.397 184

AbsAnnSurp 0.0935 0.0735 0.0825 1.19e-08 0.458 184

NormAnnSurp 1.017 0.821 0.872 2.36e-07 4.925 184
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Table 3: Effect of Expected Announcement Precision on Investor Attention
This table reports the results from regressions of the number of news articles on the macroe-
conomic variable (i.e. Fed funds target rate for FOMC, and change in Consumer Price Index
for CPI) during the 72-hour window before the macroeconomic announcement (i.e. FOMC
or CPI announcement) on the standard deviation of analyst forecasts on the the macroeco-
nomic variable for the corresponding announcement. The sample contains analyst forecasts
on the macroeconomic variable (i.e. Fed funds target rate for FOMC, and change in Con-
sumer Price Index for CPI), the trading volume data on the E-mini S&P 500 futures, and the
number of news articles on the macroeconomic variable (i.e. the news articles in RavenPack
within groups “interest-rates” and “consumption” for FOMC and CPI, respectively) from
July 2003 to Oct 2018. There are 124 FOMC announcements within the period and 122
among them have available analyst forecasts data; there are 184 CPI announcements within
the period with available analyst forecasts data. ***Significant at 1%, **significant at 5%,
*significant at 10%. Standard errors are show in brackets.

Panel A: FOMC announcements

News[−72hrs, 0] News[−72hrs, 0] News[−72hrs, 0]

SD(−∞, 0] 89.86**
(42.34)

SD(−∞,−3days) 119.2**
(46.09)

SD[−30days,−3days) 98.34**
(46.47)

Constant 27.70*** 27.25*** 27.76***
(2.014) (2.003) (2.002)

Observations 122 122 122
R-squared 0.036 0.053 0.036

Panel B: CPI announcements

News[−72hrs, 0] News[−72hrs, 0] News[−72hrs, 0]

SD(−∞, 0] 246.1***
(90.89)

SD(−∞,−3days) 219.6**
(87.36)

SD[−30days,−3days) 223.7**
(87.25)

Constant 67.77*** 70.56*** 70.20***
(8.991) (8.564) (8.548)

Observations 184 184 184
R-squared 0.039 0.034 0.035
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Table 4: Effect of Investor Attention on the Levels of Trading Volume Before and
After Macroeconomic Announcements
This table reports the results from regressions of the trading volume around the FOMC and
CPI announcements on the number of corresponding news articles (i.e. the news articles in
RavenPack within groups “interest-rates” and “consumption” for FOMC and CPI, respec-
tively) during the 72-hour window before announcement. The pre-announcement trading
volume is measured during the 72 hours before announcement and the post-announcement
trading volume is measured during the 24 hours after announcement. The sample contains
analyst forecasts on the Fed funds target rate, the trading volume data on the E-mini S&P
500 futures, and the number of news articles on interest rates from July 2003 to Oct 2018.
There are 124 FOMC announcements within the period and 122 among them have available
analyst forecasts data; there are 184 CPI announcements within the period with available an-
alyst forecasts data. ***Significant at 1%, **significant at 5%, *significant at 10%. Standard
errors are shown in brackets.

Panel A: FOMC Announcements

Previous 3 days Post 1 day
TV [−72hrs, 0] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs]

News[−72hrs, 0] 30,776*** 12,446*** 10,340*** 7,627
(8,019) (4,163) (3,878) (6,183)

AbsAnnSurp 6.738e+06*** 6.095e+06***
(2.263e+06) (2.221e+06)

NormAnnSurp 812,523** 814,096**
(399,111) (396,597)

Constant 2.492e+06*** 1.709e+06*** 1.967e+06*** 1.895e+06*** 1.667e+06*** 1.634e+06***
(286,969) (148,974) (82,028) (204,478) (138,165) (293,592)

Observations 124 124 122 43 122 43
R-squared 0.108 0.068 0.069 0.092 0.121 0.125

Panel B: CPI Announcements

Previous 3 days Post 1 day
TV [−72hrs, 0] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs] TV [0, 24hrs]

News[−72hrs, 0] 17,214*** 1,815 1,555 1,802
(3,604) (1,469) (1,479) (1,473)

AbsAnnSurp 1.059e+06 955,760
(725,620) (732,086)

NormAnnSurp 22,127 19,565
(69,060) (68,997)

Constant 1.994e+06*** 1.454e+06*** 1.521e+06*** 1.597e+06*** 1.389e+06*** 1.435e+06***
(357,805) (146,111) (89,287) (91,321) (154,006) (160,394)

Observations 184 183 183 183 183 183
R-squared 0.111 0.008 0.012 0.001 0.018 0.009
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Table 5: Effect of Investor Attention on the Ratio of Trading Volumes Around
FOMC Announcements
This table reports the results from regressions of the ratio of the trading volumes around the
FOMC announcement on the number of news articles on interest rates during the 72-hour
window before FOMC announcement. In Panel A, the ratio is defined as the trading volume
during the 24 hours after announcement over the trading volume during the 72 hours before
announcement. In Panel B, the ratio is defined as the trading volume during the 72 hours
after announcement over the trading volume during the 72 hours before announcement. The
sample contains analyst forecasts on the Fed funds target rate, the trading volume data on
the E-mini S&P 500 futures, and the number of news articles on interest rates from July 2003
to Oct 2018. There are 124 FOMC announcements within the period and 122 among them
have available analyst forecasts data. ***Significant at 1%, **significant at 5%, *significant
at 10%. Standard errors are shown in brackets.

Panel A: Ratio of Trading Volumes, One Day Post-FOMC over Three Days Pre-FOMC

Post 1 day/Previous 3 days
Ratio 24to72 Ratio 24to72 Ratio 24to72 Ratio 24to72 Ratio 24to72

News[−72hrs, 0] -0.00427*** -0.00480*** -0.00352*
(0.00134) (0.00128) (0.00203)

AbsAnnSurp 2.477*** 2.775***
(0.766) (0.731)

NormAnnSurp 0.291** 0.290**
(0.133) (0.130)

Constant 0.828*** 0.674*** 0.668*** 0.814*** 0.789***
(0.0478) (0.0277) (0.0684) (0.0455) (0.0965)

Observations 122 122 43 122 43
R-squared 0.078 0.080 0.104 0.178 0.166

Panel B: Ratio of Trading Volumes, Three Days Post-FOMC over Three Days Pre-FOMC

Post 3 day/Previous 3 days
Ratio 72to72 Ratio 72to72 Ratio 72to72 Ratio 72to72 Ratio 72to72

News[−72hrs, 0] -0.0149*** -0.0160*** -0.0123**
(0.00331) (0.00321) (0.00490)

AbsAnnSurp 4.907** 5.904***
(2.000) (1.837)

NormAnnSurp 0.629* 0.626*
(0.334) (0.314)

Constant 2.000*** 1.504*** 1.442*** 1.970*** 1.865***
(0.118) (0.0725) (0.171) (0.114) (0.233)

Observations 122 122 43 122 43
R-squared 0.145 0.048 0.079 0.213 0.205
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Table 6: Effect of Investor Attention on the Ratio of Trading Volumes Around
CPI Announcements
This table reports the results from regressions of the ratio of the trading volumes around
the CPI announcement on the number of news articles on interest rates during the 72-hour
window before CPI announcement. In Panel A, the ratio is defined as the trading volume
during the 24 hours after announcement over the trading volume during the 72 hours before
announcement. In Panel B, the ratio is defined as the trading volume during the 72 hours
after announcement over the trading volume during the 72 hours before announcement.
The sample contains analyst forecasts on the change in Consumer Price Index, the trading
volume data on the E-mini S&P 500 futures, and the number of news articles on consumption
from July 2003 to Oct 2018. There are 184 CPI announcements within the period with
available analyst forecasts data. ***Significant at 1%, **significant at 5%, *significant at
10%. Standard errors are shown in brackets.

Panel A: Ratio of Trading Volumes, One Day Post-CPI over Three Days Pre-CPI

Post 1 day/Previous 3 days
Ratio 24to72 Ratio 24to72 Ratio 24to72 Ratio 24to72 Ratio 24to72

News[−72hrs, 0] -0.00279*** -0.00292*** -0.00280***
(0.000524) (0.000525) (0.000524)

AbsAnnSurp 0.300 0.494*
(0.278) (0.260)

NormAnnSurp 0.0173 0.0213
(0.0263) (0.0246)

Constant 0.816*** 0.535*** 0.545*** 0.783*** 0.796***
(0.0521) (0.0342) (0.0348) (0.0546) (0.0571)

Observations 183 183 183 183 183
R-squared 0.135 0.006 0.002 0.152 0.139

Panel B: Ratio of the Trading Volumes, Three Days Post-CPI over Three Days Pre-CPI

Post 3 days/Previous 3 days
Ratio 72to72 Ratio 72to72 Ratio 72to72 Ratio 72to72 Ratio 72to72

News[−72hrs, 0] -0.0113*** -0.0116*** -0.0113***
(0.00188) (0.00189) (0.00189)

AbsAnnSurp 0.501 1.176
(1.006) (0.925)

NormAnnSurp 0.0167 0.0254
(0.0952) (0.0873)

Constant 2.436*** 1.366*** 1.396*** 2.353*** 2.411***
(0.187) (0.125) (0.127) (0.198) (0.206)

Observations 184 184 184 184 184
R-squared 0.164 0.001 0.000 0.172 0.165
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1 Introduction

Recently, there has been considerable interest among economists in stock market-based mea-

sures of the value of corporate innovations. For example, in a recent paper, Kogan, Papaniko-

laou, Seru, and Stoffman (2017) develop a new measure of the economic value of a corporate

innovation making use of the stock market response to announcements of patent approvals.

They show that their patent-level estimates of the economic value of patents are positively

related to the scientific value of these patents (as measured by their numbers of citations) and

to the subsequent growth rate of the firms holding these patents. However, one important

factor that affects the stock market response to patent grant announcements is the level of

attention paid by investors to such announcements. In particular, it is easy to imagine that

a significant fraction of stock market investors do not pay much attention to news about

patents whose future economic value is hard for anyone but a select few experts to evaluate.

The objective of this paper is to analyze, theoretically and empirically, the effect of investor

attention on the stock market response to innovation announcements and to incorporate

the effects of the level of investor attention paid to an innovation announcement (such as a

patent grant announcement) into a stock market-based measure of the economic value of a

corporate innovation. To the best of our knowledge, this is the first paper in the literature

to conduct such an analysis, either theoretically or empirically.

We first develop a theoretical model to analyze how differences in investor attention across

different types of innovation announcements (e.g., a patent grant announcement versus an

FDA drug approval announcement) affect the stock market response to these announcements,

and to develop testable hypotheses. We then test these hypotheses using two different

datasets: first, a matched sample of patent grants and subsequent FDA drug approvals from

the biopharmaceutical industry; and second, a dataset on the universe of patent grants from

the USPTO during 2000-2014, using media coverage as the proxy for the investor attention

paid to various innovation announcements. We also document, for the first time in the

literature, the presence of a positive stock return drift (on average) following patent grant

announcements and show that this stock return drift following a patent grant announcement

captures the economic value of the patent to some extent (over and above that captured by

the announcement effect of the patent grant news).

For concreteness, we develop our theoretical model of the stock market’s response to
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different kinds of innovation announcements in the context of innovations in the biophar-

maceutical industry, but our results apply, with minor modifications, to innovations outside

these industries as well. The two kinds of innovation announcements we have in mind in the

context of the biopharmaceutical industry are: first, the announcement of a patent grant

about a molecule that is potentially effective as a drug to treat an illness; and second, the

approval by the U.S. Food and Drug Administration (FDA) of the molecule for use as a

drug. The stock market in our model consists of two kinds of risk-averse investors who allo-

cate their wealth between a risk-free asset and the stock of the innovating firm: those who

are fully (and immediately) attentive to innovation announcements (“attentive investors”)

and those who temporarily neglect such announcements (but pay attention to these inno-

vation announcements after some delay), since they are unable to immediately understand

and interpret the cash flow implications of these announcements (“inattentive investors”).1

Further, we assume that the fraction of attentive investors in the equity market depends on

the nature of the innovation announcement: the closer an innovation is to being monetized,

the larger the fraction of investors in the stock market who are able to understand and inter-

pret its cash flow implications immediately (attentive investors). To give an example, in the

case of the biopharmaceutical industry, the fraction of investors who pay attention to the

initial patent grant of a drug-related molecule may be much smaller than the fraction who

pay attention to an announcement that the same molecule has undergone successful clinical

trials and has been approved by the FDA.

Our model has four periods. At the beginning of the first period, a firm develops an

innovation (a molecule that has the potential to be a drug for treating a certain illness)

and applies for a patent on the innovation. After one period, news of the grant or denial of

the patent application arrives. Only the attentive investors pay immediate attention to the

patent grant announcement; inattentive investors pay only delayed attention to the patent

grant announcement, taking another period to process this information and trade on it. In

the subsequent (third) period, the firm conducts clinical trials and applies to the FDA for

approval of the molecule for use as a drug; the FDA announces its approval or denial decision

at the end of the third period.2 In the fourth (and final) period, the firm manufactures and

1Our assumption here is that, while inattentive investors do not immediately incorporate the innovation
announcement into their demands for the firm’s equity, they correct this lack of attention over the subsequent
period.

2An example of an announcement analogous to an FDA drug approval outside the biopharmaceutical
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markets the drug (if approved by the FDA). All cash flows are realized at the end of this

period.

In the above setting, we show that the equilibrium stock price after an innovation an-

nouncement (patent grant or FDA approval) will reflect the weighted average of the beliefs

of attentive and inattentive investors, with weights depending on the fraction of each type

of investor in the equity market. We further show that, immediately after an innovation

announcement, the stock of the innovating firm may be undervalued or overvalued (depend-

ing upon whether the innovation announcement reflects positive or negative news). Such

under- or overvaluation will not be immediately arbitraged away, since investors who are

fully attentive to the innovation announcement are risk-averse and therefore willing to bear

only a limited amount of risk in order to exploit the above mispricing.3 The above mispricing

will therefore be corrected only in the subsequent period as a result of inattentive investors

revising their beliefs as they better understand and interpret the cash flow consequences of

the previous innovation announcement. This, in turn, implies that there will be a stock

return drift subsequent to innovation announcements, the magnitude of which will depend

upon the fractions of attentive and inattentive investors in the equity market (with respect

to that announcement), and whose direction (positive or negative) will depend upon whether

the innovation announcement carries positive or negative news.

The above model generates several testable predictions which we test in our empirical

analysis. First, in a patent-drug matched sample, the abnormal stock returns upon patent

grant announcements will be smaller than that upon FDA drug approval announcements (of

the same molecule). Further, the stock return drift subsequent to the patent grant announce-

ment of a given molecule will be greater than that subsequent to the FDA drug approval

announcements for the same molecule. Second, our model predicts a positive relation be-

tween the extent of investor attention paid to a given patent grant announcement and the

abnormal stock returns upon this announcement. Third, our model predicts a negative re-

lation between the extent of investor attention paid to a given patent grant announcement

industry is an announcement that the patent-holding firm was able to develop a workable prototype using
the initial patent grant (or failed to develop such a prototype after attempting to do so).

3As will become clear when discuss the model setup, we assume, in the spirit of Grossman and Stiglitz
(1976, 1980), that there is a shock to the supply of assets at each trading date. This supply shock can also be
viewed as arising from trading by a separate group of “liquidity” traders, as commonly assumed in market
microstructure models: see, e.g., Kyle (1985).
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and the post-announcement stock return drift following that announcement.

We test the above hypotheses using two different datasets: first, a matched sample of

patent grant announcements and subsequent drug approvals from the biopharmaceutical

industry from December 1986 to December 2016; and second, a dataset consisting of the

universe of patent grant announcements from the USPTO database during January 2000-

August 2014. To proxy for investor attention on the various announcements, we obtain the

data on media coverage from RavenPack, which starts from January 2000 and ends in Octo-

ber 2018. Our results support the implications of our model. First, in the biopharmaceutical

sample, drug approval news is more salient and receives more investor attention than patent

grant announcements; the announcement effect, measured by CAR[-1,1], is higher, while the

subsequent stock return drift, measured by CAR[2,22], is lower for drug approval announce-

ments than for patent grant announcements. Second, in both the biopharmaceutical sample

and the general USPTO sample, the announcement effect (on patent grants and/or drug

approvals) increases with investor attention (proxied by the number of business-related news

articles that mention the event firm around the announcement date) and the subsequent

stock return drift decreases with investor attention.

Third, to analyze whether the relation between the stock market reaction (the announce-

ment effect and the post-announcement drift) and investor attention for patent grant an-

nouncements differs across industries, we study this relation across six different technology

categories: Chemicals (excluding Drugs); Computers and Communications (C&C); Drugs

and Medical (D&M); Electrical and Electronics (E&E); Mechanical; and Others. Our em-

pirical results suggest that, while attention is an important determinant of the stock market

reaction across all six technology categories, it is particularly important in two categories:

Computers and Electronics. This is consistent with the fact that patents are likely to be

economically more important in these two industry categories (as we discuss in more detail

in Section 6.3.2).

Fourth, we establish the economic significance of post-announcement stock return drift as

a measure of the economic value of an innovation over and above the abnormal stock return

upon the announcement of patent grant news (i.e., the announcement effect). We accomplish

this by regressing measures of the profitability, productivity, and growth of firms that are

granted various patents on the announcement effect of the patent grant announcement and

the subsequent stock return drifts. We show from these regressions that both the announce-
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ment effect and the stock return drift following patent grant announcements are statistically

and economically significant, documenting the predictive power of these two stock market

reaction variables for the future profitability, productivity, and growth generated by these

patents for the firm developing them.

Finally, we analyze whether it is possible to trade profitably using the results of our

empirical analysis on the relation between the stock market reaction to patent grant an-

nouncements and investor attention. To conduct this analysis, we construct a low-minus-

high portfolio by holding a long (short) position in a portfolio with low (high) attention paid,

on average, to the patents received by a firm (this measure, which we refer to as ATTP, is

constructed at the firm-month level by averaging the attention paid to the patents granted

to a firm in a given month). We show that such a portfolio is profitable on average, over the

month immediately after patent grant announcements in our general USPTO sample.

The rest of the paper is organized as follows: In Section 2, we discuss how our paper

is related to the existing literature. In Section 3, we present the setup of our model. In

Section 4, we characterize the equilibrium of the model and analyze the effects of investor

attention on innovation announcement effects and subsequent stock return drifts. In Section

5, we discuss the empirical predictions of our model and develop testable hypotheses for our

empirical analysis. In Section 6, we present the results of our empirical analysis. The proofs

of all propositions are presented in Appendix A, and a table with an additional empirical

analysis (using an extended biopharmaceutical sample) is presented in Online Appendix B.

2 Relation to the Existing Literature

Our paper is related to several strands in the literature. The first strand is the literature

on improving the measurement of the economic value of innovations. For patent-based

innovation measures, Hall, Jaffe, and Trajtenberg (2005) add the number of patent citations

into traditional measures of firm innovation based on R&D investment and patent counts

to overcome the heterogeneity in patent qualities and find future patent citations positively

related to the market values of firms. Kogan, Papanikolaou, Seru, and Stoffman (2017)

construct a new measure of the economic value of innovation based on the announcement

effect of patent grant news over a three-day event window. They show that this measure

is positively related to the scientific value of patents and is associated with firm growth
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and other future performance measures of the firm to which these patents are granted.

Kelly, Papanikolaou, Seru, and Taddy (2018) use textual analysis of patent documents to

create new indicators of technological innovation, which is predictive of future citations and

correlates strongly with measures of market value developed in Kogan, Papanikolaou, Seru,

and Stoffman (2017). Similarly, Bellstam, Bhagat, and Cookson (2017) develop a measure of

innovation for mature firms with and without patenting and R&D using a textual analysis of

analyst reports.4 Our paper contributes to the above literature by establishing, for the first

time, that the post-announcement stock return drift following a patent grant announcement

is an important measure of the economic value of patents and has predictive power for

the future profitability, productivity, and growth of the patenting firm over and above that

contained in the announcement effect of the patent grant.

The second strand is the broader empirical literature on the valuation of innovation.

Cohen, Diether, and Malloy (2013) show that R&D ability estimated through a regression

of sales on lagged R&D expenditures predicts significantly higher abnormal stock returns.

They show that the stock market appears to ignore the implications of past successes by

innovating firms when valuing future innovations.5 Hirshleifer, Hsu, and Li (2013, 2018)

show that investors tend to neglect signals related to innovation value, such as innovative

efficiency and innovation originality, owing to limited attention. Therefore, these measures

predict significantly higher abnormal stock returns in the future. Huberman and Regev

(2001) document a positive stock price reaction to a tumor therapy breakthrough reported

in the New York Times, even though Nature had reported the same breakthrough more than

five months earlier, thus suggesting that a fraction of investors in the equity market were

inattentive to the original announcement of the tumor therapy breakthrough.6

The third strand is the theoretical behavioral finance literature on limited attention.

Hirshleifer and Teoh (2003) use a limited-attention model where only a fraction of investors

4In addition, Cooper, Knott, and Yang (2019) measure innovation as the sales elasticity of a firm’s R&D.
5Nicholas (2008) uses the historical patent citations to study how the stock market reaction to patentable

assets changed from 1910 to 1939. Harhoff, Narin, Scherer, and Vopel (1999) use a survey of US and German
patents and show that patents that are renewed to full-term are cited more highly than those that expire
before their full term and that the economic value of patents is positively related to subsequent patent
citations. Abrams, Akcigit, and Popadak (2013), however, show a non-monotonic and nonlinear relationship
between lifetime forward patent citations and the economic value of patents using a proprietary dataset.

6Manela (2014) develops a model where information diffuses across investors to study the effects of
the speed of information diffusion on investors’ trading profits and finds empirically that the value of drug
approval information is a hump-shaped function of its diffusion speed.
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pay attention to public information immediately and correctly to study the effects of firms’

different presentations of financial disclosure and reporting on market prices. Hirshleifer,

Lim, and Teoh (2011) use a related model to analyze the interpretation of different earnings

components and investors’ underreaction to earnings announcements and overreaction to

accruals. Our model builds on the above two static models to develop a dynamic model to

capture the stock market’s reaction to announcements. Unlike in the above two static models,

we introduce random supply shocks at each trading date, so that we are able to explicitly

characterize the post-announcement stock return drift following innovation announcements.7

We are also able to compare the announcement effect and the post-announcement stock

return drift across multiple announcements (namely, patent grant announcement and FDA

drug approval announcement) on the same patent-drug pair.8

The fourth and final strand in the literature our paper is related to is the empirical litera-

ture on limited attention and on media coverage as a proxy for limited attention. Peress and

Schmidt (2019) study the impact of noise traders’ limited attention on financial markets by

exploiting episodes of sensational news that distract noise traders. Engelberg and Parsons

(2011) establish the causal effect of media coverage on investor trading by studying the re-

lationship between the trading in local markets following local paper reporting the earnings

announcement of an S&P 500 firm. Fang and Peress (2009) document a negative relation be-

tween media coverage and stock return, consistent with the explanation that media coverage

diminishes information asymmetry and thus decreases the expected return of stocks in equi-

librium. Kempf, Manconi, and Spalt (2016) construct a firm-level shareholder distraction

measures by exploiting exogenous shocks to unrelated parts of institutional shareholders’

portfolios and find investor attention matters for corporate actions.9

7Our model is thus also distantly related to a number of empirical studies in finance and accounting that
have documented under-reaction to various news events: see, e.g., Ball and Brown (1968) and Bernard and
Thomas (1989), who document that prices underreact to earnings news.

8In more distantly related work, Sims (2003) introduces an information-processing constraint (Shannon
capacity) from information theory to the study of inertial reactions observed in macroeconomics. Peng
(2005) applies the setting of limited attention to regimes such as the learning process of investors; Peng and
Xiong (2006) apply such a setting to investors’ category learning and consequent return comovement when
investors also suffer from overconfidence.

9Several papers in the literature on initial public offerings (IPOs) have also used media coverage as a
proxy for investor attention: see, e.g., Liu, Sherman, and Zhang (2014) and Bajo, Chemmanur, Simonyan,
and Tehranian (2016).
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3 Model Setup

We develop a discrete-time dynamic model to study how the attention of investors to an-

nouncements affects the announcement effects and post-announcement drifts. We incorpo-

rate supply shocks on risky assets to the the static limited attention model in Hirshleifer and

Teoh (2003) so that we can explicitly represent the post-announcement drift.

3.1 Timeline

There are five dates in the model (Figure 1): t = 0, 1, 2, 3, 4.

Figure 1: Timeline of Model

At t = 0, the firm initiates a project on a drug. Investors are endowed with homogeneous

wealth and trade to form their initial portfolios based on their homogeneous prior belief

on the payoff of asset. At t = 1, the grant or denial of the patent associated to the drug

is announced. Attentive investors update their beliefs conditional on the announcement

immediately; inattentive investors do not pay attention to the announcement and therefore

do not update their beliefs (and still hold the prior belief). All investors rebalance their

portfolios. At t = 2, inattentive investors update their beliefs upon the patent grant/denial

announcement in a delayed manner. Investors trade again to rebalance their portfolios. At

t = 3, the FDA drug approval or denial is announced. All investors pay attention to the

FDA announcement and update their beliefs immediately upon the announcement, and then

rebalance their portfolios accordingly.10 At t = 4, asset payoffs are realized and there is no

further trading.

10This assumption is made only for simplicity of modeling. Our results will go through qualitatively
unchanged as long as the fraction of investors who pay attention to FDA drug approvals is greater than that
for patent grant announcements.
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3.2 Assets and Announcements

There are two assets in the market: a risky asset issued by the drug firm and the riskfree

asset.

Riskfree asset. The riskfree asset offers a net return of r, which is normalized to 0.11 The

riskfree asset has unlimited supply.

Risky asset. The drug firm issues a risky asset, which can be naturally interpreted as

a stock of the drug firm or, equivalently, as the terminal cash flow from the patent/drug

research project. The terminal payoff of the risky asset is represented by a random variable

f :

f = µ+ z, where µ = E(f) and z ∼ N(0, σ2
0). (1)

The expected supply of the risky asset is x̄, while there is a supply shock created by liquidity

traders in each period of t = 1 through 3. We denote the additional noisy supply at t by

xt ∼ N(0, σ2
x). The aggregated supply of risky asset at t is x̄+

∑t
s=1 xs.

12 The supply shock

is not observable directly.13

Announcements. On each date of t = 1, 3, a public signal et = z + εe,t is announced,

where εe,t ∼ N(0, σ2
e,t). The error εe,t is independent across time.14 In particular, e1 > 0

represents the grant of patent, e1 < 0 represents the denial of patent, e3 > 0 represents the

approval of the subsequent drug, and e3 < 0 represents the denial of the subsequent drug.15

11The results of the model are qualitatively the same if we allow r to be a nonzero constant, so, without
loss of generality, we set it as zero to keep the model simple.

12Here the notation
∑
· follows the convention that

∑n
s=m · = 0 whenever m > n; e.g.,

∑0
s=1 xs = 0.

13However, since there is no private signal in the model, an investor may be able to figure out the total
supply shock from the contemporaneous equilibrium price if they do know (i.e. pay attention to) all public
signals available contemporaneously and historically (e.g. attentive investors at t = 1).

14Rather than using a binary random variable with realizations ∈{approval, denial} paired with a high/low
terminal payoff, we set the terminal payoff of asset as a normal random variable which allows continuously
all possibilities (including negative values as losses) and the corresponding public signal et on the terminal
payoff also as normal. This also allows more flexibility in the effect of the announcement on the terminal
payoff of the asset, since a same approval announcement on two patents can lead to different consequences
on the terminal asset payoffs — consistent with the idea in Kogan, Papanikolaou, Seru, and Stoffman (2017)
that the scientific value of a patent can be very different from its economic value.

15We make the assumption that patent denials are publicly announced for simplicity of modeling. In
practice, patents are either granted or not granted. While the former (patent grants) conveys an unambigu-
ously positive signal, the latter (the patent application not being approved by the USPTO) conveys only an
ambiguous negative signal, since firms have the ability to revise the patent application and re-apply.
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3.3 Market Participants

The continuum of investors consists of two types of investors: attentive investors (“type-a”)

and inattentive investors (“type-u”). The total mass of investors is 1; a fraction of fa are

attentive, and the rest, fu = 1−fa, are inattentive. We use i as the generic index for “type”,

i.e. i = a for attentive investors and i = u for inattentive investors.

Attentive investors (indexed by type a). An attentive investor updates his/her belief

immediately on any available announcement on each date (t = 1, 3). Since no investor in

the market observes any private signal, the equilibrium prices do not contain additional

information about the payoff of the risky asset. Thus there is no need for attentive investors

to learn from prices.

Inattentive investors (indexed by type u). Because of limited attention, inattentive in-

vestors do not pay attention to the patent grant/denial announcement e1 immediately at

t = 1 and delay their belief update on e1 till t = 2.16 Also because of their limited attention,

they are unaware of their delay even though they may notice the change in equilibrium prices

from S0 to S1, hence they do not learn from the equilibrium price.17 At t = 2, they update

their beliefs upon the patent grant/denial announcement e1 in a delayed manner. At t = 3,

they observe the FDA drug approval/denial announcement e3 immediately and correctly.18

Utility. All investors hold the constant-absolute-risk-aversion (CARA) utility with a

common risk aversion parameter ρ. On each trading date (t = 0, 1, 2, 3), they all optimally

choose their demands {Di
t}i∈{a,u} of the risky asset to maximize their personal expected

utilities on terminal wealth,

max
Di

t

Ei
t(− exp[−ρW i

4]), for i ∈ {a, u} and t = 0, 1, 2, 3 (2)

subject to the following budget constraints

W i
t+1 = W i

t +Di
t(St+1 − St), for t = 0, 1, 2 (3)

16We can also interpret the inattention to the patent grant announcement as the inability to evaluate the
announcement immediately. Since the patent may not necessarily lead to a drug eventually, it can be hard
for inexperienced investors to convert it directly to an expected terminal payoff.

17Alternatively, the ignorance of learning from price can be interpreted as overconfidence by investors.
18When investors are limited in their attention capacity, it is natural that their attention is only caught

by more salient news like drug approval announcements but not by less salient news like patent grant
announcements.

64



W i
4 = W i

3 +Di
3(f − S3). (4)

4 Equilibrium and Results

We calculate the update of beliefs forward as more information arrives on each date. In

contrast, we solve the equilibrium prices and demands backwards, since investors’ demands

depend on their expectation on the capital gain in each subsequent period.

4.1 Bayesian Updating of Beliefs

The information set for an investor of type i at time t is denoted by F i
t .

At t = 0, all investors hold the prior belief: f = µ + z, where µ is the unconditional

expectation of f and z ∼ N(0, σ2
0). Since µ is a constant, the updating of beliefs occurs only

on the random component z in later periods.

At t = 1, an attentive investor, type a, pays attention to the patent grant/denial an-

nouncement e1, and has an information set Fa
1 = {e1}. The posterior belief is

z|Fa
1
∼ N(ẑa1 , (σ

a
1)2), where ẑa1 = (σa

1)2σ−2
e,1e1 and (σa

1)−2 = σ−2
0 + σ−2

e,1 . (5)

An inattentive investor, type u, does not pay attention immediately to the patent grand/denial

announcement e1, and hence still holds the prior belief

z|Fu
1
∼ N(ẑu1 , (σ

u
1 )2), where ẑu1 = 0 and σu

1 = σ0. (6)

At t = 2, there is no public signal, but inattentive investors realize that they missed the

patent grant/denial announcement at t = 1 and revise their beliefs in a delayed manner.

Thus, all investors hold the same information set F2 = {e1} and all investors’ posterior

beliefs are the same,

z|F2 ∼ N(ẑ2, σ
2
2), where ẑ2 = σ2

2σ
−2
e,1e1 and σ−2

2 = σ−2
0 + σ−2

e,1 , (7)

i.e. attentive investors still hold the same belief as they had at t = 1, while inattentive
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investors update their belief from prior to converge with attentive investors’ belief.19

At t = 3, all investors pay attention to the FDA drug approval/denial announcement e3

and share the same information set F3 = {e1, e3}. Therefore, all investors’ posterior beliefs

are the same:

z|F3 ∼ N(ẑ3, σ
2
3), where ẑ3 = σ2

3(σ−2
e,1e1 + σ−2

e,3e3) and σ−2
3 = σ−2

0 + σ−2
e,1 + σ−2

e,3 . (8)

4.2 Equilibrium Prices and Demands

On each trading date (t = 0, 1, 2, 3), given their updated beliefs of z, investors decide their

optimal demands {Di
t}i∈{a,u} for the risky asset to maximize their expected CARA utilities

of terminal wealth Ei
t(− exp[−ρW i

4]). At each t, the equilibrium price St clears the market,

i.e. ∫
Di

tdi = faDa
t + fuDu

t = x̄+
t∑

s=1

xs, for t = 0, 1, 2, 3. (9)

Proposition 1 (The Equilibrium Prices and Investors’ Optimal Demands)

(i) For t = 0, 1, 2, 3, the equilibrium price St has the following expressions respectively:

S3 = µ+ ẑ3 − ρσ2
3(x̄+ x1 + x2 + x3), (10)

S2 = µ+ ẑ2 − ρσ2
2(x̄+ x1 + x2), (11)

S1 = µ+
Aa

Aa + Au

ẑa1 − ρ(B0x̄+B1x1), (12)

S0 = µ− ρQa +Qu + 1

Pa + Pu

x̄, (13)

where the constants Aa, Au, B0, B1, Pa, Pu, Qa, and Qu are listed in Appendix A.1.

(ii) For t = 0, 1, 2, 3, the optimal demands of the risky asset by investors of type i ∈ {a, u}
19Notice that because of the different timing of belief updating by the two types of investors, the expec-

tations Ea
1 [ẑ2] and Eu

1 [ẑ2] are different.
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are respectively

Di
3 = ρ−1σ−2

3 (µ+ ẑ3 − S3) for i ∈ {a, u}, (14)

Di
2 = ρ−1σ−2

2

1 + ρ−2σ−2
3 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(µ+ ẑ2 − S2)

− ρ−2σ−2
2 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(x̄+ x1 + x2) for i ∈ {a, u}, (15)

Da
1 = ρ−1Aa

fa
(µ+ ẑa1 − S1)− (

Aa

fa
σ2

2 − 1)(x̄+ x1), (16)

Du
1 = ρ−1Au

fu
(µ− S1)−

1
2
ρ−2σ−2

x

1 + 1
2
ρ−2σ−2

x

Au

fu
x̄, (17)

Da
0 = ρ−1Pa

fa
(µ− S0)− Qa

fa
x̄, (18)

Du
0 = ρ−1Pu

fu
(µ− S0)− Qu

fu
x̄. (19)

The equilibrium prices on all trading dates are in the form of “µ+(investors’ belief on z)-(a

term of x̄ and supply shocks xt)”. If good news (e1 > 0 and/or e3 > 0) is observed from

announcements, then investors modify their beliefs on z higher and thus the equilibrium

prices increase; if bad news (e1 < 0 and/or e3 < 0) is observed from announcements, then

investors modify their beliefs on z lower and thus the equilibrium prices decrease. The term

of x̄ and supply shocks xt represents a compensation (risk premium) for holding the risky

asset by investors.

Observe that investors’ demands at t = 2 and 3 are homogeneous regardless of their

attention type. This is because at t = 2 and 3, both attentive and inattentive investors

have their beliefs updated correctly on both the patent grant/denial announcement e1 and

the FDA drug approval/denial announcement e3, thus they all have homogeneous beliefs

and hence homogeneous demands. In contrast, the demands at t = 1 and t = 0 depend on

investor type, since only attentive investors pay attention to the patent grant announcement

e1 immediately at t = 1 and therefore hold different beliefs from inattentive investors.20

20This is the case, since investors’ demand for the firm’s equity at t = 0 is a function of their belief of
the expected return at t = 1, which depends on investor type since attentive investors pay attention to
the patent grant news at t = 1 and take this into consideration when they form their expectation of the
firm’s stock price at t = 0, while inattentive investors do not have this component in their expectation. i.e.
Ea

0 (S1) 6= Eu
0 (S1).
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4.3 Announcement Effects and Post-Announcement Drifts

In this subsection, we study the abnormal stock returns (announcement effects) at t = 1 and

t = 3 and the corresponding post-announcement stock return drift at t = 2. This is done by

looking at the differences in the equilibrium prices of the risky asset across time.

Because the supply shocks are mean zero and the analysis of announcement effects and

post-announcement drifts is unrelated to risk premium, we follow Hirshleifer and Teoh (2003)

to “ignore” the terms containing x̄ and xt and only focus on the components containing the

random variables e1 and e3. This is technically equivalent to setting the expected supply x̄

and all relevant supply shocks xt to zero. For this reason, we let x̄ = xt = 0 when necessary

within this subsection for the convenience of our analysis.

By taking the difference between (11) and (10), we rewrite the price change of the risky

asset from t = 2 to t = 3 as follows

S3 − S2 = σ2
3σ
−2
e,3e3 + (σ2

3 − σ2
2)σ−2

e,1e1︸ ︷︷ ︸
ẑ3−ẑ2

−ρ[(σ2
3 − σ2

2)(x̄+ x1 + x2) + σ2
3x3]. (20)

The price change consists of two components: the first component (consisting of the first

and second terms) is the belief updating on z because of the information from the FDA drug

approval announcement e3; the second component is the change in risk premium because of

both uncertainty resolution and supply shocks. Silencing the terms on x̄ and xt, we establish

the following proposition:

Proposition 2 (The Announcement Effect of FDA Approval Announcements)

(i) The abnormal stock return upon an FDA drug approval announcement is increasing in

the realization e3 > 0 of the announcement. This is given by:

AE3 ≡ σ2
3σ
−2
e,3e3 + (σ2

3 − σ2
2)σ−2

e,1e1. (21)

(ii) For any given realizations of e3 and e1, the abnormal stock return upon an FDA drug

approval announcement, AE3, is independent of the fraction of attentive investors fa.

Similarly, by taking the difference between (12) and (13), we rewrite the price change of
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the risky asset from t = 0 to t = 1 as follows

S1 − S0 =
Aa

Aa + Au

(σa
1)2σ−2

e,1e1︸ ︷︷ ︸
ẑa1

−ρ[(B0 −
Qa +Qu + 1

Pa + Pu

)x̄+B1x1]. (22)

The first part represents the average change in investors’ beliefs (from 0 to ẑa1 by attentive

investors, diluted by the zero change in inattentive investors’ beliefs) and the second part

represents the change in risk premium because of both uncertainty resolution and supply

shock. Silencing both x̄ and x1, we derive the following proposition:

Proposition 3 (The Announcement Effect of Patent Grant Announcements)

(i) The abnormal stock return upon a patent grant announcement is increasing in the

realization e1 > 0 of the announcement, given by:

AE1 ≡
Aa

Aa + Au

(σa
1)2σ−2

e,1e1, (23)

where the constants Aa and Au are both positive and increasing functions of fa and fu

respectively (defined in Appendix A.1).

(ii) For any given realization of e1 > 0, the abnormal stock return upon a patent grant

announcement will be increasing in the proportion of investors who are attentive to the

announcement, i.e. AE1 is an increasing function of fa for any e1 > 0.

Intuitively, if few investors are attentive at t = 1, then few investors will update their

beliefs using the patent grant announcement e1, and thus the equilibrium price will not

reflect e1 as much in the announcement effect. Moreover, we can rewrite AE1 as follows,

AE1 =
Aa

Aa + Au

σ−2
e,1

σ−2
0 + σ−2

e,1

e1 (24)

which increases in the precision σ−2
e,1 of the patent grant announcement. This is consistent

with the intuition that, the more precise a signal is, the greater effect it has on the asset’s

price.

Taking the difference between (12) and (11) and noticing that ẑa1 = ẑ2, we write the price
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change from t = 1 to t = 2 as

S2 − S1 =
Au

Aa + Au

σ2
2σ
−2
e,1e1︸ ︷︷ ︸
ẑa1

−ρ[(σ2
2 −B0)x̄+ (σ2

2 −B1)x1 + σ2
2x2]. (25)

The first term is the portion of the price change as a result of the belief correction by

inattentive investors and the second term is the change in risk premium because of both

uncertainty resolution and supply shocks. Silencing the terms on x̄ and xt, we derive the

following proposition:

Proposition 4 (Post-Announcement Drift around Patent Grant Announcements)

(i) If the patent grant/denial announcement is positive, the stock of the innovating firm

will be undervalued upon announcement and there will be a positive post-announcement

stock return drift in this case, given by:

Au

Aa + Au

σ2
2σ
−2
e,1e1, (26)

where the constants Aa and Au are both positive and increasing functions of fa and fu

respectively (defined in Appendix A.1).

(ii) If the patent grant/denial announcement is negative, the stock of the innovating firm

will be overvalued upon announcement and there will be a negative post-announcement

stock return drift in this case, given by:

Au

Aa + Au

σ2
2σ
−2
e,1e1, (27)

where the constants Aa and Au are both positive and increasing functions of fa and fu

respectively (defined in Appendix A.1).

(iii) The extent of the post-announcement stock return drift (positive or negative) decreases

as the fraction of attentive investors fa increases: i.e.,

Drift2 ≡
Au

Aa + Au

σ2
2σ
−2
e,1e1 (28)
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decreases with fa when e1 > 0 and increases with fa when e1 < 0.

Because of the presence of inattentive investors, the equilibrium price does not fully re-

flect the information contained in the patent grant announcement e1 at t = 1, and the price

reaction is lower than its counterpart in the full-attention case. The more attentive investors

on site, the larger the immediate price reaction (announcement effect) and hence the lower

the post-announcement drift.

Proposition 5 (Comparison of Announcement Effects)

When the proportion of inattentive investors is large enough so that

fu

fa
>

1−R
R

(1 + ρ−2σ−2
2 σ−2

x )[σ−2
e,1σ

2
0 + (1 +

1

2
ρ−2σ−2

2 σ−2
x )−1], (29)

where the positive constant R is defined in Appendix A.1, the abnormal stock returns following

patent grant announcements will, on average, be smaller than those following FDA drug

approval announcements. More precisely, when (29) holds,

E[AE1|e1 > 0] < E[AE3|e1 > 0, e3 > 0]. (30)

5 Implications and Testable Hypotheses

Our model generates several testable implications. In this section, we develop testable hy-

potheses based on these implications for our empirical analysis.

1. The relation between the nature of innovation announcements, abnormal stock returns

upon these announcements, and the post-announcement stock return drifts: Our model

predicts that the larger the fraction of investors who pay attention to a particular

innovation announcement, the larger the abnormal stock return upon this announce-

ment (i.e., the announcement effect) and the smaller the subsequent stock return drift.

Thus, our Proposition 5 implies that, in a patent-drug matched sample, the abnormal

stock return upon patent grant announcements will be smaller than that upon FDA

drug approval announcements. Further, the stock return drift following patent grant

announcements will be greater than that following FDA drug approval announcements.

This is the first hypothesis that we test here (H1).
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2. The relation between a proxy for investor attention and the abnormal stock returns

following patent grant announcements and FDA drug approvals: Proposition 3 of our

model predicts a positive relation between the extent of investor attention paid to

patent grant announcements and the abnormal stock returns upon such announce-

ments. Our model makes a similar prediction about the relation between the extent of

investor attention paid to FDA drug approvals and the abnormal stock returns upon

the announcement of such approvals (see Proposition 2). This is the second hypothesis

that we test here (H2). We use a proxy for investor attention (namely, media cover-

age) to test the above hypothesis in two different samples. First, in a paired sample of

patent grant announcements and FDA drug approvals in the biopharmaceutical indus-

try. Second, in the entire sample of patent grant announcements across all industries

from the USPTO database (“general sample” of patent grant announcements).

3. The relation between a proxy for investor attention and the post-announcement drift

following patent grant announcements: Proposition 4 of our model predicts a negative

relation between the extent of investor attention paid to a given patent grant announce-

ment and the post-announcement stock return drift following that announcement. This

is the third hypothesis that we test here (H3). We use a proxy for investor attention

(namely, media coverage) to test the above hypothesis in two different samples. First,

in a paired sample of patent grant announcements and FDA drug approvals in the bio-

pharmaceutical industry. Second, in the entire sample of patent grant announcements

across all industries from the USPTO database.

4. The stock return drift following patent grant announcements as a measure of the eco-

nomic value of patents: Our model suggests that the stock return drift following patent

grant announcements is a predictor of the economic value created by the patent for

the firm to which the patent is granted, over and above the abnormal stock return

(announcement effect) upon the patent grant announcement. This is the fourth hy-

pothesis that we test here (H4). We test this hypothesis using the entire sample of

patent grant announcements from the USPTO database.

5. Trading strategy based on investor attention paid to patent grant announcements: Our

model suggests that a long-short trading strategy that is long in the stock of firms

which receive low investor attention to their patent grant announcements (on average)
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and that is short in the stock of firms which receive high investor attention to such

announcements (on average) will be able to generate positive abnormal profits over the

subsequent period (e.g., a month). This is the final hypothesis that we test here (H5).

6 Empirical Analysis

We now test the testable hypotheses developed above empirically. We first focus on the

biopharmaceutical industry since we can pin down the event dates accurately for different

types of innovation news, which exhibit sharp contrast in the technical uncertainty involved

and hence the investor attention received. Specifically, we examine the market reaction to

drug-related patent grant news and the corresponding FDA drug approval news, which may

occur, in some cases, years later after the patent grant date. When the USPTO issues a

drug-related patent to a firm, there is still a significant amount of technical uncertainty

that needs to be resolved before the firm can obtain drug approval from the FDA. The

probability of eventual success (i.e., FDA approval) is also very low. However, when the

FDA approves a drug, the technical uncertainty has been fully resolved, and the firm stands

ready to bring in the cash flow stream from selling the drug. Therefore, drug approval news

is usually more salient and easier to evaluate for investors than patent grant news. This, in

turn, means that a larger fraction of investors are likely to pay immediate attention to drug

approval announcements than to patent grant announcements. Based on our theoretical

model predictions, we therefore expect a stronger announcement effect and a weaker post-

announcement drift for drug approval news than those for drug-related patent grant news

(H1). Examining the two types of innovation announcements helps us understand the role of

investor attention in evaluating intangible assets. To test the other hypotheses that require

explicit measures of investor attention (H2, H3, and H5), we use media coverage as a proxy

for investor attention and examine how attention affects the market reaction to these two

types of news.
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6.1 Data, measures of innovation and attention, and summary

statistics

We conduct our empirical analysis of biopharmaceutical patents and drugs using two different

samples. First, we use a paired sample where we pair each FDA-approved drug with the

corresponding key patent protecting that drug. This allows us to eliminate fundamental

differences between the patent grant and drug approval news in terms of the nature of the

underlying molecule to a considerable extent. Second, since the pairing of patent grants and

drug approvals reduces the sample size significantly, we also conduct the empirical analysis

in the biopharmaceutical industry using a (larger) sample of extended patent grant news and

FDA drug approvals without requiring the matching between drug and patent (presented in

Online Appendix B).

To construct our drug approval sample for the biopharmaceutical industry, we first obtain

drug approval news from FDA.gov. The sample ranges from 1960 to 2016. The data contain

the drug name, application number, approval date, submission classification, the name of the

company that submits the drug approval application, and other drug-related information.

The dataset contains many different types of applications.21 To ensure that the news is

related to new drug approvals, we only keep those new drug applications (NDA) classified as

New Molecular Entity (Type 1) and biologics license applications (BLA). Since the company

that submits the application may differ from the company that owns the drug at the time of

FDA approval, we search in business news for any potential changes in ownership between

the application and drug approval dates to ensure that the drug approval news is matched

with the company that owns the drug at the time of FDA approval. We then match this

cleaned dataset with CRSP to find drug approval news for public firms so that we can study

the stock market reaction to this type of news. In the end, the filtered drug sample consists

of 573 drug approval events from July 1966 to December 2016.

To construct our patent grant sample in the biopharmaceutical industry, we obtain the

drug-related patents from the Medtrack database, which starts in 1980. A drug can be

protected by multiple patents. However, only the patent listed as “product,” “product

(generic),” “product (specific),” or “composition” is the key patent that provides exclusivity

21There are 10 types of submission classifications. However, only Type 1 refers to new drug approval (New
Molecular Entity). The others refer to new combination, new dosage form, new indication, etc. The details
are listed here: https://www.fda.gov/drugs/informationondrugs/ucm075234.htm#chemtype reviewclass.
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to the drug on the market. The patent type obtained from Medtrack allows us to pin down

the key patent associated with each drug. For example, Lipitor (a blockbuster drug that

treats high cholesterol and triglyceride levels) is associated with multiple patents. However,

only one patent (patent number 4181893) is the key patent that we keep to pair with Lipitor

since the other patents do not provide protection for market exclusivity. To study the stock

market reaction to patent grant news, we also require the company that owns the patent to

be public at the time of patent grant. We identify public firms by merging the key product

patent dataset from Medtrack with the patent dataset provided by Kogan, Papanikolaou,

Seru, and Stoffman (2017), which contains an identifier for public firms for all industries

from 1926 to 2010. We obtain the patent data in 2011–2014 from Gao, Hsu, Li, and Zhang

(2018). In the end, the filtered drug-related key product patent sample consists of 733 patent

grant events from December 1986 to July 2014.

We then construct a paired drug-patent sample that links each drug with its associated

key product patent by merging these two datasets (drug approval news and drug-related key

product patent grant news for public firms). As discussed earlier, when a patent is granted,

there is still a significant amount of technical uncertainty, which will not be fully resolved

till the FDA approval. The two types of news differ also in terms of success probability and

the time it takes to obtain the eventual cash flow. Pairing allows us to contrast these two

types of news more cleanly, since the eventual cash flow stream is the same for a patent and

for its paired drug. Therefore, in the paired sample, the difference in market reactions to

these two types of news are likely to be driven mainly by differences in technical uncertainty

and investor attention (which, in turn, may also be affected by differences in technical uncer-

tainty). However, pairing also limits the sample size significantly (due to data availability).

The paired sample consists of 117 patent grant events from December 1986 to June 2014 and

117 matching drug approval events from May 1991 to December 2016. Therefore, we also

test our hypotheses in the extended (or unpaired) drug approval sample, the extended drug-

related key product patent grant sample, and the general patent sample for all industries

from the USPTO.

To construct the general patent sample for all industries, we utilize the patent datasets

from Kogan, Papanikolaou, Seru, and Stoffman (2017) and Gao, Hsu, Li, and Zhang (2018).

We keep all the patents granted to public firms from January 2000 to August 2014. We start

the sample from 2000 since our investor attention measure, media coverage, starts from 2000
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(see more details below).

To proxy for investor attention, we use media coverage data obtained from RavenPack.

Specifically, we use the number of business-related news articles that mention the event firm

around the event date to measure the level of media coverage for that event. Presumably,

investor attention increases with media coverage. Many studies have used media coverage

as a direct measure of investor attention. Compared to other attention measures based on

firm characteristics (such as firm size and analyst coverage), this measure is more directly

linked to specific news and reflects investor attention in a timelier fashion since it is much

less persistent than firm characteristics. We use two windows to compute media coverage in

our empirical analysis. Media[-7, 0] is the number of news articles that mention the event

firm over the week before the event. Media[-1, 1] is the number of news articles that mention

the event firm over the three-day window around the event. If a firm has multiple events

on a given day, we scale the media coverage measures by the number of events. The media

coverage data in RavenPack start from the year 2000. Due to this limitation, our sample

starts in 2000 when we test the effect of investor attention on the market reaction to various

innovation announcements.

To examine the stock market reaction to innovation announcements, we use cumulative

abnormal stock returns (CAR) during the three-day event window around the event date

(CAR[-1, 1]) to measure the announcement effect and the CAR over the 21 trading days

following the event date (CAR[2, 22]) to measure the post-announcement drift. For each

event, we first compute the abnormal stock return relative to the Fama and French (1993)

three-factor model using a twelve-month estimation window (with a minimum of 100 valid

daily returns) that ends 30 trading days before the event date. If a firm has multiple events

in the same day, we treat them as one event and scale the CARs by the number of events

occurring in that day.

Table 1 reports summary statistics for the 117 paired drug-related patent grant announce-

ments (Panel A), the 117 paired drug approval announcements (Panel B), the 773 extended

drug-related patent announcements (Panel C), the 573 drug approval announcements (Panel

D), and the 879,251 patent grant events in the general sample (Panel E). The general patent

grant sample is from January 2000 to August 2014 due to the availability of RavenPack data

(as mentioned above). In addition to CARs, we also report firm characteristics for the event

firms in each sample and patent originality as we control for these variables in multivariate
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regressions (detailed later). For each event occurring in year t, BM is the book value of

equity in the fiscal year ending in calendar year t− 1 divided by the market value of equity

at the end of year t−1. ME is the market value of equity at the end of year t−1. ROA is the

income before extraordinary items (Compustat item IB) divided by the book value of total

assets (Compustat item AT) in the fiscal year ending in calendar year t− 1. Following Hall,

Jaffee, and Trajtenberg (2001), we measure patent originality with the Herfindahl index of

the patents cited by the focal patent across the three-digit technology classes assigned by

the USPTO.

To reduce the impact of outliers, we compute summary statistics after winsorizing these

variables at the 1% and 99% levels within each sample. For each variable, we report the num-

ber of observations (Obs.), mean, standard deviation (SD), minimum (Min), and maximum

(Max).

Panel B of Table 1 shows that, for the 117 drug approval events, the average announce-

ment effect, CAR[-1, 1], is substantial and economically significant, 1.69%. The average

drift, CAR[2, 22], is very small, 0.32%. The event firms are typically large and are typically

“value” firms since their average book-to-market equity is high, 0.91. The average market

capitalization of the event firms is $54,684 million. They are, on average, profitable with an

average ROA of 0.07. The average number of news articles mentioning the event firms over

the week before ([-7, 0]) and the three-day window around the drug approval date ([-1, 1])

is 10.27 and 6.49, respectively.22

In contrast, Panel A shows that the market reacts quite differently to the matched 117 key

patent grant announcements. The average announcement effect, CAR[-1, 1], is much smaller,

0.97%. The average drift, CAR[2, 22], is very large, 2.10%. Furthermore, the patent owner

at the time of patent grant can differ from the drug owner at the time of drug approval

due to merger and acquisition and patent sale etc. Indeed, the patent event firms differ

from the drug event firms in many aspects. The average market capitalization of the event

firms is $31, 128 million. Their average BM is 1.24. They are, on average, not profitable

with an average ROA of -0.03. The average patent originality score is 0.45. The average

number of news articles mentioning the event firms over the week before and the three-day

window around the patent grant date is 7.3 and 2.91, respectively.23 This is consistent with

22The number of observations for media coverage is 88 instead of 117 since the media coverage data start
in 2000, while the paired drug approval sample starts in 1991.

23The number of observations for media coverage is 47 instead of 117 since the media coverage data start
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our model assumption that drug approval announcements are more salient and, therefore,

receives much greater investor attention. We found a similar pattern in Panel C and Panel D,

which present results from the extended (unmatched) biopharmaceutical sample, for patent

grants and FDA drug approvals, respectively.

Panel E reports the same set of statistics for the general patent grant sample across all

industries. The announcement effect is small, 0.01%, but the stock return drift is much

larger, 0.07%. The average size of these firms is $52, 782 million. The median BM is 0.42.

They are, on average, profitable. The media coverage over [-7, 0] and [-1,1] is 1.29 and 0.65,

respectively.

6.2 Market reaction to innovation announcements in the biophar-

maceutical industry

In this section, we formally test Hypothesis 1 (H1) by contrasting market reactions to two ma-

jor types of announcements in the biopharmaceutical industry: patent grant announcements

and FDA drug approval announcements. As shown in Table 1, drug approval announcements

are more salient and receive more investor attention. Therefore, compared to patent grant

announcements, we expect a stronger announcement effect and a weaker post-announcement

drift for drug approval announcements, as predicted by our hypothesis H1. We first examine

this hypothesis using univariate tests in the paired drug-patent sample and the extended

sample (i.e., without requiring a matching between the drug and the patent). The paired

sample allows us to control for the fundamental value of the innovation (in the event of

success) to ensure a cleaner contrast. We then test H1 using multivariate tests, which allow

us to control for differences in firm characteristics as well to ensure an even cleaner contrast.

As discussed before, the firm that owns the drug at the time of drug approval may differ

from the firm that owns the patent at the time of patent grant. Therefore, controlling for

firm characteristics that may affect the market reaction to various announcements provides

a cleaner test. As in Table 1, we winsorize both dependent and independent variables at

the 1% and 99% levels to reduce the impact of outliers. We compute t-statistics based on

standard errors clustered at the firm and event day levels.

Table 2 provides significant support for H1 in general. The univariate tests in Panel

in 2000, while the paired patent grant sample starts in 1986.
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A show a sharp contrast in both the announcement effect (CAR[-1, 1]) and the post-

announcement drift (CAR[2, 22]) between these two types of announcements. For example,

CAR[-1, 1] for the paired drug approval announcements and patent grant announcements

is 1.69% (t = 2.81) and 0.97% (t = 1.91), respectively. This contrast is even larger for the

extended sample: 3.32% (t = 2.54) versus 0.22 (t = 1.17). The difference is substantial,

although statistically insignificant for the paired sample. But it is statistically significant

at the 5% level for the extended sample, perhaps owing to the stronger statistical power

associated with the much larger sample size. Furthermore, the stock return drift over the 21

trading days is substantial and significant for the patent grant announcements (2.10% with

a t-statistic of 1.91 in the paired sample and 1.56% with a t-statistic of 2.93 in the extended

sample), but it is small and insignificant for the drug approval announcements in both sam-

ples.24 The difference in the stock return drift across these two types of announcements is

large, although statistically insignificant in the paired sample (1.78% with a t-statistic of

1.47). However, this difference is large and statistically significant at the 5% level in the

extended sample (1.47% with a t-statistic of 2.22).

The results of our multivariate analysis, presented in Panel B of Table 2, show a similar

contrast, especially in the extended sample. Specifically, we report the slopes (in percentage)

and t-statistics (in parentheses) from our pooled regression of the CARs of the two types of

announcements on a dummy variable, drug approval, that equals 1 (0) for drug approval

announcements (patent grant announcements), controlling for firm characteristics and patent

originality. The control variables, such as BM, ME, ROA, and patent originality, are defined

as in Table 1. We use the natural log of BM and ME to reduce the skewness of these

characteristics. In addition, we use Log(1+BM) since many firms in these samples have

negative BM. We also control for the three-digit technology class fixed effect (Tech Class

FE) in various regressions. After controlling for major characteristics that are known to be

associated with stock returns, the difference in the announcement effect and in the stock

return drift across the two types of announcements is 2.80% (t = 1.80) and 1.31% (t = 1.91),

respectively, in the extended sample.

The above results imply that the equity market is more efficient in evaluating drug

24Note that this is broadly consistent with our model predictions, since our assumption is that all investors
pay attention to FDA drug approvals. Under this assumption, our model predicts that there will not be any
post-announcement stock return drift following FDA drug approvals.
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approval announcements than it is in evaluating patent grant announcements. While this

may be due to the high technical uncertainty associated with the former (patent grant

announcements) as well as the low attention paid to it, the low attention to patent grant

announcements may be partly due to the high uncertainty associated with patent grant

announcements. In other words, misvaluation of innovation due to limited attention may be

more severe when technical uncertainty is higher. The two go hand-in-hand. If there is no

technical uncertainty, the valuation job is much easier and the rewards for paying attention

are likely to be higher. Therefore, the market is more likely to pay attention and hence

is more efficient at incorporating new information associated with low uncertainty. On the

other hand, when there is a significant amount of technical uncertainty, the valuation job

is much more difficult and the reward for paying attention is likely to be lower. Therefore,

investors are likely to shy away and pay less attention, which may lead to severe mispricing

and market inefficiency for announcements associated with more uncertainty.25

We next test the effect of investor attention on the market reaction to these two different

types of announcements directly, as predicted by our hypotheses H2 and H3.

6.3 Investor attention and the market reaction to innovation an-

nouncements

Our theoretical model predicts that investor attention plays an important role in the an-

nouncement effect and post-announcement stock return drift for innovation announcements.

We test H2 and H3 in the biopharmaceutical industry first and then in the general patent

sample across all industries. Since RavenPack provides media coverage only from the year

2000 onward, our sample periods start in the year 2000 for all these tests.

6.3.1 Empirical analysis of the biopharmaceutical industry sample

To test the role of investor attention on the announcement effect and the post-announcement

drift, we conduct both univariate and multivariate regressions. Our inferences mainly rely

on results from multivariate regressions since it is important to control for other aspects

25Studies have shown that cognitive biases tend to be stronger among harder-to-value firms (see, e.g.,
Zhang (2006), Kumar (2009)). Our study further confirms this by contrasting the market reaction to
different types of announcements with drastic differences in valuation uncertainty and in investor attention.
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that may affect the market reaction to various innovation announcements. As discussed

earlier, we measure attention using media coverage computed over two different windows

for robustness: the week before the event date, and the three days around the event date.

The attention dummy variable equals 1 if media coverage is above the corresponding sample

median and 0 otherwise. All the control variables are defined as in Tables 1 and 2.

Table 3 reports the results for our paired drug-patent sample. Panel A reports the effect

of attention on patent grant announcements, while Panel B reports the effect of attention on

drug approval announcements.26 Panel A shows that, for patent grant announcements, the

coefficient of attention in multivariate regressions with the announcement effect (CAR[-1, 1])

as the dependent variable is significantly positive, regardless of whether attention is measured

by Media[-7, 0] or Media[-1, 1]. This is consistent with our hypothesis H2. Similarly, for

both attention measures, the coefficient of attention in multivariate regressions with the

post-announcement drift (CAR[2, 22]) as the dependent variable is significantly negative,

which is consistent with our hypothesis H3. In sum, the results in Panel A show that the

announcement effect increases with attention, and the post-announcement drift decreases

with attention using both media coverage measures for patent grant announcements.

We now discuss the results related to the effect of investor attention on the stock market

reaction to drug approval announcements, presented in Panel B of Table 3. We find that,

even in the case of FDA drug approval announcements, the announcement effect increases in

investor attention while the post-announcement drift decreases in attention. For example,

regardless of whether attention is measured by Media[-7, 0] or Media[-1, 1], the coefficient of

attention in our multivariate analysis with the announcement effect of drug approvals as the

dependent variable is positive and statistically significant, consistent with our hypothesis

H2. Similarly, the coefficient of attention in our multivariate regression with the post-

announcement drift as the dependent variable is significantly negative when we measure

attention by Media[-7, 0], although it is negative but insignificant when we measure attention

by Media[-1, 1]. These latter results are broadly consistent with our hypothesis H3 (albeit

weaker than the corresponding results in the case of patent grant announcements).

26The corresponding results for the extended sample are presented in the Online Appendix B.
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6.3.2 Empirical analysis of patent grant announcements across all industries

using the general patent sample

Although our model on investor attention is motivated by the innovation process in the

biopharmaceutical industry, the implications of our model apply to all innovation-related

events. Therefore, we now examine the stock market reaction to patent grant announcements

in the general sample, which includes all public firms’ patents granted from 2000 to August

2014. Similar to our previous analyses, we present univariate regressions first with attention

alone as the independent variable and then present multivariate regressions with controls.

To test the role of investor attention, we use the same methodology that we used above

for the biopharmaceutical industry. In order to control for the heterogeneity in the stock

market reaction to patent grant events, we control for the technology class of patents, year,

and industry fixed effects in our multivariate regressions in addition to other controls such

as patent originality.

The results are presented in Table 4. Columns (1) to (5) present the results of our

analysis on the announcement effects of patent grant announcements, and Columns (6) to

(10) present the results of our analysis of the post-announcement stock return drift fol-

lowing such announcements. Similar to the results from the biopharmaceutical industry,

the results from the general sample using multivariate regression analyses show that, while

the announcement effect of patent grant announcements is positively related to attention,

the post-announcement stock return drift is negatively related to attention. For example,

the coefficient of attention in our multivariate regressions with the announcement effect as

the dependent variable is significantly positive when attention is measured by Media[-1,1],

though it is insignificant if it is measured by Media[-7,0]. This is consistent with our hypoth-

esis H2. On the other hand, we can see that, regardless of whether attention is measured by

Media[-7,0] or Media[-1,1], the coefficient of attention in our multivariate regressions with

post-announcement drift as the dependent variable is negative and significant. These results

are consistent with our hypothesis H3.

Since the importance of patents varies significantly across different technological cate-

gories, we expect a stronger role of attention in those categories where patents matter more.

To test this hypothesis, we classify patents into six technology categories following Hall, Jaffe,

and Trajtenberg (2001). Specifically, we first aggregate the 400 three-digit technology classes

(assigned by the USPTO) into 36 two-digit technological sub-categories. We then further
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aggregate these into 6 main technology categories: Chemicals (excluding Drugs); Computers

and Communications (C&C); Drugs and Medical (D&M); Electrical and Electronics (E&E);

Mechanical; and Others.

The results presented in Table 5 support the hypothesis above. Our multivariate re-

gressions with the announcement effect as the dependent variable (Panel A) show that the

coefficient of attention is positive across all technological categories, although the coefficient

is statistically significant only for four categories: Computers, Drugs, Electronics, and Oth-

ers. This is again consistent with our hypothesis H2. Turning now to the post-announcement

drift (Panel B), our multivariate regressions show that the coefficient of attention is negative

and significant across all technology categories, though it is statistically significant only for

Computers and Electronics. This is again consistent with our hypothesis H3. Overall, our

empirical analysis within major technology categories suggests that, while attention is an

important determinant of the stock market reaction to innovation announcements across

all technology categories, it is particularly important in two categories: Computers and

Electronics.

6.4 The predictive power of the stock return drift following patent

grant announcements for firm profitability, productivity, and

growth

Economists have linked innovation activities to productivity and economic growth as early as

Schumpeter (1942), both theoretically and empirically. For example, Romer (1990), Gross-

man and Helpman (1991), and Aghion and Howitt (1992) model innovation as a crucial

factor that increase future productivity and growth. In addition, corporate finance the-

ory also models innovation as a growth option that can improve firms’ future profitability.

Empirical studies link innovation activities to the stock market (e.g., Pakes (1985), Austin

(1993), Hall, Jaffe, and Trajtenberg (2005), and Kogan, Papanikolaou, Seru, and Stoffman

(2017)). In particular, Kogan et al. (2017) develop a new measure of the economic value

of corporate innovation based on the three-day stock market response to patent grant an-

nouncements. To validate this measure of patent value, they show that this measure is

positively and significantly related to firms’ future profitability, productivity, growth, and

future citations received by firms’ patents.
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Our analyses above show that the announcement effect during the three-day event window

may not fully capture the economic value of patents since some investors may not pay

attention to patent grant announcements within the three-day event window due to limited

attention. As we show above, there is a significant stock return drift over the one month

after the patent grant date. This evidence suggests that it takes more than three days for

the market to fully react to patent grant announcements.

Therefore, we conjecture that both the announcement effect and the post-announcement

drift convey useful information about the economic value of a patent, and we expect both

to predict significantly higher productivity, productivity, and growth (H4). To test this

hypothesis, we first create a measure of the announcement effect and the stock return drift

for a firm in year t by summing all the CAR[-1, 1] and CAR[2, 22], respectively, for patents

granted to the firm from the beginning of December of year t − 1 to the end of November

of year t. We end the observation in November to make sure that the drift period does not

overlap with the next calendar year. We then conduct panel regressions of next year’s prof-

itability, productivity, and firm growth on the announcement effect, stock return drift, and

other control variables. All dependent variables are measured in year t+ 1, and independent

variables are measured in year t. All variables are winsorized at 1% and 99% level to reduce

the effect of outliers.

Specifically, we measure profitability by ROA or OIBDA, where ROA is the sum of income

(ib) and depreciation (dp) divided by lagged assets and OIBDA is the sum of operating

income before depreciation (oibdp) and interest income (tii) divided by lagged assets. We

measure productivity by total factor productivity (TFP) or assets turnover (sales/assets).

TFP is constructed as in Olley and Pakes (1996) and İmrohoroğlu and Tüzel (2014). We

measure firm growth by the growth rate in four aspects: gross profit computed as sales

(sale) minus cost of goods sold (cogs); output computed as sales plus change in inventory

(invt); firm capital stock computed as the total (gross) property, plant, and equipment

(ppegt); and labor as employees (emp). We also control for other firm characteristics, such

as Tobin’s Q defined as market-to-book assets, year-end market capitalization (ME), capital

expenditure (capx) scaled by lagged assets, R&D expenditure (xrd) scaled by lagged assets,

and advertisement expenditure (xad) scaled by lagged assets.27

27In Tobin’s Q, the market value of assets is computed as total assets plus market capitalization (prcc f
multiplied by csho) minus common equity (ceq) minus deferred taxes (txdb).
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We report the results in Table 6. Consistent with Kogan et al. (2017), the economic value

of patents measured by the three-day announcement effect generally predicts significantly

higher profitability, productivity, and growth. More importantly, we find an even more

robust pattern with respect to the post-announcement stock return drift, as we conjecture

in our hypothesis H4. The coefficient of the drift is statistically significant for all the eight

outcome variables. Moreover, the economic magnitude of the coefficients on the drift are

comparable with that of the coefficients on the announcement effect. This illustrates the

importance of taking into account the effect of stock return drift in creating measures of

patent value based on the stock market reaction to patent grant announcements.

Overall, the evidence we present in this section is consistent with our hypothesis H4,

suggesting that the post-announcement stock return drift following patent grant announce-

ments provides a measure of the economic value of the patent, over and above the economic

value reflected in the announcement effect of patent grant announcements.

6.5 A profitable trading strategy based on investor attention to

patent grant announcements

The evidence above collectively suggests that the stock market tends to underreact to inno-

vation announcements, especially when there is still significant technical uncertainty to be

resolved (such as in the case of patent grant announcements) so that investor attention is

low. Therefore, we next examine whether there exists a profitable trading strategy based on

our empirical analyses presented above.

Following the literature on anomalies, we present a trading strategy based on investor

attention to patent grant announcements using our general patent sample. The analysis

is conducted at the firm level. Specifically, we form portfolios based on a variable that

captures the average investor attention to the announcements of patents granted to a firm

in a given month, named as attention per patent (ATTP). At the end of each month, we

first compute ATTP for each firm as the ratio of the aggregate number of news articles

mentioning a firm during a three-day window around various patent grant dates divided by

the number of patents granted to this firm in a month. We then form three portfolios based

on the 30th and 70th percentiles of ATTP among firms with non-zero ATTP. Firms with

ATTP below (above) the 30th percentile are included in the Low (High) ATTP portfolio.
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We also construct a low-minus-high (Low-High) portfolio by holding a long (short) position

in the low (high) ATTP portfolio. We then hold these portfolios over the next month and

rebalance them each month.28 Panels A and B of Table 7 report the average and median

ATTP and firm size (in millions) for these three portfolios. Panel C reports their average

monthly returns in excess of one-month Treasury bill rate (Exret) as well as their average

monthly industry-adjusted returns. The portfolio industry-adjusted returns (Ind-adjret) are

based on the difference between individual firms returns and the returns of firms in the same

industry (based on the Fama-French 48 industry classifications). In Panels D and E, we

report the alphas and R2 from the regression of the time-series of portfolio excess returns

on various factor models: the Fama and French (2015) five-factor model (the market factor,

the size factor, the value factor, the robust-minus-weak factor, and the conservative-minus-

aggressive factor) and the investment-based factor model (q-factor model) of Hou, Xue, and

Zhang (2015). All returns and alphas are value-weighted. The t-statistics are reported in

parentheses. The sample is from 2000 to 2014.

On average, there are 186 firms in the “Low” ATTP group, 131 firms in the “Middle”

ATTP group, and 124 firms in the “High” ATTP group. The mean (median) ATTP ranges

from 0.111 (0.134) to 6.554 (4.876) for the three ATTP portfolios. The mean (median) size

of the low, middle, and high ATTP portfolios are $2, 627 million ($682 million), $8, 167

million ($2, 628 million), and $39, 198 million ($12,386 million), respectively. The excess

returns, industry-adjusted returns, and alphas from different factor models decrease mono-

tonically with ATTP. Furthermore, this effect is economically and statistically significant.

The monthly value-weighted return of the hedge portfolio is 0.49% (t = 2.50). The industry-

adjusted return and alphas are also economically and statistically significant, ranging from

0.24% to 0.40% per month. Furthermore, these results are mainly driven by the low ATTP

portfolio. Overall, these results suggest that exploiting investor’s inattention to innovation

events can be profitable, thus providing evidence consistent with our hypothesis H5.

7 Conclusion

We analyze, theoretically and empirically, the effect of investor attention on the stock mar-

ket reaction to innovation announcements and suggest how market-based measures of the

28We neglect the trading cost associated with these monthly rebalanced portfolios in our analysis.
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economic value of patents can be improved. We first develop a dynamic model with lim-

ited investor attention to analyze how differences in investor attention across different types

of innovation announcements affect the stock market response to these announcements. We

establish that, in addition to an announcement effect (abnormal stock return upon announce-

ment), innovation announcements will be followed by a stock return drift. Further, while the

announcement effect of an innovation announcement will be increasing in investor attention,

the post-announcement drift will be decreasing in investor attention. We then empirically

test these hypotheses using two different datasets: first, a matched sample of patent grant

announcements from the biopharmaceutical industry and subsequent FDA drug approval

announcements; and second, a dataset containing the universe of patent grant announce-

ments from the USPTO. We use the media coverage received by the innovating firm around

various innovation announcements as proxies for the investor attention paid to them.

Our findings may be summarized as follows. First, using our matched patent-drug sample

from the biopharmaceutical industry, we find that the abnormal stock returns upon patent

grant announcements are smaller than those upon FDA drug approval announcements; the

subsequent stock return drifts, however, are larger for patent grant announcements compared

to the corresponding FDA drug approval announcements. Second, regardless of whether we

use the matched patent grant and drug approval sample from the biopharmaceutical industry

or the general sample of all patent grants from the USPTO, we show that the announce-

ment effect of patent grant announcements is increasing in the investor attention paid to

these announcements while the subsequent stock return drift is decreasing in this investor

attention. We establish that the stock-return drift following patent grant announcements

has predictive power for the economic value of patents for the patenting firm, over and above

any information contained in their announcement effect. Finally, we show that a long-short

portfolio using investor attention is profitable over the month after patent grant announce-

ments in our general patent sample. Overall, we show, theoretically and empirically, that

incorporating the effects of investor attention to patent grant announcements into a stock

market-based measure of the economic value of patents granted to firms would considerably

enhance the predictive power of such a measure for the future performance of the firms to

which these patents are granted.
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Appendices

A Proof of Propositions

A.1 List of Constants in Propositions and Proofs

Aa = faσ−2
2 (1 + ρ−2σ−2

2 σ−2
x ) > 0 (A.1)

Au = fuσ−2
2 [σ−2

e,1σ
2
0 + (1 +

1

2
ρ−2σ−2

2 σ−2
x )−1]−1 > 0 (A.2)

B0 = (Aa + Au)−1[Aaσ
2
2 + fu +

1

2
Auρ

−2σ−2
x (1 +

1

2
ρ−2σ−2

2 σ−2
x )−1] > 0 (A.3)

B1 = (Aa + Au)−1(Aaσ
2
2 + fu) > 0 (A.4)

E =
Aa

fa
(

Au

Aa + Au

)2 + σ−2
0 (σa

1)−2σ2
e,1 > 0 (A.5)

F =
Aa

fa
(B1 − σ2

2)2 + ρ−2σ−2
x + (2B1 − σ2

2)− 1

E
(

Au

Aa + Au

)2[
Aa

fa
(B1 − σ2

2) + 1]2(A.6)

G = (fa)−1 Aa

Aa + Au

Au

Aa + Au

+B1σ
−2
0 (σa

1)−2σ2
e,1 > 0 (A.7)

H = σ−2
0 (σa

1)−2σ2
e,1[(σ2

2 −B0 −B1)− Aa

fa
(B0 − σ2

2)(B1 − σ2
2)]

+(
Au

Aa + Au

)2(1− Aa

fa
σ2

2) (A.8)

I =
1

2

Au

fu
ρ−2σ−2

x (1 +
1

2
ρ−2σ−2

2 σ−2
x )−1 > 0 (A.9)

J = B0 − σ2
2[1− (1 +

1

2
ρ−2σ−2

2 σ−2
x )−1] (A.10)

K =
Au

fu
(

Aa

Aa + Au

)2 + σ−2
0 (σa

1)−2σ2
e,1 > 0 (A.11)

L =
Au

fu
B2

1σ
−2
0 (σa

1)−2σ2
e,1 +Kρ−2σ−2

x > 0 (A.12)

M = (
Aa

Aa + Au

)2ρ−2σ−2
x +B2

1σ
−2
0 (σa

1)−2σ2
e,1 > 0 (A.13)

Pa = fa[
G2

EF
+ (

Aa

Aa + Au

)2]−1E (A.14)

Pu = fu L

M
> 0 (A.15)
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Qa = fa[
G2

EF
+ (

Aa

Aa + Au

)2]−1{EB0 +
GH

EF
+

AaAu

(Aa + Au)2
[
Aa

fa
(B0 − σ2

2) + 1]} (A.16)

Qu = fu(
L

M
B0 −

Au

fu
J) (A.17)

R =
σ2
e,1

σ2
e,3

σ2
3

σ2
2

√
σ2

0 + σ2
e,3√

σ2
0 + σ2

e,1

− σ2
3

σ2
e,3

(A.18)

A.2 Proof of Propositions

Proof of Proposition 1. For each investor j of type i ∈ {a, u}, his/her utility maximization

problem (UMP) is solved backwards from t = 3 to t = 0, although his/her belief on the

random component z of the terminal payoff f is updated forward as explained in Section

4.1.

At t = 3, an investor of type i solves the utility maximization problem

max
Di

3

Ei
3[− exp(−ρW i

4)], where W i
4 = W i

3 +Di
3(f − S3) = W i

3 +Di
3(µ+ z − S3) (A.19)

The only random component here is z, which follows normal distribution as shown in (8),

hence the above expected utility is

Ei
3[− exp(−ρW i

4)] = − exp{−ρ[W i
3 +Di

3(µ+ ẑ3 − S3)] +
ρ2

2
(Di

3)2σ2
3}, (A.20)

Differentiate with respect to Di
3, and solve for Di

3, we get the optimal demand of a type-i

investor as

Di
3 = ρ−1σ−2

3 (µ+ ẑ3 − S3). (A.21)

To clear the markets,
∑

i=a,u

Di
3 = x̄ + x1 + x2 + x3, since the total mass of investors is 1, we

have the market clearing condition as

x̄+ x1 + x2 + x3 = ρ−1σ−2
3 (µ+ ẑ3 − S3), (A.22)

and consequently the equilibrium asset price at t = 3 is

S3 = µ+ ẑ3 − ρσ2
3(x̄+ x1 + x2 + x3) (A.23)
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The value function (optimized utility function) at t = 3 is therefore:

Ei
3[− exp(−ρW i

4)] = − exp{−ρ[W i
2 +Di

2(µ+ ẑ3 − ρσ2
3(x̄+ x1 + x2 + x3)− S2)]

−ρ
2

2
σ2

3(x̄+ x1 + x2 + x3)2} (A.24)

At t = 2, an investor of type i solves the utility maximization problem max
Di

2

Ei
2[− exp(−ρW i

4)],

which, continuing from (A.24), is equivalent to

max
Di

2

Ei
2[− exp{−ρ[W i

2 +Di
2(µ+ ẑ3− ρσ2

3(x̄+ x1 + x2 + x3)−S2)]− ρ2

2
σ2

3(x̄+ x1 + x2 + x3)2}]

(A.25)

In the above UMP, there are two independent random variables, one is ẑ3, the other is x3,

conditional on the information set F2 = {e1} for all investors. We calculate the expectations

w.r.t. these two random variables one after another. The expectation with respect to

ẑ3|F2 ∼ N(ẑ2, σ
2
2 − σ2

3) follows the standard procedure of calculating the expectation of a

log-normal random variable, i.e. conditional on both the information set F2 and the supply

shock x3, the expected utility is29

Ei
2,x3

[− exp(−ρW i
4)] (A.26)

=Ei
2,x3

[− exp{−ρ[W i
2 +Di

2(µ+ ẑ2 − ρσ2
3(x̄+ x1 + x2 + x3)− S2)] (A.27)

− ρ2

2
σ2

3(x̄+ x1 + x2 + x3)2 +
ρ2

2
(Di

2)2(σ2
2 − σ2

3)}] (A.28)

Moving further from Ei
2,x3

[·] to Ei
2[·], we follow the more general procedure to calculate an

expectation w.r.t. a random variable, i.e. multiply the function by the density function of

the random variable and then integrate w.r.t. the random variable:

Ei
2[− exp(−ρW i

4)]

29The conditional distribution of ẑ3 is normal, with conditional expectation and conditional variation
calculated as:

Ei
2[ẑ3] = Ei

2[Ei
3(z)] = Ei

2[z] = ẑ2

V i
2 [ẑ3] = V i

2 [Ei
3(z)] = V i

2 (z)− Ei
2[V i

3 (z)] = σ2
2 − σ2

3
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∝
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2 +Di
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3(x̄+ x1 + x2)2 +
ρ2
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2 − σ2

3)

+
1

2
ρ2σ2

3(1 + ρ−2σ−2
3 σ−2

x )−1[Di
2 − (x̄+ x1 + x2)]2}

Differentiate w.r.t. Di
2 and solve for Di

2, then we get the optimal demand of a type-i investor

as

Di
2 = ρ−1σ−2

2

1 + ρ−2σ−2
3 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(µ+ ẑ2 − S2)− ρ−2σ−2
2 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(x̄+ x1 + x2) (A.29)

To clear the markets,
∑

i=a,u

Di
2 = x̄ + x1 + x2, since the total mass of investors is 1, we have

the market clearing condition as

x̄+ x1 + x2 = ρ−1σ−2
2

1 + ρ−2σ−2
3 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(µ+ ẑ2 − S2)− ρ−2σ−2
2 σ−2

x

1 + ρ−2σ−2
e,3σ

−2
x

(x̄+ x1 + x2), (A.30)

and consequently the equilibrium asset price at t = 2 is

S2 = µ+ ẑ2 − ρσ2
2(x̄+ x1 + x2) (A.31)

The value function (optimized utility function) at t = 2 is therefore:

Ei
2[− exp(−ρW i

4)]

∝− exp{−ρ[W i
1 +Di

1(µ+ ẑ2 − ρσ2
2(x̄+ x1 + x2)− S1)]− ρ2

2
σ2

2(x̄+ x1 + x2)2} (A.32)

At t = 1, the two groups of investors behave differently: attentive investors pay attention

to the announcement e1 but inattentive investors do not.

Type-a investors. Attentive investors update their beliefs to ẑa1 = ẑ2 upon announcement

e1 immediately. Since they rationally expect the structure of the equilibrium price S1, they
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are able to back out the supply shock x1 once they observe S1. Continuing from (A.32), the

expected CARA utility on terminal wealth for an attentive investor is

Ea
1 [− exp(−ρW a

4 )]

∝
∫
R
− exp{−ρ[W a

1 +Da
1(µ+ ẑa1 − ρσ2

2(x̄+ x1 + x2)− S1)]− ρ2

2
σ2

2(x̄+ x1 + x2)2}

· exp(−1

2
σ−2
x x2

2)dx2

∝− exp{−ρ[W a
1 +Da

1(µ+ ẑa1 − ρσ2
2(x̄+ x1)− S1)]− ρ2

2
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2(x̄+ x1)2

+
1

2
ρ2σ2

2(1 + ρ−2σ−2
2 σ−2

x )−1[Da
1 − (x̄+ x1)]2} (A.33)

Differentiate with respect to Da
1 , set the derivative to zero, and we obtain the optimal demand

by an attentive investor as

Da
1 = ρ−1Aa

fa
(µ+ ẑa1 − S1)− (

Aa

fa
σ2

2 − 1)(x̄+ x1) (A.34)

Type-u investors. Inattentive investors do not update their beliefs immediately upon

announcement e1 and remain with their prior belief on z ∼ N(0, σ2
0). Since they do not

hold the correct posterior belief ẑa1 as attentive investors do, they are not able to back out

the contemporaneous supply shock x1 even though they know the linear structure of the

equilibrium price. Continuing from (A.32), the expected CARA utility on terminal wealth

for an attentive investor is

Eu
1 [− exp(−ρW u

4 )]

∝− exp{−ρ[W u
1 +Du

1 (µ− ρσ2
2x̄− S1)] +

ρ2

2
σ2

2σ
−2
e,1σ

2
0(Du

1 )2

+
ρ2

2
σ2

2(1 +
1

2
ρ−2σ−2

2 σ−2
x )−1(Du

1 − x̄)2} (A.35)

Differentiate with respect to Du
1 , set the derivative to zero, and we obtain the optimal demand

by an attentive investor as

Du
1 = ρ−1Au

fu
(µ− S1)−

1
2
ρ−2σ−2

x

1 + 1
2
ρ−2σ−2

x

Au

fu
x̄ (A.36)
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To clear the markets,
∑

i=a,u

Di
1 = faDa

1 + fuDu
1 = x̄+ x1. Applying (A.34) and (A.36) to the

previous equation, we have

S1 = µ+
Aa

Aa + Au

ẑa1 − ρ(B0x̄+B1x1) (A.37)

At t = 0, both groups of investors hold the same prior belief on z ∼ N(0, σ2
0). However,

because attentive investors and inattentive investors will not have the same posterior belief

at t = 1, their expectation on the expected return of the stock and the equilibrium price at

t = 1 and hence their optimal demands of the stock at t = 0 are different.

Type-a investors. The calculation of expected utility at t = 0 is similar in essence to

that at t = 1, i.e. plug (A.34) and (A.37) into (A.33) to obtain the value function for a

representative type-a investor and then integrate the product of the value function with the

density functions of ẑa1 and x1 with respect to both ẑa1 and x1, and we finally get

Ea
0 [− exp(−ρW a

4 )]

∝− exp{−ρW0 − ρDa
0(µ− ρB0x̄− S0) +

ρ2

2E2F
(GDa

0 +Hx̄)2

+
ρ2

2E
[

Aa

Aa + Au

Da
0 +

Au

Aa + Au

(
Aa

fa
(B0 − σ2

2) + 1)x̄]2}

Differentiate with respect to Da
0 , set the derivative to zero, and we obtain the optimal demand

by an attentive investor as

Da
0 = ρ−1Pa

fa
(µ− S0)− Qa

fa
x̄ (A.38)

Type-u investors. The calculation of expected utility at t = 0 is similar in essence to

that at t = 1, i.e. plug (A.36) and (A.37) into (A.35) to obtain the value function for a

representative type-u investor and then integrate the product of the value function with the

density functions of ẑa1 and x1 with respect to both ẑa1 and x1, and we finally get

Eu
0 [− exp(−ρW u

4 )]

∝− exp{−ρW0 − ρDu
0 (µ− ρB0x̄− S0) +

ρ2

2K
(

Aa

Aa + Au

)2(Du
0 −

Au

fu
Jx̄)2

+
ρ2

2KL
[(σa

1)−2σ−2
0 σ2

e,1B1]2(Du
0 −

Au

fu
Jx̄)2}
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Differentiate with respect to Du
0 , set the derivative to zero, and we obtain the optimal demand

by an attentive investor as

Du
0 = ρ−1Pu

fu
(µ− S0)− Qu

fu
x̄ (A.39)

To clear the markets,
∑

i=a,u

Di
0 = faDa

0 + fuDu
0 = x̄. Applying (A.38) and (A.39) to the

previous equation, we have

S0 = µ− ρQa +Qu + 1

Pa + Pu

x̄ (A.40)

This completes the proof for Proposition 1.

Proof of Proposition 2. The calculation of (20) is straightforward by taking the

difference between (10) and (11) and then setting all the x̄ and xt terms to zero, i.e.,

(S3 − S2)|x̄=x1=x2=x3=0 = σ2
3σ
−2
e,3e3 + (σ2

3 − σ2
2)σ−2

e,1e1. (A.41)

AE3 denotes the right hand side of the above equation and is independent of fa and fu.

Notice that the coefficient of e3, σ2
3σ
−2
e,3 , is a quotient of variances and hence it is positive.

Therefore, AE3 increases with e3 when e3 > 0.

Proof of Proposition 3.

(i) The calculation of (22) is straightforward by taking the difference between (12) and

(13) and then setting both x̄ and x1 to zero, i.e.,

(S1 − S0)|x̄=x1=0 =
Aa

Aa + Au

(σa
1)2σ−2

e,1e1. (A.42)

AE1 denotes the right hand side of the above equation. Because both Aa and Au are

positive, the coefficient of e1 is then positive, and therefore AE1 increases with e1 when

e1 > 0.

(ii) We calculate the partial derivative of AE1 with respect to fa, applying the relation

that fu = 1− fa,
∂AE1

∂fa
=

AaAu

fafu(Aa + Au)2
(σa

1)2σ−2
e,1e1. (A.43)
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Since all components of the coefficient of e1 are positive, the above partial derivative is

positive for any e1 > 0.

This completes the proof of Proposition 3.

Proof of Proposition 4.

(i) The calculation of (26) is by taking the difference between (11) and (12), noticing that

ẑa1 = ẑ2, and then setting all the x̄ and xt terms to zero, i.e.,

(S2 − S1)|x̄=x1=x2=0 =
Au

Aa + Au

σ2
2σ
−2
e,1e1. (A.44)

Drift2 denotes the right hand side of the above equation. The coefficient of e1 above

is positive since both Aa and Au are positive, hence Drift2 has the same sign as e1

(i.e. proportional to e1).

(ii) We take the partial derivative of Drift2 with respect to fa, applying the relation that

fu = 1− fa,
∂Drift2
∂fa

= − AaAu

fafu(Aa + Au)2
σ2

2σ
−2
e,1e1. (A.45)

Since all of Aa, Au, fa, and fu are positive, the partial derivative above has an opposite

sign as e1.

This completes the proof of Proposition 4.

Proof of Proposition 5. For any t ∈ {1, 3}, the conditional expectation of et ∼
N(0, σ2

0 + σ2
e,t) is calculated as follows:30

E[et|et > 0] =
1

P (et > 0)

∫
R+

xpet(x)dx

30Rigorously, for any given firm, e1 = z + εe,1 and e3 = z + εe,3 are connected by the fundamental value
z (which is also a random variable) of the firm and thus not independent of each other. However, notice
that the inequality we are showing consists of a linear combination of e1 and e3, and by the law of total
expectation (also called “the law of iterated expectations”),

E[et|et > 0] = E[E[et|et > 0, z = z0]|et > 0], for t = 1, 3,

it is equivalent to treat e1 and e3 as mutually independent in our calculation here.
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= 2

∫
R+

x√
2π(σ2

0 + σ2
e,t)

exp[− x2

2(σ2
0 + σ2

e,t)
]dx

=

√
2

π

√
σ2

0 + σ2
e,t (A.46)

Thus, (30) is equivalent to

Aa

Aa + Au

(σa
1)2σ−2

e,1

√
2

π

√
σ2

0 + σ2
e,1 < σ2

3σ
−2
e,3

√
2

π

√
σ2

0 + σ2
e,3 + (σ2

3 − σ2
2)σ−2

e,1

√
2

π

√
σ2

0 + σ2
e,1,

(A.47)

which is further equivalent to

fu

fa
>

1−R
R

(1 + ρ−2σ−2
2 σ−2

x )[σ−2
e,1σ

2
0 + (1 +

1

2
ρ−2σ−2

2 σ−2
x )−1] (A.48)

assuming R > 0, where the constant R is as defined in Appendix A.1 and we will show next

that R > 0. In fact, the condition

R =
σ2
e,1

σ2
e,3

σ2
3

σ2
2

√
σ2

0 + σ2
e,3√

σ2
0 + σ2

e,1

− σ2
3

σ2
e,3

> 0 (A.49)

is equivalent to

1 + σ2
e,3σ

−2
0 + σ2

e,3σ
−2
e,1 > 0, (A.50)

which trivially holds.

This completes the proof of Proposition 5.
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Table 1 

Summary statistics 
This table reports summary statistics for the paired drug-related patent grant sample (Panel A), the paired 
drug approval sample (Panel B), the extended drug-related patent grant sample (Panel C), the extended drug 
approval sample (Panel D), and the general patent grant sample (Panel E). The paired drug approval (patent 
grant) sample only includes those drug approval announcements (patent grant announcements) for which 
we can match an approved drug with its key product patent from Medtrack. In addition, we also require the 
event firms to be public on the event day. The paired drug approval sample consists of 117 drug approval 
events from May 1991 to December 2016, and the paired patent grant sample consists of 117 patent grant 
events from December 1986 to June 2014. The extended patent grant (drug approval) sample relaxes the 
requirement of identifying matched drug approval (patent grant) announcements. The extended patent grant 
sample consists of 733 patents granted from December 1986 to July 2014. The extended drug approval 
sample consists of 573 drugs approved from July 1966 to December 2016. The general patent grant sample 
also requires the event firms to be public on the grant date and is from January 2000 to August 2014. The 
abnormal return (AR) is estimated relative to the Fama-French (1992) three-factor model using a twelve-
month estimation window that ends 30 trading days before the event day and has a minimum of 100 valid 
daily returns. CAR[-1, 1] is the cumulative abnormal return (in percentage) over the three trading days 
around the event date (0). CAR[2, 22] is the cumulative abnormal return (in percentage) over the 21 trading 
days following the event. If a firm has multiple events in the same day, we scale the CARs by the number 
of events during the same day. For each event occurring in year t, BM is the book value of equity in fiscal 
year ending in calendar year t-1 divided by the market value of equity at the end of year t-1. ME is the 
market value of equity at the end of year t-1. ROA is income before extraordinary items (Compustat item 
IB) divided by the book value of total assets (Compustat item AT) in fiscal year ending in calendar year t-
1. Patent originality is measured as the Herfindahl index of the patents cited by the focal patent across three-
digit technology classes assigned by the USPTO following Hall, Jaffee, Trajtenberg (2001). Media [-7, 0] 
is the number of news articles that mention the event firm over the week before the event. Media [-1, 1] is 
the number of news articles that mention the event firm over the three-day window around the event. The 
media coverage data start from year 2000. For each variable, we report the number of observations (Obs.), 
mean, standard deviation (SD), minimum (Min), and maximum (Max). All statistics are computed after 
winsorization at the 1% and 99% levels for each sample. 
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Panel A. Paired drug-related patent grant sample  Obs. Mean Std. Dev Min Max 
CAR[-1,1] 117 0.97 5.42 -11.71 25.88 
CAR[2,22] 117 2.10 12.20 -31.19 47.84 
Log(1+BM) 113 0.44 0.68 -0.12 3.13 
Log(ME) 114 8.74 2.24 2.85 12.41 
ROA 113 -0.03 0.38 -1.71 0.32 
Patent originality 117 0.45 0.32 0.00 1.00 
Media [-7,0] 47 7.30 9.39 0.00 49.00 
Media [-1,1] 47 2.91 3.41 0.00 12.00 
Pane B. Paired drug approval sample Obs. Mean Std. Dev Min Max 
CAR[-1,1] 117 1.69 5.92 -13.53 26.74 
CAR[2,22] 117 0.32 7.82 -16.88 23.48 
Log(1+BM) 109 0.41 0.58 -0.04 2.27 
Log(ME) 110 9.76 1.99 4.65 12.48 
ROA 113 0.07 0.30 -1.26 0.58 
Media [-7,0] 88 10.27 9.67 0.00 52.00 
Media [-1,1] 88 6.49 6.38 0.00 41.00 
Panel C. Extended drug-related patent grant sample  Obs. Mean Std. Dev Min Max 
CAR[-1,1] 733 0.22 5.11 -35.07 52.38 
CAR[2,22] 733 1.56 12.90 -46.77 92.92 
Log(1+BM) 699 0.48 0.65 -0.15 2.85 
Log(ME) 701 8.64 2.47 2.62 12.44 
ROA 710 -0.02 0.32 -1.26 0.39 
Patent originality 733 0.46 0.32 0.00 1.00 
Media [-7,0] 522 7.39 9.00 0.00 77.00 
Media [-1,1] 522 3.24 4.41 0.00 42.00 
Pane D. Extended drug approval sample Obs. Mean Std. Dev Min Max 
CAR[-1,1] 573 3.32 29.80 -31.31 625.25 
CAR[2,22] 573 0.09 10.11 -67.62 59.42 
Log(1+BM) 520 0.41 0.56 -0.15 2.85 
Log(ME) 530 8.85 2.26 2.62 12.44 
ROA 542 0.05 0.29 -1.26 0.39 
Media [-7,0] 276 9.79 9.67 0.00 58.00 
Media [-1,1] 276 6.11 6.20 0.00 42.00 
Panel E. General patent grant sample Obs. Mean Std. Dev Min Max 
CAR[-1,1] 879204 0.01 2.01 -84.97 198.57 
CAR[2,22] 879251 0.07 5.36 -171.96 518.81 
Log(1+BM) 849580 0.94 1.12 -0.01 4.43 
Log(ME) 854445 9.23 2.13 4.03 12.86 
ROA 868062 0.10 0.11 -0.39 0.38 
Patent originality 879251 0.48 0.29 0.00 1.00 
Media [-7,0] 879251 1.29 3.15 0.00 408.00 
Media [-1,1] 879251 0.65 1.83 0.00 189.00 

 



 

103 
 

Table 2 

Market reaction to innovation announcements in the biopharmaceutical industry 

This table reports announcement effect and post-announcement effect of patent grant announcements and 
drug approval announcements. Panel A reports cumulative abnormal returns (CAR) of these two types of 
announcements for both the paired samples and the extended samples. The paired samples and CARs (in 
percentage) are described as in Table 1. The extended patent grant (drug approval) sample relaxes the 
requirement of identifying matched drug approval (patent grant) announcements. All samples require event 
firms to be public on the event date. The extended patent grant sample consists of 733 patents granted from 
December 1986 to July 2014. The extended drug approval sample consists of 573 drugs approved from July 
1966 to December 2016. Panel B reports the slopes (in percentage) and t-statistics (in parentheses) from 
pooled regression of CARs of the two types of announcements on a dummy variable, drug approval, that 
equals 1 (0) for drug approval announcements (patent grant announcements), controlling for firm 
characteristics and patent originality. BM, ME, ROA, and patent originality are defined as in Table 1. We 
also include dummies to control for three-digit technology class fixed effect (Tech Class FE) in the 
regressions. T-statistics are based on standard errors that are clustered at the firm and event day levels. All 
variables are winsorized t the 1% and 99% levels for each sample. *, **, *** denote the significance level 
at the 10%, 5%, and 1%, respectively. 
 
  Panel A. Univariate results 
Panel A1: Paired sample         
  (1) (2) (3) (4) 

 Patent grant Drug approval 
 CAR[-1,1] CAR[2,22] CAR[-1,1] CAR[2,22] 

Mean 0.97* 2.10* 1.69*** 0.32 
t-statistics (1.91) (1.91) (2.81) (0.48) 
Observations 117 117 117 117 
Panel A2: Extended sample     
  (1) (2) (3) (4) 

 Patent grant Drug approval 
 CAR[-1,1] CAR[2,22] CAR[-1,1] CAR[2,22] 

Mean 0.22 1.56*** 3.32** 0.09 
t-statistics (1.17) (2.93) (2.54) (0.22) 
Observations 733 733 573 573 
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Panel B. Multivariate results from pooled sample (patent grant announcements plus drug approval 
announcements) 

 Panel B1. Paired sample     
 (1) (2) (3) (4) 

 CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] 
          
Drug approval dummy 0.71 0.58 -1.78 -2.37* 

 (1.00) (0.92) (-1.47) (-1.85) 
Log(1+BM)  -0.70  -1.04 

  (-1.24)  (-0.95) 
Log(ME)  -0.00  -0.39 

  (-0.02)  (-0.70) 
ROA  -3.27  -2.11 

  (-1.52)  (-0.51) 
Patent originality  0.81  -1.18 

  (0.81)  (-0.59) 
Constant 0.97* -5.48 2.10* 9.70 

 (1.91) (-1.62) (1.91) (1.17) 
     

Tech Class FE  Y  Y 
Observations 234 215 234 215 
R-squared 0.00 0.15 0.01 0.09 

Panel B2. Extended sample     
  (1) (2) (3) (4) 

 CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] 
          
Drug approval dummy 3.10** 2.80* -1.47** -1.31* 

 (2.35) (1.80) (-2.22) (-1.91) 
Log(1+BM)  -0.15  -0.81 

  (-0.48)  (-1.42) 
Log(ME)  -0.09  0.04 

  (-0.47)  (0.19) 
ROA  -4.90*  0.69 

  (-1.75)  (0.32) 
Constant 0.22 0.98 1.56*** 1.25 

 (1.17) (0.55) (2.93) (0.55) 
     

Observations 1,306 1,180 1,306 1,180 
R-squared 0.01 0.01 0.00 0.00 
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Table 3 

Investor attention and market reaction to innovation announcements in the biopharmaceutical industry  

This table reports slopes (in percentage) and t-statistics (in parentheses) from regressions of cumulative abnormal returns (CAR) on investor attention, 
with or without other control variables, for the paired patent grant announcements sample (Panel A) and the paired drug approval announcements 
sample (Panel B), respectively. The CARs and the paired samples as defined as in Table 1, except that the samples start in year 2000 due to 
availability of media coverage data. Attention dummy equals 1 if media coverage is above the corresponding sample median and 0 otherwise. We 
measure media coverage as the number of announcements articles that mention the event firm in the three-day window around the event (media[-1, 
1]) or in the week before the event (media[-7, 0]). BM, ME, ROA, and patent originality are defined as in Table 1. We also include dummies to 
control for three-digit technology class fixed effect (Tech Class FE) in the regressions. T-statistics (in parentheses) are estimated based on standard 
errors that are clustered at the firm and event day level. *, **, *** denote the significance level at the 10%, 5%, and 1%, respectively.  
 
Panel A: Investor attention and market reaction to patent grant announcements (2000-2014) 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Attention measure Media[-7,0] Media[-1,1] Media[-7,0] Media[-1,1] 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
                  
Attention dummy 0.85 3.07** 1.67 4.37** -11.24*** -13.38*** -9.27*** -8.65*** 

 (0.62) (2.32) (1.16) (2.59) (-3.17) (-3.36) (-3.26) (-3.41) 
Log(1+BM)  -1.03  -0.85  -0.46  -1.04 

  (-0.68)  (-0.58)  (-0.17)  (-0.35) 
Log(ME)  -1.06  -1.20*  1.99  1.40 

  (-1.54)  (-1.70)  (1.63)  (1.01) 
ROA  -0.39  -0.59  -16.36  -16.06 

  (-0.24)  (-0.33)  (-1.66)  (-1.30) 
Patent originality  1.07  -0.24  -13.15**  -7.68 

  (0.49)  (-0.13)  (-2.69)  (-1.57) 
Constant 0.72 10.34 0.59 11.28 6.75** -32.48* 5.01* -27.33 

 (0.70) (1.51) (0.64) (1.61) (2.15) (-1.76) (1.84) (-1.19) 
Tech Class FE  Y  Y  Y  Y 
Observations 47 45 47 45 47 45 47 45 
R-squared 0.01 0.37 0.02 0.42 0.15 0.72 0.09 0.62 
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Panel B: Investor attention and market reaction to drug approval announcements (2000-2016) 
 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Attention measure Media[-7,0] Media[-1,1] Media[-7,0] Media[-1,1] 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
                  
Attention dummy 0.47 2.29** 0.87 2.68** -3.75** -2.14 -2.75 -0.86 

 (0.38) (2.45) (0.65) (2.27) (-2.21) (-1.24) (-1.61) (-0.40) 
Log(1+BM)  -0.71  -0.48  2.77*  2.92* 

  (-0.80)  (-0.64)  (1.81)  (1.68) 
Log(ME)  -0.65  -0.61  0.82  0.75 

  (-1.46)  (-1.35)  (1.17)  (1.01) 
ROA  -1.00  -1.42  0.14  0.07 

  (-0.30)  (-0.41)  (0.03)  (0.01) 
Patent originality  1.31  1.17  1.24  1.35 

  (0.86)  (0.72)  (0.44)  (0.48) 
Constant 1.59 -2.90 1.35 3.56 2.85** 9.24* 2.37 -18.16* 

 (1.27) (-0.94) (1.20) (0.73) (2.05) (1.89) (1.54) (-1.83) 
Tech Class FE  Y  Y  Y  Y 
Observations 88 77 88 77 88 77 88 77 
R-squared 0.00 0.25 0.01 0.26 0.06 0.21 0.03 0.20 
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Table 4 

Investor attention and market reaction to patent grant announcements in the general patent (USPTO) sample  

This table reports slopes (in percentage) and t-statistics (in parentheses) from regressions of cumulative abnormal returns (CAR) of patent grant 
announcements with identifiable permno from CRSP on investor attention, with or without other control variables. The sample is from January 2000 
to August 2014. The CARs and media coverage are measured as in Table 1. Attention dummy equals 1 if media coverage is above the corresponding 
sample median and 0 otherwise. We measure media coverage as the number of news articles that mention the event firm in the three-day window 
around the event (media[-1, 1]) or in the week before the event (media[-7, 0]). BM, ME, ROA, and patent originality are defined as in Table 1. We 
also include dummies to control for three-digit technology class fixed effect (Tech Class FE) in the regressions. Industry fixed effect is based on 
Fama-French (1997) 48 industry classifications. We also control for year fixed effects. T-statistics are estimated based on standard errors that are 
clustered at the firm and event day level. *, **, *** denote the significance level at the 10%, 5%, and 1%, respectively.  
 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Attention measure  Media[-7,0] Media[-1,1]  Media[-7,0] Media[-1,1] 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
                      
Attention dummy  0.01* -0.00 0.03*** 0.02***  -0.02 -0.11*** -0.06** -0.12*** 

  (1.72) (-0.17) (4.00) (2.88)  (-0.70) (-3.83) (-2.19) (-4.68) 
Log(1+BM)   -0.01  -0.01   -0.13***  -0.12*** 

   (-1.38)  (-1.08)   (-4.12)  (-3.99) 
Log(ME)   0.00  0.00   -0.01  -0.01 

   (0.49)  (0.29)   (-0.55)  (-0.29) 
ROA   0.03  0.04   -0.47*  -0.49* 

   (0.46)  (0.51)   (-1.86)  (-1.91) 
Patent originality   0.01  0.01   0.00  0.00 

   (0.92)  (0.91)   (0.12)  (0.13) 
Constant 0.01 0.00  -0.01  0.07*** 0.08***  0.10***  

 (1.11) (0.14)  (-1.02)  (3.51) (3.20)  (3.47)  
Tech Class FE   Y  Y   Y  Y 
Industry FE   Y  Y   Y  Y 
Year FE   Y  Y   Y  Y 
Observations 879,204 879,204 836,544 879,204 836,544 879,251 879,251 836,544 879,251 836,544 
R-squared 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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Table 5 

Investor attention and market reaction to patent grant announcements in the general sample by technology categories 

This table reports slopes (in percentage) and t-statistics (in parentheses) from regressions of cumulative abnormal returns (CAR) of patent grant 
announcements of public firms on investor attention dummy and other control variables within six major (one-digit) technology categories as defined 
in Hall, Jaffe, and Trajtenberg (2001). The sample is from January 2000 to August 2014. Panel A reports the results from using CARs (-1, 1) as the 
dependent variable, while Panel B reports the results from using CARs (2, 22) as the dependent variable. CARs are defined as in Table 1. The 
attention dummy equals 1 if media coverage is above the corresponding sample median and 0 otherwise. We measure media coverage as the number 
of news articles that mention the event firm in the three-day window around the event (i.e., media[-1, 1] as in Table 4). BM, ME, ROA, and patent 
originality are defined as in Table 1. We also control for three-digit technology class fixed effect (Tech Class FE) in the regressions.  T-statistics are 
estimated based on standard errors that are clustered at the firm and event day level. *, **, *** denote the significance level at the 10%, 5%, and 
1%, respectively.  
 

Panel A: Investor attention and abnormal stock returns upon the announcement of patent grant announcements 
  (1) (2) (3) (4) (5) (6) 
Technology categories Chemical  Computers Drugs Electronics Mechanical Others 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] 
              
Attention dummy 0.02 0.01* 0.12** 0.03** 0.02 0.03* 

 (0.85) (1.70) (2.33) (2.04) (1.51) (1.70) 
Log(1+BM) -0.03 0.00 -0.05 -0.01 -0.01 -0.02 

 (-1.63) (0.21) (-1.38) (-0.54) (-0.44) (-0.98) 
Log(ME) -0.02 0.01 -0.01 0.00 0.01 -0.01 

 (-1.28) (1.39) (-0.42) (0.15) (0.50) (-0.58) 
ROA 0.30 0.02 -0.19 0.07 0.27 0.04 

 (1.51) (0.24) (-0.93) (0.58) (1.49) (0.16) 
Patent originality 0.01 0.01 -0.02 -0.00 0.00 -0.02 

 (0.49) (1.42) (-0.37) (-0.23) (0.25) (-0.70) 
Tech Class FE Y Y Y Y Y Y 
Industry FE Y Y Y Y Y Y 
Year FE Y Y Y Y Y Y 
Observations 79,230 322,649 51,328 195,974 88,328 56,323 
R-squared 0.00 0.00 0.00 0.00 0.00 0.01 
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Panel B: Investor attention and stock return drift after the announcement of patent grant announcements 

  (1) (2) (3) (4) (5) (6) 
Technology categories Chemical  Computers Drugs Electronics Mechanical Others 

 CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
              
Attention dummy -0.07 -0.14*** -0.17 -0.09** -0.07 -0.06 

 (-1.13) (-3.91) (-1.47) (-2.43) (-1.38) (-1.02) 
Log(1+BM) -0.02 -0.13*** -0.45*** -0.10** -0.09* -0.14** 

 (-0.43) (-3.30) (-2.82) (-2.18) (-1.84) (-2.01) 
Log(ME) 0.05 -0.01 0.00 0.01 0.01 -0.01 

 (1.27) (-0.41) (0.08) (0.25) (0.18) (-0.29) 
ROA -1.18* -0.30 -2.56*** 0.31 0.86 -0.22 

 (-1.84) (-1.01) (-3.68) (0.93) (1.39) (-0.26) 
Patent originality 0.09 0.02 0.08 -0.04 -0.08 -0.03 

 (1.17) (0.79) (0.62) (-1.03) (-1.52) (-0.34) 
Tech Class FE Y Y Y Y Y Y 
Industry FE Y Y Y Y Y Y 
Year FE Y Y Y Y Y Y 
Observations 79,230 322,649 51,328 195,974 88,328 56,323 
R-squared 0.01 0.00 0.01 0.00 0.01 0.01 
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Table 6 

Profitability, productivity, and firm growth 

This table reports slopes (in percentage) and t-statistics (in parentheses) from panel regressions of future profitability, productivity, and firm growth 
on the announcement effect, drift, and other control variables. All dependent variables are measured in year t+1, and independent variables are 
measured in year t. The sample period is from 1976 to 2014. Profitability is measured by ROA or OIBDA. ROA is the sum of income (ib) and 
depreciation (dp) divided by lagged assets. OIBDA is the sum of Operating Income Before Depreciation (oibdp) and Interest Income (tii) divided 
by lagged assets. Productivity is measured by TFP or assets turnover (sales/assets). TFP is constructed as in Olley and Pakes (1996) and Imrohoroglu 
and Tuzel (2013). Firm growth is measured by the growth rate in four variables--gross profit defined as sales (sale) minus cost of goods sold (cogs); 
output defined as sales plus change in inventory (invt); firm capital stock computed as the total (gross) property, plant and equipment (ppegt); and 
labor as employees (emp). Announcement effect in year t is measured as the sum of CAR[-1, 1] for patents granted from December of year t-1 to 
November of year t. Drift in year t is measured as the sum of CAR[2, 22] for patents granted from December of year t-1 to November of year t. 
CARs are defined as in Table 1. Q is defined as market to book assets in year t. ME is market capitalization at the end of year t. Capex/lagged assets 
is capital expenditure in year t scaled by assets in year t-2. T-statistics are estimated based on standard errors that are clustered at the firm and year 
levels. *, **, *** denote the significance level at the 10%, 5%, and 1%, respectively.  
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  (1) (2)   (3) (4)   (5) (6) (7) (8) 
 Profitability  Productivity  Growth in  

 ROA OIBDA  Sale/Assets TFP  Gross Profit Output Capital Labor 
                    
Announcement effect (CAR[-1,1]) 2.75*** 2.42***  4.18** 2.95  3.99 1.98 0.83 2.14** 

 (5.05) (3.62)  (2.43) (1.29)  (1.58) (0.74) (0.87) (2.10) 
Drift (CAR[2,22]) 1.23*** 1.21***  3.97*** 2.78***  4.26*** 4.49*** 0.69** 2.31*** 

 (6.95) (6.42)  (6.71) (5.20)  (7.25) (7.36) (2.14) (6.30) 
Log(Q) 2.70*** 3.38***  31.76*** 22.57***  15.25*** 22.36*** 14.84*** 13.56*** 

 (4.59) (5.08)  (20.73) (16.88)  (9.68) (15.42) (16.43) (19.41) 
Log(ME) 1.52*** 1.71***  -10.25*** 8.21***  -2.71*** -3.59*** 1.31*** -0.59** 

 (4.97) (5.91)  (-11.12) (8.60)  (-3.80) (-5.24) (3.46) (-2.28) 
CAPEX/ Lagged Assets 19.18*** 24.52***  24.87*** -19.51**  -10.63 -18.50** 40.55*** 1.08 

 (6.06) (7.05)  (2.79) (-2.50)  (-0.84) (-2.11) (8.15) (0.21) 
R&D/ Lagged Assets -29.20*** -31.31***  6.26 -21.28*  -23.47** 3.99 -4.34 -3.43 

 (-7.12) (-8.13)  (0.92) (-2.03)  (-2.66) (0.48) (-1.00) (-0.92) 
Advertisement/ Lagged Assets -0.00 -0.00  -0.01*** 0.01*  -0.00 -0.00*** -0.00 -0.00 

 (-0.53) (-0.93)  (-2.86) (2.00)  (-1.44) (-2.76) (-0.50) (-0.84) 
           

Firm FE Y Y  Y Y  Y Y Y Y 
Year FE Y Y  Y Y  Y Y Y Y 
Observations 32,500 32,392  32,503 24,430  32,320 32,298 32,244 31,835 
R-squared 0.71 0.78  0.79 0.66  0.19 0.23 0.34 0.27 
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Table 7 

Trading strategy based on investor attention and patent grant announcement using the general patent sample 

This table presents the results from a trading strategy based on media coverage and patent grant announcements. At the end of each month, we 
compute the attention per patent (ATTP) measure for each firm with patent grant announcements as the ratio of total number of news articles 
mentioning a firm during a three-day window around each patent grant announcements to the total number of patents granted in this month. We then 
form three portfolios based on the 30th and 70th percentiles of ATTP. We also construct a low-minus-high (Low–High) portfolio by holding a long 
(short) position in the low (high) ATTP portfolio. We then hold these portfolios over the next month. Panel A and B report the average and median 
ATTP and firm size (in millions) for these three portfolios. Panel C reports their average monthly returns in excess of one-month Treasury bill rate 
(Exret) as well as their average monthly industry-adjusted returns. The portfolio industry-adjusted returns (Ind-adjret) are based on the difference 
between individual firms’ returns and the returns of firms in the same industry (based on the Fama-French 48 industry classifications). In Panels D 
and E, we report the alphas and R2 from the regression of the time-series of portfolio excess returns on various factor models: the Fama-French 
(2015) five factors (the market factor, the size factor, the value factor, the robust-minus-weak factor, and the conservative-minus-aggressive factor), 
and the investment-based factor model (q-factor model) of Hou, Xue, and Zhang (HXZ 2015). All returns and alphas are value-weighted. The t-
statistics are reported in parentheses. R-square is adjusted. ***, **, and * denote the significance levels at the 1%, 5%, and 10%, respectively, for 
the Low-High portfolio. The sample is from 2000 to 2014.  

    A. Mean B. Median C. Returns D. Alphas   E. R2  

Rank of 
ATTP 

Firm 
No. ATTP 

Size 
($mn) ATTP 

Size 
($mn) Exret Ind-adjret FF 5f 

HXZ         
(q-factor) FF 5f 

HXZ         
(q-

factor) 
L 186 0.111 2627 0.134 682 0.73% 0.36% 0.34% 0.31% 0.89 0.88 
      (1.73) (2.70) (2.25) (2.05)   

M 131 1.327 8167 1.193 2628 0.59% 0.08% 0.13% 0.16% 0.80 0.80 
      (1.50) (0.75) (0.68) (0.89)   

H 124 6.554 39198 4.876 12836 0.24% -0.04% 0.04% 0.04% 0.95 0.93 
            (0.69) (-1.43) (0.43) (0.41)   

L-H      0.49%** 0.40%** 0.30%* 0.27%* 0.36 0.38 
            (2.50) (2.60) (1.80) (1.69)     
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Online Appendix B 

Investor attention and market reaction to innovation announcements in the drug industry in extended sample 

This table reports slopes (in percentage) and t-statistics (in parentheses) from regressions of cumulative abnormal returns (CAR) on investor attention, 
with or without other control variables, for the extended patent grant announcements sample (Panel A) and the extended drug approval 
announcements sample (Panel B), respectively. The CARs and the extended samples as defined as in Table 1, except that the samples start in year 
2000 due to availability of media coverage data. Attention dummy equals 1 if media coverage is above the corresponding sample median and 0 
otherwise. We measure media coverage as the number of news articles that mention the event firm in the three-day window around the event (media[-
1, 1]) or in the week before the event (media[-7, 0]). BM, ME, ROA, and patent originality are defined as in Table 1. We also include dummies to 
control for three-digit technology class fixed effect (Tech Class FE) in the regressions. T-statistics (in parentheses) are estimated based on standard 
errors that are clustered at the firm and event day level. *, **, *** denote the significance level at the 10%, 5%, and 1%, respectively.  
 
Panel A: Investor attention and market reaction to patent grant announcements (2000-2014) 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Attention measure Media[-7,0] Media[-1,1] Media[-7,0] Media[-1,1] 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
                  
Attention dummy 0.43 0.07 0.70** 0.48 -3.20*** -2.76*** -1.61 -0.72 

 (1.20) (0.22) (1.97) (0.95) (-3.05) (-2.62) (-1.41) (-0.54) 
Log(1+BM)  0.33  0.30  -0.97  -1.20 

  (0.87)  (0.79)  (-0.93)  (-1.12) 
Log(ME)  0.18  0.14  0.48  0.23 

  (1.02)  (0.75)  (0.99)  (0.47) 
ROA  -0.27  -0.27  -3.72  -3.47 

  (-0.22)  (-0.22)  (-0.89)  (-0.83) 
Patent originality  1.32**  1.34**  -1.80  -1.74 

  (2.00)  (2.02)  (-0.97)  (-0.93) 
Constant -0.13 1.49 -0.20 1.89 3.04*** -6.77 2.32** -4.10 

 (-0.41) (0.79) (-0.73) (0.92) (2.91) (-1.34) (2.40) (-0.78) 
Tech Class FE  Y  Y  Y  Y 
Observations 522 486 522 486 522 486 522 486 
R-squared 0.00 0.05 0.00 0.05 0.01 0.05 0.00 0.05 
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Panel B: Investor attention and market reaction to drug approval announcements (2000-2016) 
 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Attention measure Media[-7,0] Media[-1,1] Media[-7,0] Media[-1,1] 

 CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[2,22] CAR[2,22] CAR[2,22] CAR[2,22] 
                  
Attention dummy 1.51 12.21 -7.16 -3.80 -0.41 -1.03 -0.52 -1.63 

 (0.30) (1.14) (-1.14) (-0.63) (-0.29) (-0.63) (-0.35) (-1.11) 
Log(1+BM)  -4.69  -3.17  0.55  0.45 

  (-1.36)  (-1.50)  (0.58)  (0.51) 
Log(ME)  -3.96  -2.48  0.16  0.09 

  (-1.27)  (-1.39)  (0.25)  (0.16) 
ROA  -4.84  -7.15  3.89  4.01 

  (-0.73)  (-0.86)  (0.88)  (0.90) 
Constant 5.15* 37.33 10.32 32.34 0.65 -0.84 0.74 0.27 

 (1.92) (1.35) (1.64) (1.34) (0.50) (-0.13) (0.58) 0.04 
Tech Class FE  Y  Y  Y  Y 
Observations 276 237 276 237 276 237 276 237 
R-squared 0.00 0.05 0.01 0.03 0.00 0.02 0.00 0.02 

 
 

 

 



The Role of Investor Attention in Seasoned Equity Offerings:

Theory and Evidence∗

Thomas J. Chemmanur† Karen Simonyan‡ Yu Wang§ Xiang Zheng¶

Abstract

Models of seasoned equity offerings (SEOs) such as Myers and Majluf (1984) assume that
all investors in the economy pay immediate attention to SEO announcements and the pricing
of SEOs. In this paper, we analyze, theoretically and empirically, the implications of only a
fraction of investors in the equity market paying immediate attention to SEO announcements.
We first show theoretically that, in the above setting, the announcement effect of an SEO will
be positively related to the fraction of investors paying attention to the announcement and
that there will be a post-announcement stock-return drift that is negatively related to investor
attention. In the second part of the paper, we test the above predictions using the media coverage
of firms announcing SEOs as a proxy for investor attention, and find evidence consistent with
the above predictions. In the third part of the paper, we develop and test various hypotheses
relating investor attention paid to an issuing firm to various SEO characteristics. We empirically
show that institutional investor participation in SEOs, the post-SEO equity market valuation
of firms, SEO underpricing, and SEO valuation are all positively related to investor attention.
The results of our identification tests show that the above results are causal.

Keywords: Seasoned Equity Offerings; Limited Attention; Announcement Effect; Post-announcement
Drift.

JEL classification: G23; G24; G32

∗For helpful comments or discussions, we thank Jie He, Shan He, Gang Hu, Harshit Rajaiya, Jiajie Xu, conference
participants at the Ph.D. student poster session of the 2020 American Finance Association Annual Meeting, and
seminar participants at Boston College and Suffolk University. Any errors remain our own responsibility.
†Professor of Finance and Hillenbrand Distinguished Fellow, Finance Department, Fulton Hall 336, Carroll School

of Management, Boston College, Chestnut Hill, MA 02467, Tel: (617) 552-3980, Fax: (617) 552-0431, Email:
chemmanu@bc.edu.
‡Associate Professor of Finance, Sawyer Business School, Suffolk University, 8 Ashburton Place, Boston, MA

02108, Email: ksimonya@suffolk.edu.
§Ph.D. Candidate, Finance Department, Fulton 333, Carroll School of Management, Boston College, Chestnut

Hill, MA 02467, Tel: (617) 552-2033, Email: wangakc@bc.edu.
¶Ph.D. Candidate, Finance Department, Fulton 341, Carroll School of Management, Boston College, Chestnut

Hill, MA 02467, Tel: (617) 552-2062, Email: zhengxr@bc.edu.

115



1 Introduction

Equity issues are an important source of external financing for corporations. Corresponding to

their importance, there is a large theoretical and empirical literature in corporate finance that

has studied various phenomena around seasoned equity offerings (SEOs). In particular, there is

an important theoretical literature (see, e.g. Myers and Majluf (1984) or Giammarino and Lewis

(1988)) that has attempted to explain the negative announcement effect that has been widely

documented upon the announcement of an SEO (see, e.g. Asquith and Mullins (1986) or Masulis

and Korwar (1986)). The theoretical literature has focused on the asymmetric information facing

the firm in the equity market as the main driving force to explain the negative announcement effect

of an equity issue. Further, in models such as Myers and Majluf (1984), a crucial assumption is

that all investors pay immediate attention to the equity issue announcement. The objective of this

paper is to relax the above assumption, assuming instead that only a fraction of investors in the

equity market pay attention to the SEO announcement, while the remaining fraction update their

beliefs in a delayed manner after the announcement. We then analyze the consequences of such

partial investor attention paid to SEOs theoretically and empirically in this paper.

In the first part of the paper, our focus is on theoretically analyzing a setting where an SEO

conveys a negative signal to the equity market, but where, unlike in Myers and Majluf (1984), a

fraction of investors do not pay immediate attention to the equity issue and update their beliefs

about the firm announcing the equity issue only in a delayed manner. We show that, in the above

setting with limited investor attention, the equity market underreacts to the SEO announcement

(compared to the full attention setting). Further, we show that the announcement effect of an

equity issue is increasing in investor attention (the fraction of investors paying attention to the

SEO announcement). We then show that there will be a post-announcement stock return drift

(driven by inattentive investors engaging in delayed updating of their beliefs after the SEO an-

nouncement). Further, this post-announcement stock return drift will be negatively related to the

extent of investor attention paid to the SEO announcement. Finally, our model implies that both

the abnormal stock return upon an SEO announcement and the post-announcement stock return

drift will have predictive power for the subsequent operating performance of the firm.1

1We would like to emphasize here that the goal of our model is not to argue for the negativity of the SEO issuance
as a signal for the firm value (i.e. the negativity of the announcement effect upon SEO per se, as implied already by
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In the second part of the paper, we empirically test the implications of the above theory for

the announcement effect of an SEO and the post-announcement drift associated with the SEO

announcement. We conduct the above empirical analyses making use of the media coverage of an

SEO firm in the days before its SEO announcement as a proxy for investor attention and using data

on SEOs from 2000 to 2018. In using media coverage as a proxy for investor attention, we follow

several papers in the IPO literature that have used media coverage as a proxy for investor attention:

see, e.g. Liu, Sherman, and Zhang (2014) or Bajo, Chemmanur, Simonyan, and Tehranian (2016).

Our baseline results from the above empirical analyses are as follows. First, the announcement effect

of an equity issue is positively related to the investor attention paid to the SEO announcement:

i.e., while the announcement effect is negative, it is larger in magnitude for SEOs with greater

investor attention paid to the announcement. Second, the post-announcement stock return drift is

decreasing in the investor attention paid to the SEO announcement: i.e., the post-announcement

drift, while it is also negative, will be decreasing in magnitude with greater investor attention.

Third, both the above variables (i.e., the announcement effect of the SEO on firm equity and the

post-announcement stock return drift) have predictive power for the future operating performance

of a firm (as confirmed by running a multivariate regression of post-SEO operating performance on

the SEO announcement effect and on the post-SEO stock return drift).

We conduct two different identification tests to establish the causality of our baseline results.

First, it may be argued that SEO firms with certain firm characteristics (omitted in our base-

line regressions) may be more likely to attract investor attention, so that the baseline results we

document above may be driven by such omitted variables rather than the investor attention re-

ceived by the firm’s SEO announcement. To rule out the above omitted variable problem, our first

identification test analyzes the relationship between the “abnormal” media coverage received by

the SEO firm prior to its SEO announcement (where abnormal media coverage is defined as the

media coverage immediately prior to the SEO announcement minus the media coverage one year

previously) and the relevant SEO characteristics (namely, the SEO announcement effect and the

post-announcement stock return drift). Second, it may be argued that there may be some infor-

mational or other confounding event occurring before the SEO announcement that affects both the

the model of Myers and Majluf (1984)), but rather, to study the split of the overall stock market reaction to SEO
issuance between the immediate announcement effect and the subsequent post-SEO announcement stock return drift
depending on the level of investor attention.
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media coverage received by the firm prior to its SEO announcement and the relevant SEO charac-

teristics (namely, the SEO announcement effect and the post-announcement stock return drift). To

control for this type of endogeneity, we instrument for the investor attention received by the SEO

firm immediately before the SEO announcement using the media coverage received by the firm

one year before the SEO announcement. Using the above instrument, we conduct an instrumental

variable (IV) analysis of the relation between investor attention and the SEO announcement effect

and also the relation between investor attention and the post-SEO stock return drift.2 The results

of the above two identification tests are also consistent with the predictions of our theory, thus

confirming that the relationships we documented earlier in our baseline analyses are causal.

In the third part of the paper, we extend our analysis to study the relationship between investor

attention and the pricing and characteristics of the SEO itself (in the U.S., the actual SEO occurs

four to six weeks after the SEO announcement). We first develop testable hypotheses regarding the

relation between the investor attention received by a firm immediately before the actual SEO and

the pricing of the SEO and other SEO characteristics. In order to develop these testable hypotheses,

we start by assuming that, for institutional investors to participate in a firm’s SEO, they not only

need to receive information about various aspects of the firm from the SEO underwriter, but also to

pay attention to or “recognize” this information. This last assumption is in the spirit of Merton’s

(1987) investor recognition or attention model, which assumes that an investor will incorporate a

security into his portfolio only if he pays attention to (or acquires information about) that security

by incurring a cost. While Merton (1987) posits several possible sources of this “attention” or

“recognition” cost, he views this cost mainly as arising from the cost of investors becoming aware

of (or familiar with) a firm: in his setting, investors consider investing only in the stock of firms

with which they have a certain level of familiarity. In a similar vein, we can think of institutional

and other investors considering for investment only the stock of firms making SEO that they have

become familiar with by incurring an “attention cost”. Then, if a larger number of institutions

have paid attention to a firm’s SEO, we would expect to find, ceteris paribus, a larger number of

institutional investors investing in the equity of the SEO firm. Further, if the demand for the SEO

2It should be noted that our IV analysis using the media coverage received by the firm one year before the SEO
announcement as the instrument rules out the possibility that our results are driven by asymmetric information
rather than investor attention, since it is unlikely that any private information held by firm insiders is so long-lived
(i.e., having a one year horizon).
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firm’s equity from institutional investors is greater for SEOs receiving greater investor attention,

we expect the market clearing price of the equity of such firms to be higher (for a given supply

of shares offered in the SEO). We therefore expect to find a positive relationship between investor

attention and post-SEO market valuations. As we discuss in more detail in Subsection 7.1, if SEO

underpricing is unrelated to investor attention (e.g., driven only by considerations of information

extraction as argued by Benveniste and Spindt (1989)), then we expect to find a positive relation

between investor attention and firm valuation at the SEO offer price as well. If, however, SEO

underpricing is itself positively related to investor attention (as implied by the theoretical SEO

model of Chemmanur and Jiao (2011) or by the IPO model of Liu, Lu, Sherman, and Zhang

(2019)), then the relation between investor attention and firm valuation at the SEO offer price will

turn ambiguous.

We test the above hypotheses using the media coverage received by the firm prior to the actual

equity issue (i.e., after the SEO announcement but before the pricing of the SEO) as a proxy for

investor attention. First, we find that the institutional investor participation in an SEO is increasing

in the investor attention received by the SEO firm. This result also holds after we control for SEO

underpricing. Second, we find that the post-SEO secondary market valuation of the SEO firm is

increasing in investor attention. This result holds regardless of whether the market valuation is

calculated using the closing stock price of the firm on the first trading day post-SEO, or using the

stock price one quarter after the completion of the SEO. Third, we find that the underpricing of

an SEO (as measured by the stock return from the SEO offer price to the closing price on the first

trading day) is positively related to the investor attention received by the SEO firm. Fourth, we

find that firm valuation at the SEO offer price is also positively related to the investor attention

received by the SEO firm. We conduct two identification tests: the first, analyzing the relation

between the “abnormal” media coverage received by the SEO firm and various SEO characteristics;

and the second, an IV analysis using the media coverage received by the SEO firm one year prior to

the SEO announcement as an instrument for the media coverage received by the firm immediately

before the SEO. The above two identification tests establish that the baseline results we discussed

earlier are causal.

The rest of this paper is organized as follows. Section 2 discusses how our paper is related to the

existing literature and describes its contribution relative to this literature. Section 3 presents the
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set-up of our theoretical analysis of the relationship between investor attention, the announcement

effect of an SEO, and the post-SEO stock return drift; Section 4 develops results and describes

the testable implications of our theoretical model. Section 5 describes our data and discusses our

proxies for investor attention. Section 6 describes our empirical tests and results on the relation

between the investor attention received by a firm prior to an SEO and the SEO announcement

and the post-SEO stock return drift and our empirical analysis of the predictive power of the SEO

announcement effect and post-SEO stock return drift for post-SEO operating performance. Section

7 develops testable hypotheses on the relationship between the investor attention received by an

SEO firm and various SEO characteristics and presents our empirical tests (and results) of the

above hypotheses. Section 8 concludes. Online Appendix A.1 gives a list of constants used in

various propositions and proofs. The proofs of all propositions are confined to Online Appendix

A.2. Online Appendix A.3 presents some additional empirical tests not included in the main text

due to space limitations.

2 Relationship to the Existing Literature and Contribution

Our paper is related to several strands in the literature. The first strand is the theoretical and

empirical literature on the stock market reaction to SEO announcements: see, e.g., Myers and Ma-

jluf (1984) or Giammarino and Lewis (1988). The theoretical model of Myers and Majluf (1984)

suggests that equity issues will have a negative announcement effect in a setting of asymmetric

information, since they convey that insiders of a firm announcing an equity issue have less favor-

able private information about their firm’s future prospects. Since, in Myers and Majluf (1984),

all investors pay immediate attention to the equity issue announcement, there will be no post-

announcement drift in their setting. Thus, our model can be viewed as building on the Myers and

Majluf (1984) setting where the announcement of an equity issue conveys a negative signal to the

equity market, but where, unlike in Myers and Majluf (1984), a fraction of investors do not pay

immediate attention to the equity issue and update their beliefs about the firm announcing an

equity issue only in a delayed manner, thereby giving rise to a significant post-announcement stock

return drift.3

3There is also a large empirical literature documenting the negative stock market reaction to the announcement
of equity issues: see, e.g., Asquith and Mullins (1986) or Masulis and Korwar (1986). Asquith and Mullins (1986)

120



The second strand is the theoretical and empirical literature on the pricing of SEOs as well as

the discounting and underpricing of SEOs. Two theoretical models of the pricing of SEOs are those

of Chemmanur and Jiao (2011) and Gerard and Nanda (1993). These papers develop theoretical

rationales for the pricing of SEOs, and, in particular, for SEO discounts and underpricing based on

asymmetric information (albeit driven by different motivations). Unlike the above papers, our focus

in the third part of this paper is on empirically analyzing the implications of investor attention on

SEO underpricing, post-SEO firm valuation, and institutional investor participation in SEOs.

There is also a large empirical literature on the underpricing of SEOs. Since Smith (1977), who

first empirically documented a significant SEO underpricing, the academic literature has offered

various explanations for this phenomenon. Loderer, Sheehan, and Kadlec (1991) document a more

significant SEO underpricing for stocks listed on the Nasdaq than stocks listed on other exchanges

such as NYSE and Amex. Corwin (2003) studies the determinants of SEO underpricing such as

offer size, uncertainty of firm value, the magnitude of preoffer returns, price rounding, and the

pricing relative to the bid quote. Altınkılıç and Hansen (2003) decompose SEO discounting into

a predictable component and a surprise component, and argue that the surprise component is

used by underwriters as a channel to release additional information to investors. Gao and Ritter

(2010) study the effect of various choices of offer method on consequent SEO characteristics such

as discount and underpricing. Gibson, Safieddine, and Sonti (2004) show that SEO firms with the

greatest increase in institutional investment around the issue date significantly outperform those

with the greatest decrease in institutional investment. Chemmanur, He, and Hu (2009) analyze the

relation between institutional trading around SEOs and various SEO characteristics, and conclude

that their findings are consistent with institutions being able to produce information about the

firm making the SEO. Huang and Zhang (2011) document a negative relation between the number

of managing underwriters and SEO discount. Gustafson (2018) documents a higher offer price

and less post-issue return for over-night SEO offerings than non-overnight offerings. Unlike the

above empirical papers, our focus in the second part of this paper is on the relation between

investor attention paid to a firm making an SEO and SEO underpricing, immediate post-SEO firm

valuation, and the participation of institutional investors in the SEO which has not been analyzed

documents a significant negative SEO announcement effect and find that the extent of price reduction is negatively
related to the size for the equity issue.
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before in the literature.4

The third strand is the theoretical literature on limited attention. Hirshleifer and Teoh (2003)

use a static limited-attention model where only a fraction of investors pay attention to public infor-

mation immediately and correctly to study the effects of firms’ different presentations of financial

disclosure and reporting on market prices. Hirshleifer, Lim, and Teoh (2011) use a related model to

analyze the interpretation of different earnings components and investors’ underreaction to earnings

announcements and overreaction to accruals. Our model builds on the above two static models by

introducing random supply shocks on trading dates, so that we are able to explicitly characterize

the post-announcement drift following SEO announcements.5 The broader “investor recognition”

or “investor attention” literature that builds on Merton (1987)’s model is also related to our paper:

we build on this literature to develop testable hypotheses for own empirical analysis of the relation

between investor attention and various SEO characteristics such as SEO underpricing and post-SEO

equity valuation. One paper from this literature that is related to ours is Liu, Lu, Sherman, and

Zhang (2019) who develop a model, in the context of IPO, in which underwriters attract potential

investors to an IPO by offering underpriced shares. In their setting, IPO underpricing is a way of

compensating investors for their cost of paying attention to the firm going public.

The fourth and final strand in the literature our paper is related to is the empirical literature on

investor attention in the context of IPOs. In the context of IPOs, Bajo, Chemmanur, Simonyan, and

Tehranian (2016) study two functions of underwriters, information dissemination and information

extraction, within underwriter networks in IPOs and find that higher investor attention leads to

more favorable IPO characteristics, using pre-IPO media coverage as a proxy for investor attention.

Chemmanur, Krishnan, and Yu (2018) analyze the role of backing by venture capitalists (VCs)

in enhancing the investor attention paid to an IPO firm and the role of this enhanced investor

attention in offering favorable IPO characteristics. Da, Engelberg, and Gao (2011) use Google

Search Volume Index data to proxy for retail investor attention and document a positive relation

between the retail investor attention and the initial return of IPOs and a negative relation between

4Pinto-Gutiérrez (2018) empirically analyzes the relation between the media coverage received by an SEO firm
prior to its offering and the SEO discount, and also the relation between the above media coverage and the abnormal
stock return during the three-day window around the day of the equity issue (not the SEO announcement day).
However, the above paper does not analyze any of the relationships that we study in this paper.

5Peng (2005) applies the setting of limited attention to regimes such as the learning process of investors; Peng
and Xiong (2006) applies such a setting to investors’ category learning and consequent return comovement when
investors also suffer from overconfidence.
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the retail investor attention and the long-run stock return performance after IPO. Liu, Sherman,

and Zhang (2014) use media coverage as a proxy for investor attention to document a positive

relation between investor attention and long-run stock return performance. Cook, Kieschnick, and

Van Ness (2006), document the positive effects of underwriters’ promotional efforts in IPOs on

IPO offer price revision, and IPO initial return.6 Unlike the above literature, that has focused on

the effect of investor attention in IPOs, the focus of our paper is the role of investor attention in

SEOs. In particular, we are the first to analyze the effect of pre-SEO investor attention on the

stock market reaction to SEO announcements, and also the first to analyze the effect of investor

attention on various SEO characteristics.

3 Model Setup

We develop a discrete-time dynamic model to study how the attention of investors to announcements

affects the announcement effects and post-announcement drifts. The model builds upon the SEO

model of Myers and Majluf (1984) and the static limited attention model in Hirshleifer and Teoh

(2003). By introducing a supply shock into the model, we are able to explicitly represent the

drift and study the corresponding comparative statics on both the announcement effect and the

post-announcement drift.

3.1 Timeline

There are four dates in the model (Figure 1): t = 0, 1, 2, 3.

At t = 0, investors are endowed with homogeneous wealth (or equal shares of the asset). There

is no trading on this day. All investors hold homogeneous prior belief on the payoff of asset. At

t = 1, an upcoming seasoned equity offering (SEO) is announced. Attentive investors update their

beliefs conditional on the announcement; inattentive investors do not update their beliefs (still hold

the prior belief). Investors trade to rebalance their portfolios. At t = 2, inattentive investors realize

that they missed the SEO announcement (at t = 1) and correct their beliefs in a delayed manner.

6The broader literature on the role of media coverage in the financial market is also distantly related. Engelberg
and Parsons (2011) establish the causal effect of media coverage on investor trading by studying the relationship
between the trading in local markets following local paper reporting the earnings announcement of a S&P 500 firm.
Fang and Peress (2009) document a negative relation between media coverage and stock return, consistent with the
explanation that media coverage diminishes information asymmetry and thus decreases the expected return of stocks
in equilibrium.
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Figure 1: Timeline of Model

There is no change in attentive investors’ beliefs at t = 2. Investors then trade again. At t = 3,

asset payoff is realized and there is no further trading.

3.2 Assets and the SEO Announcement

There are two assets in the market: a risky asset issued by the SEO firm and the riskfree asset.

Riskfree asset. The riskfree asset offers a net return of r, which is normalized to 0.7 The riskfree

asset has unlimited supply.

Risky asset. The SEO firm issues a risky asset, which can be naturally interpreted as a stock

of the firm or, equivalently, as the liquidation value of the firm in the end. The terminal payoff of

the risky asset is represented by a random variable f :

f = µ+ z, where µ = E(f) and z ∼ N(0, σ2
0). (1)

The unconditional expected supply of the risky asset is x̄ and there is an independent supply shock

xt ∼ N(0, σ2
x) at each period of t = 1 and t = 2, i.e. the aggregate supply of the risky asset at t is

x̄+
∑t

s=1 xs where xs ∼ N(0, σ2
x), for t = 1, 2.8

The SEO announcement. On date t = 1, a public signal e1 = z + ε1 is revealed by the SEO

announcement, where ε1 ∼ N(0, σ2
e).9 The error term ε1 is independent of all other shocks in the

7The results of the model are qualitatively the same if we allow r to be a nonzero constant, so, without loss of
generality, we set it as zero to keep the model simple in exhibition.

8The supply shock is not observable directly. However, since there is no private signal in the model, an investor
may be able to figure out the total supply shock from the equilibrium price if they do know (pay attention to) all
public signals available contemporaneously (e.g. attentive investors at t = 1). More will be mentioned in the next
subsection.

9Our objective in this paper is not to endogenously show that the expected announcement effect of an SEO is
negative, which has already been shown in the theoretical literature by models such as Myers and Majluf (1984)
or Giammarino and Lewis (1988). Given this, we wish to take the signal conveyed by an SEO announcement, e1,
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model. We can interpret the public signal e1 as an exogenous signal conveyed by the SEO (equity

issue) announcement to the stock market about the firm’s future cash flow.10

3.3 Market Participants

The continuum of investors consists of two types of investors: attentive investors (“type-a”) and

inattentive investors (“type-u”). The total mass of investors is 1; a fraction of fa are attentive,

and the rest, fu = 1− fa, are inattentive. We use i as the generic index for “type”, i.e. i = a for

attentive investors and i = u for inattentive investors.

Attentive investors (indexed by type a). An attentive investor updates his/her belief immediately

on the SEO announcement at date t = 1. Since no investor in the market observes any private

signal, the equilibrium prices do not contain additional information about the terminal payoff of

the risky asset. However, the equilibrium price does reflect information about the current supply

shock. Therefore, attentive investors always keep track of contemporaneous supply shocks as they

pay attention to all public signals immediately.

Inattentive investors (indexed by type u). Because of limited attention, inattentive investors

do not pay immediate attention to the public signal e1 made available to them by the SEO an-

nouncement at t = 1 and delay their belief updating on e1 till t = 2. Also because of their limited

attention, they are unaware of their delay even though they may notice the change in equilibrium

prices from S0 to S1, hence they are not able to figure out the supply shock x1 right away.Instead,

on a later date, t = 2, they notice that they missed the SEO announcement (or, equivalently, they

are finally able to evaluate the effect of SEO on the firm value) and update their beliefs based on

e1 in a delayed manner and rebalance their portfolios. This assumption is similar in spirit to the

assumptions made by Hirshleifer and Teoh (2003) and Hirshleifer, Lim, and Teoh (2011).11,12

as exogenous, and theoretically analyze, for the first time in the literature, how the equity market reaction to this
signal is modified in an announcement where a fraction of the investors do not pay immediate attention to the signal
conveyed by the SEO announcement.

10We focus primarily on the case where e1 < 0 in our analysis of the SEO announcement effect and post-SEO
announcement drift. As documented extensively by empirical literature, the average announcement effect of an equity
issue is negative: see, e.g. Asquith and Mullins (1986), and theoretically, models of equity issues such as Myers and
Majluf (1984) predict a negative announcement effect for an equity issue.

11We can also interpret the inattention to the SEO announcement as the inability to evaluate the effect of an-
nouncement immediately. Since the SEO announcement may occur significantly ahead of the actual offering, investors
may wait for more updates about the firm performance (and thus to evaluate the firm stock) before the actual offering
to make their trading decisions.

12Once inattentive investors pay attention to e1 and understand the components in the equilibrium price S1, they
are able to figure out the supply shock x1 retroactively at t = 2 and thus they learn about x2 by observing the

125



Utility. All investors hold the constant-absolute-risk-aversion (CARA) utility with a common

risk aversion parameter ρ. On each trading date (t = 0, 1, 2), they all optimally choose their

demands {Di
t}i∈{a,u} of the risky asset to maximize their personal expected utilities on terminal

wealth,

max
Di

t

Ei
t(− exp[−ρW i

3]), for i ∈ {a, u} and t = 0, 1, 2, (2)

subject to the following budget constraints

W i
t+1 = W i

t +Di
t(St+1 − St), for t = 0, 1, (3)

W i
3 = W i

2 +Di
2(f − S2). (4)

4 Equilibrium and Results

We calculate the update of beliefs forward as more information arrives on each date. In contrast,

we solve the equilibrium prices and demands backwards, since investors’ demands depend on their

expectation on the capital gain in each subsequent period.

4.1 Bayesian Updating of Beliefs

The information set for an investor of type i at time t is denoted by F i
t .

At t = 0, all investors hold the prior belief: f = µ+ z, where µ is the unconditional expectation

of f and z ∼ N(0, σ2
0). Since µ is a constant, the updating of beliefs occurs only on the random

component z in later periods.

At t = 1, an attentive investor, type a, pays attention to the SEO announcement e1, and has

an information set Fa
1 = {e1}. The posterior belief is

z|Fa
1
∼ N(ẑa1 , (σ

a
1)2), where ẑa1 = (σa1)2σ−2

e e1 and (σa1)−2 = σ−2
0 + σ−2

e . (5)

An inattentive investor, type u, does not pay attention immediately to the SEO announcement e1,

equilibrium price S2.
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and hence still holds the prior belief, i.e.

z|Fu
1
∼ N(ẑu1 , (σ

u
1 )2), where ẑu1 = 0 and σu1 = σ0. (6)

At t = 2, an attentive investor, type a, has no change in his/her information set, Fa
2 = Fa

1 = {e1}

and therefore has no change in belief, i.e.

z|Fa
2
∼ N(ẑa2 , (σ

a
2)2), where ẑa2 = (σa2)2σ−2

e e1 and (σa2)−2 = σ−2
0 + σ−2

e . (7)

An inattentive investor, type u, now notices the upcoming SEO, i.e. the public signal e1, (or is

finally able to interpret the effect of the SEO announcement on the firm’s fundamental value f),

so the information set is now Fu
2 = {e1}. The posterior belief of a type-u investor is

z|Fu
2
∼ N(ẑu2 , (σ

u
2 )2), where ẑu2 = (σu2 )2σ−2

e e1 and (σu2 )−2 = σ−2
0 + σ−2

e . (8)

Therefore, investors of both types have same posterior beliefs, i.e. ẑi2 and σi2 are both independent

of i = a or u, and hence can be denoted by ẑ2 and σ2 respectively for conciseness and without

ambiguity.13

4.2 Equilibrium Prices and Demands

On each trading date (t = 0, 1, 2), given their updated beliefs of z, investors decide their optimal

demands {Di
t}i∈{a,u} for the risky asset to maximize their expected CARA utilities of terminal

wealth Ei
t(− exp[−ρW i

3]). At each t, the equilibrium price St clears the market, i.e.14

∫
Di

tdi = faDa
t + fuDu

t = x̄+

t∑
s=1

xs, for t = 0, 1, 2. (9)

13Notice that although all investors have the same posterior belief at t = 2, their conditional expectations of ẑ2 at
t = 1, i.e. Ei

1[ẑ2] for i ∈ {a, u}, are different, because the SEO announcement e1 is in Fa
1 and hence deterministic for

attentive investors at t = 1 but not in Fu
1 and hence still random for inattentive investors at t = 1.

14Here we apply the convention that
∑N

s=M xs = 0 for any integers N < M .
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Proposition 1 (The Equilibrium Prices and Investors’ Optimal Demands)

(i) For t = 0, 1, 2, the equilibrium price St has the following expressions respectively:

S2 = µ+ ẑ2 − ρσ2
2(x̄+ x1 + x2), (10)

S1 = µ+
Aa

Aa +Au
ẑa1 − ρ(B0x̄+B1x1), (11)

S0 = µ− ρQa +Qu + 1

Pa + Pu
x̄, (12)

where the definitions of all constants Aa, Au, B0, B1, Pa, Pu, Qa, and Qu are listed in

Appendix A.1.

(ii) For t = 0, 1, 2, the optimal demands of the risky asset by investors of type i ∈ {a, u} are

respectively

Di
2 = ρ−1σ−2

2 (µ+ ẑ2 − S2) for i ∈ {a, u}, (13)

Da
1 = ρ−1Aa

fa
(µ+ ẑa1 − S1)− [

Aa

fa
(σa1)2 − 1](x̄+ x1), (14)

Du
1 = ρ−1Au

fu
(µ− S1)− [

Au

fu
σ2

0 − 1]x̄, (15)

Da
0 = ρ−1Pa

fa
(µ− S0)− Qa

fa
x̄, (16)

Du
0 = ρ−1Pu

fu
(µ− S0)− Qu

fu
x̄, (17)

where the definitions of all constants are listed in Appendix A.1.

The equilibrium prices on all trading dates are in the form of “µ+(investors’ belief on z)-(a term

of x̄ and xs for x ≤ t)”. Generally speaking, if investors interpret the public signal from the

announcement at t = 1 as good news on the terminal firm value, i.e. e1 > 0, then investors modify

their beliefs on z upward and thus the equilibrium prices increase; if, however, the announcement is

interpreted as bad news on the terminal firm value, i.e. e1 < 0, then investors modify their beliefs

on z downward and thus the equilibrium prices decrease. The term containing x̄ and xs(x ≤ t)

represents a compensation (risk premium) for holding the risky asset by investors.

On each date, the optimal demand of risky asset by an investor increases with the investor’s

conditional expectation of z. Observe that investors’ demands at t = 2 are homogeneous regardless
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of their attention type. This is because at t = 2 both attentive and inattentive investors have their

beliefs updated correctly on the SEO announcement e1, thus they all have homogeneous beliefs and

hence homogeneous demands. In contrast, the demands at t = 1 and t = 0 depend on the attention

type since only attentive investors pay attention to the SEO announcement e1 immediately at t = 1

and therefore hold different beliefs from inattentive investors.

4.3 SEO Announcement Effect and Post-SEO Announcement Drift

In this subsection, we study the abnormal stock returns (announcement effects) at t = 1 and the

corresponding post-announcement stock return drifts from t = 1 to t = 2. This is done by looking

at the differences in the equilibrium prices of the risky asset across time. Because the supply

shocks are mean zero and the analysis of announcement effects and post-announcement drifts is

unrelated to risk premium, without loss of generality, we follow Hirshleifer and Teoh (2003) to set

x̄ = xt = 0 (for t = 1, 2) within this subsection for our analysis on the announcement effect and

post-announcement drift around SEOs.

By taking the difference between (11) and (12), we rewrite the price change of the risky asset

from t = 0 to t = 1 as follows

S1 − S0 =
Aa

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1 − ρ[(B0 −
Qa +Qu + 1

Pa + Pu
)x̄−B1x1] (18)

The first term represents the average change in investors’ beliefs (from 0 to ẑa1 by attentive investors,

diluted by the zero change in inattentive investors’ beliefs) and the second term represents the

change in risk premium because of both uncertainty resolution and supply shock. Since the supply

shock x1 is on average zero and the change in risk premium is not the focus of our study, we silence

the terms containing x̄ and x1 by setting both x̄ and x1 to zero, and focus on the first component

to analyze the effect of investor attention on the announcement effect of SEOs.

Proposition 2 (The Announcement Effect of an SEO)

(i) Let the public signal e1 < 0. Then, the abnormal stock return upon the announcement of an

SEO will be negative with its magnitude increasing in the realization e1 of the announcement,

given by:

Aa

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1 < 0, (19)
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where the constants Aa and Au are both positive and increasing functions of fa and fu re-

spectively (defined in Appendix A.1).

(ii) For any given public signal e1 from the SEO announcement, the magnitude of the abnormal

stock return upon announcement will be increasing in the proportion of investors who are

attentive to the announcement.

Intuitively, as more investors pay immediate attention to the public signal revealed by the SEO

announcement, i.e., the higher the fraction fa of attentive investors in the equity market, the greater

the immediate updating of beliefs reflecting the information contained in the signal e1. This means

that the equilibrium price S1 reflects a larger proportion of the information contained in e1, thus

creating an announcement effect of a larger magnitude.

We now turn to calculating the post-SEO announcement stock return drift as a function of

investor attention. When fewer investors delay their belief updating till t = 2 (i.e. the larger the

fraction fa of attentive investors in the market), the smaller the proportion of information reflected

in the post-SEO announcement drift. We can calculate the price change given by S2−S1, by taking

the difference between (10) and (11):

S2 − S1 =
Au

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1 − ρ[(σ2
2 −B0)x̄+ (σ2

2 −B1)x1 + σ2
2x2]. (20)

The price change S2 − S1 consists of two parts: the first part is the delayed belief update by

inattentive investors with respect to the public signal e1 at SEO; the second part is the change in

risk premium as a combination of uncertainty resolution over time and the additional supply shock

realized contemporaneously. Since the supply shocks x1 and x2 are on average zero and the change

in risk premium is not the focus of our study, we follow Hirshleifer and Teoh (2003) to silence the

terms on x̄ and xt by setting x̄ = xt = 0 (for t = 1, 2), and focus on the first component of the price

change S2 − S1 to analyze the effect of investor attention on the post-SEO announcement stock

return drift.
Proposition 3 (Post-SEO Announcement Stock Return Drift)

(i) Let the public signal e1 < 0. Then, there will be a negative post-SEO announcement stock

return drift given by

Au

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1 < 0, (21)
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where the constants Aa and Au are both positive and increasing functions of fa and fu re-

spectively (defined in Appendix A.1).

(ii) For any given public signal e1 at the SEO announcement, the magnitude of the post-SEO

announcement stock return drift decreases as the proportion of attentive investors fa increases.

4.4 Implications and Testable Hypotheses

Our model generates several testable implications and we develop corresponding testable hypotheses

for our empirical analysis.

1. Relationship between a proxy for investor attention and the abnormal stock return following

SEO announcements: Proposition 2 of our model predicts a positive relation between the extent

of investor attention paid to a given SEO announcement and the magnitude of the abnormal stock

return upon that announcement. Since the abnormal stock return is on average negative after SEO

announcements, in the spirit of Myers and Majluf (1984) and also as shown in the next section of

this paper, our model predicts a more negative abnormal stock return when more investor attention

is paid to the SEO announcement. This is the first hypothesis that we test here (H1). We use a

proxy for investor attention (namely, media coverage) to test the above hypothesis.

2. Relationship between a proxy for investor attention and the post-announcement drift fol-

lowing SEO announcements: Proposition 3 of our model predicts a negative relation between the

extent of investor attention paid to a given SEO announcement and the magnitude of the post-

announcement stock return drift following that announcement. Since our model predicts that the

post-announcement drift overall will be negative, we expect a less negative drift when more investor

attention is paid to the SEO announcement. This is the second hypothesis that we test here (H2).

We use a proxy for investor attention (namely, media coverage) to test the above hypothesis.

3. The predictability of the abnormal stock return and the post-announcement drift following

SEO announcements on long-term firm performance: as shown in Propositions 2 and 3, both

the abnormal stock return upon the SEO announcement and the subsequent post-announcement

drift are positively correlated with the information released at the SEO announcement, about the

firm’s future cash flows. Therefore, we expect both the abnormal stock return upon the SEO

announcement and the subsequent post-announcement drift to be positively correlated with the
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long-term firm cash flow and, more broadly, with the post-SEO operating performance of the firm.

This is the third hypothesis that we test here (H3). We use multiple proxies for the firm operating

performance (e.g. ROA, and cash flow) to test this hypothesis.

5 Data and Sample Selection

We collect data on SEOs from the Securities Data Company (SDC)/Platinum Global New Issues

database. We first obtain the list of all SEOs conducted in the U.S. from 2000 to 2018 and then

select only offerings of common shares (thus excluding all other types of offerings such as real

estate investment trusts, units, rights, spin-offs, American Depository Receipts, etc.) from this

list. We collect data on SEO firms’ media coverage from RavenPack News Analytics (Dow Jones

Edition). RavenPack covers news items from Dow Jones Newswires, regional editions of Wall Street

Journal, Barron’s, and MarketWatch starting from January 1, 2000 (thus the starting date of our

sample period is determined by the availability of media coverage data collected from RavenPack).

We obtain accounting data from Compustat; stock return data from the Center for Research in

Security Prices (CRSP); analyst forecast data from the Institutional Brokers’ Estimation System

(IBES) database; and institutional holdings data from Thomson Reuters’ institutional holdings

(13F) database.

5.1 Measures of Investor Attention and Summary Statistics

We use the pre-SEO media coverage of firms conducting SEOs as our proxy for the amount of

attention paid by market investors to SEO firms. We construct our measures of investor attention

for each SEO firm by counting the number of news items mentioning the firm over a certain

period of time (namely, 1 week, 2 weeks, 1 month, and 2 months) prior to the SEO announcement

date (NumNewsFile) or prior to the SEO issue date (NumNewsIss). For example, NumNewsFile

[-60:-1] and NumNewsIss [-60:-1] are the numbers of news items covering an SEO firm over a two-

month period (60-day period from day -60 to day -1) prior to the SEO announcement date and

prior to the SEO issue date, respectively. We also construct abnormal investor attention measures

(AbnNumNewsFile and AbnNumNewsIss) as the difference between the media coverage of an SEO

firm immediately prior to its SEO as described above and the media coverage of the same firm
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exactly one year before its SEO announcement date. In other words, e.g., AbnNumNewsFile [-60:-1]

is equal to NumNewsFile [-60:-1] minus PriorYrNumNewsFile [-60:-1], where PriorYrNumNewsFile

[-60:-1] is the number of news items covering an SEO firm over a two-month period ending one

year prior to its SEO announcement date.

5.2 Summary Statistics of SEO Characteristics, Investor Attention, and Other

Control Variables

Panel A of Table 1 reports the summary statistics of our investor attention measures for SEO firms

in our sample. The average numbers of news items covering SEO firms over the 1-week, 2-week,

1-month, and 2-month periods prior to their SEO announcement dates are 2.15, 4.04, 8.32, and

15.62, respectively; while the average numbers of news items covering SEO firms over the 1-week, 2-

week, 1-month, and 2-month periods prior to their SEO issue dates are 3.02, 5.10, 10.13, and 19.60,

respectively. Further, the mean abnormal media coverage proxies measuring abnormal investor

attention both prior to the SEO announcement date and prior to the SEO issue date are positive,

suggesting that SEO firms receive somewhat more investor attention prior to their SEOs. For

example, the mean abnormal numbers of news items covering SEO firms over the 1-week, 2-week,

1-month, and 2-month periods prior to the SEO announcement date are 0.49, 0.87, 1.82, and 3.21,

respectively; while the mean abnormal numbers of news items covering SEO firms over the 1-week,

2-week, 1-month, and 2-month periods prior to the SEO issue date are 1.62, 2.28, 3.50, and 5.62,

respectively.

Panel B of Table 1 reports the summary statistics of various SEO firm characteristics as well as

certain SEO characteristics.15 For example, the average book value of SEO firms’ assets at the end

of the fiscal year prior to the SEO announcement is $505 million, the mean return on assets (ROA

measured at the end of the first post-announcement fiscal quarter) is -3.74%, the mean industry-

adjusted Q ratio (measured using the issue day closing price) is -0.041, the mean SEO underpricing

(the percentage difference between the issue day closing price and the SEO offer price) is 3.6%, the

mean midpoint of initial filing price range is $24.1, and the mean number of institutional investors

holding SEO firm shares at the end of the first post-issue fiscal quarter is 132.

15We winsorize all firm and SEO characteristics variables at the 0.5% and 99.5% levels to reduce potential biases
in our analysis caused by outliers. Our results without winsorization are qualitatively similar to those reported in
this paper.
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6 Investor Attention and the Market Reaction to SEO Announce-

ments

In this section, we present our empirical findings on how the extent of investor attention paid to

firms prior to the firms’ SEOs affects the market reaction to the announcements of these SEOs.

We first present the summary statistics of SEO announcement effect and the results from the

baseline regression on the relationship between investor attention and SEO announcement effect

in Section 6.1. Next, we present the summary statistics of SEO post-announcement drift and

the empirical results on the relationship between investor attention and SEO post-announcement

drift in Subsection 6.2. Further, in Subsection 6.3 we examine the relationship between the market

reaction to SEO announcement (namely, the announcement effect and the post-announcement drift)

and the post-announcement operating performance of the SEO firm. Finally, we address potential

endogeneity concerns by presenting a set of robustness tests and instrumental variable analyses in

Subsection 6.4.

6.1 Investor Attention and SEO Announcement Effects

In this subsection, we first present the summary statistics of SEO announcement effect. We estimate

SEO announcement effect as the cumulative abnormal return (CAR) over a certain window around

the SEO announcement date. We estimate abnormal returns using the market model with CRSP

value-weighted index return as the market return; market model variables (alphas and betas) are

estimated over a 150-day period ending 50 days prior to the SEO announcement date.16 Panel A

of Table 2 reports the summary statistics of SEO announcement effects measured in various event

windows and their statistical significance. The mean abnormal return on the SEO announcement

day, CAR [0:0], is −0.76%, which is statistically significantly different from zero at the 1% level.

We will use CAR [0:0] as our main measure of SEO announcement effect in our subsequent tests.

Further, the mean cumulative abnormal returns upon SEO announcements over the 3-day (CAR

[-1:1]), 5-day (CAR [-2:2]), and 7-day (CAR [-3:3]) windows are −2.30%, −2.13%, and −2.07%,

respectively. These announcement effects are statistically significantly different from zero at the 1%

16We also estimate abnormal returns using alternative models such as Fama-French three-factor model, and Carhart
four-factor model(see, e.g., Fama and French (1993), and Carhart (1997)). Our results remain qualitatively similar
using these alternative estimation models.
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level as well. Our findings in Panel A of Table 2 are consistent with the existing literature which

has documented negative announcement effects for SEOs.

Next, we test our first hypothesis H1 which predicts that the more investors pay attention to the

SEO firm the more negative the announcement effect of the SEO will be. We test this hypothesis in

a multivariate regression setting by regressing the announcement-day abnormal return (CAR [0:0])

on our investor attention proxies and other controls. The announcement-day abnormal return is

estimated using the market model as described above in this subsection. The independent vari-

ables of interest in our regressions are our four investor attention measures (NumNewsFile [-7:-1],

NumNewsFile [-14:-1], NumNewsFile [-30:-1], NumNewsFile [-60:-1]) as described in Subsection

5.1. We also add several control variables to rule out potentially confounding effects. First, we

control for lead SEO underwriter reputation. Following Bajo, Chemmanur, Simonyan, and Tehra-

nian (2016), we construct a measure of lead SEO underwriter reputation, UndwrtReputation, as the

lead SEO underwriter’s share of total proceeds raised in the SEO market over previous five years.

In our regressions we also control for SEO firm size (FirmSize), which is the natural logarithm of

the book value of the SEO firm’s total assets at the end of the fiscal quarter prior to the SEO

announcement date; the midpoint of initial filing range (MidFilePrice); the level of information

asymmetry about the SEO firm using the earnings surprise for the fiscal quarter prior to the SEO

announcement date (PriorQtrEarnSurpFile), where earnings surprise is defined as the difference

between the mean earnings estimate and actual earnings divided by the stock price; and the return

on the CRSP value-weighted index over a one-month (21-trading-day) period prior to the SEO

announcement date (PriorMktRetFile). Finally, we also include announcement year × two-digit

SIC industry code fixed effects to control for time-varying unobservables across different industries.

Table 3 presents the results of our regressions of the SEO announcement effect on various

investor attention proxies. The coefficient estimates of all four investor attention measures in our

regressions are negative and statistically significant at the 1% level. Given that the mean abnormal

returns upon SEO announcements are negative as shown in Table 2, this finding suggests that the

announcements of SEOs conducted by firms which receive more attention from market investors

are associated with more negative announcement-period abnormal returns. The results in Table

3 are also economically significant. For example, a one-standard-deviation increase in the number

of news items covering SEO firms over the 1-week, 2-week, 1-month, and 2-month periods prior
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to the SEO announcement date (which correspond to an increase in the number of news items

by approximately 5, 9, 18, and 32, respectively) decreases the announcement-day abnormal return

(CAR [0:0]) by 0.27, 0.32, 0.33, and 0.29 percentage points, respectively (i.e., augments the negative

SEO announcement effect by 35.2%, 41.4%, 43.9%, and 38.0%, respectively). These findings suggest

that, indeed, the greater the extent of investor attention paid to the SEO firm the more negative

the SEO announcement effect, and provide support for our hypothesis H1.

6.2 Investor Attention and SEO Post-Announcement Stock Return Drift

In this subsection, we first present the summary statistics of SEO post-announcement drift. We

estimate the post-announcement drift as the cumulative abnormal return (CAR) over a certain

window after the SEO announcement date. Abnormal returns are estimated using the market

model as described in Subsection 6.1. Panel B of Table 2 reports the summary statistics of two

measures for the SEO post-announcement drift and their statistical significance. The mean SEO

post-announcement cumulative abnormal return over the one-month (21-trading day) period (CAR

[1:21]) and the two-month (42-trading day) period (CAR [1:42]) post the SEO announcement

date are −3.53% and −5.63%, respectively. These SEO post-announcement drift measures are

statistically significantly different from zero at the 1% level. Overall, the summary statistics in

Table 2 indicate that not all information about SEOs (or the firms conducting SEOs) is incorporated

in SEO firms’ stock prices upon the announcements of SEOs, but that information continues to be

incorporated in the stock price over a longer period of time in the form of SEO post-announcement

drift.

Next, we test our second hypothesis H2 which predicts that the more investors pay attention to

the SEO firm the less negative the SEO post-announcement drift will be. We test this hypothesis in

a multivariate regression setting by regressing the SEO post-announcement cumulative abnormal

return over a one-month (21-trading-day) period (CAR [1:21]) on our investor attention proxies and

the same set of control variables and fixed effects as described in Subsection 6.1. The results of our

regressions are reported in Table 4. The coefficient estimates of all four investor attention measures

in our regressions are positive and statistically significant at the 1% level. This suggests that the

SEO post-announcement drift is less negative for those firms which receive more investor attention

upon their SEO announcements. These findings are also economically significant. For example, a
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one-standard-deviation increase in the number of news items covering SEO firms over the 1-week,

2-week, 1-month, and 2-month periods prior to the SEO announcement date (which corresponds to

an increase in the number of news items by approximately 5, 9, 18, and 32, respectively) increases

the post-announcement one-month cumulative abnormal return (CAR [1:21]) by 1.24, 1.35, 1.05,

and 0.74 percentage points, respectively (i.e., shrinks the negative post-announcement drift by

35.1%, 38.3%, 29.9%, and 20.9%, respectively). These results suggest that, indeed, the greater the

extent of investor attention paid to SEO firms the less negative the SEO post-announcement drift,

and provide support for our hypothesis H2.

6.3 The Relationship between SEO Announcement Effect, Post-announcement

Stock Return Drift, and Subsequent Operating Performance

In this subsection, we test our hypothesis H3, which predicts that both SEO announcement ef-

fect and SEO post-announcement drift will be positively correlated with the SEO firm’s post-SEO

operating performance. In other words, we examine whether better market reaction upon SEO an-

nouncement (less negative announcement effect and less negative post-announcement drift) leads

to better post-SEO operating performance. We measure the post-announcement operating perfor-

mance of the firm conducting SEO using two proxies measured in four windows: return on assets

(ROA) and cash flow (Cash Flow), each measured over the one, two, three, and four fiscal quarters

after the SEO announcement. ROA is defined as the ratio of net income to the book value of total

assets, and Cash Flow is defined as the ratio of income before extraordinary items plus depreciation

to the book value of total assets. We regress these measures of post-SEO operating performance

on the proxy for announcement effect (CAR [0:0]) and the proxy for SEO post-announcement drift

(CAR [1:21]) while controlling for the same set of control variables and fixed effects as described

in Subsection 6.1.

The results of our regressions are presented in Table 5: Panel A presents the results of our

regressions using ROA as the dependent variable and Panel B presents the results of our regressions

using Cash Flow as the dependent variable. Table 5 shows that the coefficient estimates of both

CAR [0:0] and CAR [1:21] are positive in all four regressions in both Panels A and B and they are

statistically significant for both operating performance proxies measured over the two, three, and

four fiscal quarters after the SEO announcement. These findings suggest that firms with better
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market reaction upon their SEO announcements realize better post-SEO operating performance

starting two fiscal quarters after their SEO announcements. Further, our finding of CAR [0:0] and

CAR [1:21] both having significantly positive coefficient estimates also suggests that the information

released at the SEO announcement regarding the firm’s future expected (operating) performance is

incorporated into the firm’s stock price not only upon the announcement of the SEO (announcement

effect) but also over a longer period of time after the announcement (post-announcement drift).

The results in Table 5 are also economically significant. For example, a one-standard-deviation

increase in announcement-day abnormal return and a one-standard-deviation increase in one-month

post-announcement cumulative abnormal return lead to an increase in ROA computed over three

fiscal quarters after SEO by 0.79 and 0.86 percentage points, respectively. Similarly, a one-standard-

deviation increase in the announcement-day abnormal return and a one-standard-deviation increase

in the one-month post-announcement cumulative abnormal return lead to increases of 0.72 and 0.89

percentage points, respectively, in Cash Flow measured over the three fiscal quarters after SEO.

These findings provide support for our hypothesis H3.

6.4 Identification

While our baseline results are consistent with our hypotheses (H1 through H3) derived from our

theoretical model, our baseline empirical design may suffer from potential endogeneity problems.

The first problem is due to potential omitted variables. One could argue that certain (long-term)

firm characteristics omitted from our baseline analysis may affect both the extent of attention

paid by investors to a firm conducting an SEO as well as the market reaction upon its SEO

announcement, so that the baseline results we reported above can potentially be driven by such

omitted variables rather than investor attention. In order to address this potential omitted variable

problem, we regress the measures of SEO announcement effect and SEO post-announcement drift

on measures of abnormal media coverage as described in Subsection 5.1, where abnormal media

coverage for a given firm is computed as the media coverage received by that firm immediately

prior to its SEO announcement minus the media coverage of the same firm one year before the

SEO announcement.

The results of our regressions are presented in Panels A (for SEO announcement effect) and B

(for SEO post-announcement drift) of Table 6. In Panel A of Table 6, all four measures of abnormal
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investor attention have significantly negative coefficient estimates, consistent with our baseline

results in Table 3. This finding indicates that the negative relation between investor attention and

SEO announcement effect we documented in our baseline regressions was not driven by omitted

variables. In Panel B of Table 6, three out of four measures for abnormal investor attention have

positive coefficient estimates and one of them (AbnNumNewsFile [-14:-1]) is statistically significant.

These results are also broadly consistent with our baseline findings in Table 4 and provide a weak

indication that our baseline findings on the positive relation between investor attention and SEO

post-announcement drift is unlikely to be caused by omitted variables.

The second potential problem that our baseline analysis may suffer from is that there could be

some informational or other confounding events happening prior to a firm’s SEO announcement

which could potentially affect both the extent of attention paid by investors to the firm as well as

the market reaction upon its SEO announcement that we study here. We address this potential

endogeneity concern by making use of an instrumental variable analysis. We instrument for the

extent of investor attention received by the firm immediately before its SEO announcement using

the media coverage received by the firm one year before the SEO announcement.17 For example, we

use PriorYrNumNewsFile [-60:-1], which is the number of news items covering an SEO firm over

the two-month period ending one year prior to its SEO announcement date, as our instrumental

variable for NumNewsFile [-60:-1]. We expect the media coverage received by an SEO firm one year

before its SEO announcement to be positively correlated with the media coverage received by the

firm immediately before it SEO announcement; however, we do not expect the SEO characteristics

we study here (SEO announcement effect and SEO-post announcement drift) to be correlated with

the media coverage received by the SEO firm one year before its SEO announcement.

The results of our instrumental variable analysis are presented in Panels A (for SEO announce-

ment effect) and B (for SEO post-announcement drift) of Table 7. In our first-stage regressions

we regress the SEO firm’s media coverage prior to its SEO announcement on the media coverage

on the same firm one year before the SEO announcement (i.e. our instrumental variable) and the

same set of control variables and industry × year fixed effects as described in Subsection 6.1. Both

Panels A and B of Table 7 show, consistent with our expectation discussed above, that in first-

17Liu and McConnell (2013) use a similar instrument in their instrumental variable analysis to study the role of
media coverage in corporate governance.
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stage regressions our instrumental variables are significantly positively correlated with our investor

attention measures. We also report the F-statistics of the weak instruments test (or the test of

excluded instruments) for each first-stage regression in Table 7. This test is used to determine

whether instrumental variables used in first-stage regressions are strong. In their survey of the

literature on weak instruments, Stock, Wright, and Yogo (2002) develop benchmarks for the nec-

essary magnitude of the F-statistic. They point out that if the number of instruments is equal to

one, then the critical value of the F-statistic is 8.96. Given that the F-statistics reported for our

first-stage regressions in Table 7 are all well above the critical value of 8.96, the null hypothesis

that our instruments are weak is strongly rejected.

Our second-stage regressions in both Panels A and B of Table 7 show that the coefficient

estimates of predicted values of investor attention measures from all first-stage regressions have the

same signs as reported in baseline regressions in Tables 3 and 4, and three out of four coefficient

estimates in Panel A and all four coefficient estimates in Panel B are statistically significant. These

results suggest that, even after controlling for the potential endogeneity of investor attention paid

to SEO firms immediately prior to their SEO announcements, firms which receive a higher level of

investor attention prior to their SEO announcement dates are associated with larger (more negative)

SEO announcement effects and smaller (less negative) SEO post-announcement drifts. Overall,

our analysis in this subsection, which deals with the potential endogeneity of investor attention,

demonstrates the robustness of our baseline findings in previous subsections on the relationship

between investor attention and the market reaction upon SEO announcements.

7 The Relationship between Investor Attention and SEO Charac-

teristics

In this section, we study the relationship between the extent of investor attention paid to firms

conducting SEOs and certain SEO-related offering and firm characteristics such as SEO initial

returns (underpricing), SEO equity valuation of the firms conducting SEOs, and the extent of

post-SEO institutional investor interest on the shares of the SEO firms. We first develop testable

hypotheses regarding these relations in Subsection 7.1. In subsequent subsections (7.2 to 7.5), we

present our empirical findings on the relation between investor attention and institutional investor
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holdings of SEO firms’ equity, SEO equity market valuation, SEO underpricing, and SEO valuation.

Finally, we discuss the results of our two identification tests that establish causality in Subsection

7.6.

7.1 Theory and Hypothesis Development

We first develop testable hypotheses regarding the relation between the investor attention received

by a firm immediately before its actual SEO and the pricing of the SEO and other SEO character-

istics. In order to develop these testable hypotheses, we start by assuming that, for institutional

investors to participate in a firm’s SEO, they not only need to receive information about various

aspects of the firm from the SEO underwriter, but also need to pay attention to or “recognize” this

information. This assumption is in the spirit of Merton’s (1987) investor recognition or attention

model, which assumes that an investor will incorporate a security into his portfolio only if he pays

attention to (or acquires information about) that security by incurring a cost. While Merton (1987)

posits several possible sources of this “attention” or “recognition” cost, he views this cost mainly

as arising from the cost of investors becoming aware of (or familiar with) a firm. In his setting,

investors consider investing only in the stock of firms with which they have a certain level of fa-

miliarity. Similarly, in our setting, we can think of institutional and other investors considering for

investing only in the stock of firms making SEOs that they have become familiar with by incurring

an attention cost. Then we would expect the extent of institutional investor participation in the

SEOs of firms that received greater investor attention to be greater. This is the first hypothesis

that we test here (H4).

This has implications for the valuation of equity both in the immediate aftermarket (pricing in

the equity market after the SEO) and for firm valuation at the SEO offer price as well. We first

discuss the relation between investor attention and post-SEO secondary market valuation. Since

the demand from investors for the equity of firms whose SEOs receive greater investor attention

will be greater (for a given supply of shares offered in the SEO), the market clearing price for the

equity of these firms will be higher as well. Assuming that the immediate aftermarket share price of

the SEO firm is the market clearing price, this implies that there will be a positive relation between

investor attention and the immediate post-SEO market valuation of firms (H5).

We now turn to the relation between investor attention and SEO initial returns and as well as
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the relation between investor attention and SEO firm valuation at the offer price. These relations

depend on the process of price setting in SEOs. While there is no consensus in the theoretical

or empirical literature in SEOs on how the SEO offer price is set, there is some agreement that

the office price is set at a discount to the expected market clearing price (which can be viewed

as the same as the expected aftermarket price) giving rise to positive SEO initial returns (SEO

underpricing). There are a number of alternative theories about the drivers of SEO underpricing.

One theory, obtained by analogy to IPOs, is the one advanced by Benveniste and Spindt (1989).

Benveniste and Spindt (1989) argue that the equity of the firm making IPO is priced at a discount

to the market clearing (immediate secondary market) price in order to ensure that institutions have

an incentive to reveal their true demand for the firm’s equity (i.e., it ensures that their incentive

compatibility or truth-telling conditions hold). If the discount applied to the market clearing price

to arrive at the SEO offer price is driven by considerations similar to those advanced by Benveniste

and Spindt (1989) in the context of IPOs (i.e., unrelated to investor attention), then we would

expect pre-SEO investor attention to be unrelated to SEO initial returns (H6A).

However, there have also been some theories suggesting that there may be a positive relation

between investor attention and SEO initial returns. For example, Chemmanur and Jiao (2011)

show in their theoretical analysis that SEO initial returns (underpricing) may be positively related

to pre-SEO institutional demand for SEO firm equity.18 Given that SEOs characterized by greater

investor attention are likely to have greater pre-SEO institutional investor demand as well, this

implies a positive relationship between investor attention and SEO initial returns (H6B).19

Consider now the relation between investor attention and firm valuation at the SEO offer

price. If SEO underpricing is unrelated to investor attention (e.g., driven only by considerations

of information extraction, as posited by Benveniste and Spindt (1989)), then we would expect

an unambiguously positive relation between investor attention and firm relation at the SEO offer

price (H7A). On the other hand, if SEO underpricing is positively related to investor attention

18See Proposition 8 of Chemmanur and Jiao (2011).
19An alternative theory that suggests a positive relation between investor attention and SEO underpricing is

provided by Liu, Sherman, and Zhang (2014) and Liu, Lu, Sherman, and Zhang (2019). They argue in the context of
IPOs that IPO underpricing is a way of compensating investors for their cost of paying attention to the IPO firm. In
a similar vein, it may be argued that SEO underpricing (initial returns) is a way of enhancing the investor attention
paid to an SEO by implicitly compensating investors for their cost of paying attention to the firm making SEO.
Given the alternative theory, we will show some specifications in our empirical analysis of SEO valuation, post-SEO
valuation, and institutional investor participation in SEOs where we control for the extent of SEO initial returns
(underpricing).
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(e.g., following the argument made by Chemmanur and Jiao (2011) discussed above), then the

predicted relation between investor attention and firm valuation at the SEO offer price becomes

ambiguous (H7B). This is because the greater secondary market price associated with greater

investor attention may potentially be overcome by the even greater SEO underpricing associated

with greater investor attention, so that the relation between investor attention and firm valuation

at the SEO offer price may turn negative.

7.2 Investor Attention and Post-SEO Participation of Institutional Investors

In this subsection, we test our hypothesis H4 which predicts that a greater extent of investor at-

tention received by a firm prior to its SEO will be associated with greater institutional investor

ownership of the firm’s equity after the SEO. We measure the extent of institutional investors’

ownership of issuing firm’s equity after its SEO by the number of institutional investors holding

firm’s shares at the end of the first quarter after the SEO (InstN). We regress InstN on our four

investor attention measures (NumNewsIss) as described in Subsection 5.1 and other control vari-

ables including underwriter reputation, firm size, the midpoint of initial filing range, the level of

information asymmetry about the SEO firm earnings surprise one quarter prior to the SEO issue

date, one-month stock market return prior to the SEO issue date, and issue year × two-digit SIC

industry code fixed effects. In our regressions we include only those SEOs for which the number of

days between the SEO announcement date and the SEO issue date is greater than the number of

days that we use to measure investor attention. For example, if in a regression we use the investor

attention measured over the 7-day window prior to the SEO issue date, then this regression is

applied only to a sub-sample of SEOs with at least a 7-day gap between the SEO announcement

date and the SEO issue date.

We report the results of our regressions in Table 8. In regression specifications (2), (4), (6),

and (8) we include SEO underpricing as an additional control variable in order to control for the

potential effect of SEO underpricing on the post-SEO institutional investor ownership of the issuing

firm’s equity. Table 8 demonstrates that all four investor attention measures have significantly

positive coefficient estimates in all regressions (with and without controlling for SEO underpricing),

suggesting that a firm which receives more investor attention prior to its SEO is likely to have

a greater number of institutional investor shareholders after the SEO. The positive coefficient
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estimates of SEO underpricing (statistically significant in regression specifications (2) and (4))

provide further support for our theoretical prediction that firms conducting SEOs may leave more

money on the table to attract more institutional investors to invest in their firms’ equity. These

results are also economically significant. For example, a one-standard-deviation increase in the

number of news items covering SEO firms over the 1-week, 2-week, 1-month, and 2-month periods

prior to their SEO issue dates (which correspond to increases in the number of news items of

approximately 6, 11, 23, and 46, respectively) increases the number of institutional investors holding

the SEO firms’ equity by 29, 37, 40, and 39, respectively (i.e., 22.0%, 28.0%, 30.0%, and 29.8%

increases in the number of institutional investors, respectively). These results indicate that a greater

extent of investor attention paid to issuing firms immediately prior to their SEOs is associated with

a greater number of institutional investors holding the issuing firms’ equity post-SEO, and support

our hypothesis H4.

7.3 Investor Attention and the Post-SEO Market Valuation of Issuing Firms

In this subsection, we test our hypothesis H5 which predicts a positive relation between investor

attention received by firms immediately prior to their SEOs and their post-SEO market valuation.

We measure post-issue market valuation of SEO firms using industry-adjusted Q ratios computed

using either the SEO issue day closing stock price (QFTDAdj) or the stock price at the end of the

first post-issue fiscal quarter (QFQAdj). We define Q ratio as the market value of assets over the

book value of assets, where the market value of assets is equal to the book value of assets minus the

book value of equity plus the product of the number of shares outstanding and either the SEO issue

day closing price (QFTD) or the price at the end of the first post-issue fiscal quarter (QFQ). We

further adjust these ratios for median industry valuation by subtracting contemporaneous 2-digit

SIC code industry median Q ratios from the above Q ratios of SEO firms. We regress these two

measures of post-SEO market valuation (QFTDAdj and QFQAdj) on our four investor attention

measures (NumNewsIss) while controlling for the same set of control variables and fixed effects as

described in Subsection 7.2. As discussed in Subsection 7.2, in our regressions we include only those

SEOs for which the number of days between the SEO announcement date and the SEO issue date

is greater than the number of days that we use to measure investor attention.

The results of our regressions are reported in Panels A (using QFTDAdj as the dependent
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variable) and B (using QFQAdj as the dependent variable) of Table 9. In regression specifications

(2), (4), (6), and (8) of each panel we include SEO underpricing as an additional control variable in

order to control for the potential effect of SEO underpricing on the immediate post-SEO valuation

of issuing firms. Both Panels A and B of Table 9 show that all four pre-SEO investor attention

measures have significantly positive coefficient estimates in all regressions (both with and without

SEO underpricing as a control variable). This suggests that firms receiving more investor attention

immediately prior to their SEOs are likely to have higher post-SEO market valuations. These

results are also economically significant. For example, a one-standard-deviation increase in the

number of news items covering SEO firms over the 1-week, 2-week, 1-month, and 2-month periods

prior to their SEO issue dates (which correspond to increases in the number of news items of

approximately 6, 11, 23, and 46, respectively) increases the magnitude of QFQAdj by 0.126, 0.166,

0.184, and 0.182, respectively, which is a sizable increase compared to the mean QFQAdj of −0.037

in our sample. These results imply that a greater extent of investor attention paid to issuing firms

immediately prior to their SEOs leads to higher post-SEO market valuations, and support our

hypothesis H4.

7.4 Investor Attention and SEO Underpricing

In this subsection, we study the relation between investor attention and SEO underpricing by

regressing SEO underpricing on our investor attention measures and other controls. We compute

SEO underpricing as the percentage difference between SEO issue day closing price and SEO

offer price (Underpricing). We test the above hypothesis by regressing SEO underpricing on our

pre-SEO-issue investor attention measures (NumNewsIss) while controlling for the same set of

control variables and fixed effects as described in Subsection 7.2. As discussed in Subsection 7.2,

in our regressions we include only those SEOs for which the number of days between the SEO

announcement date and the SEO issue date is greater than the number of days that we use to

measure investor attention.

In Table 10, we report the results of our regressions using SEO underpricing (Underpricing)

as the dependent variable. All four investor attention measures have positive and statistically

significant coefficient estimates, suggesting that firms receiving more investor attention prior to their

SEOs are associated with greater SEO underpricing. These results are also economically significant.
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For example, a one-standard-deviation increase in the number of news items covering SEO firms over

the 1-week, 2-week, 1-month, and 2-month periods prior to their SEO issue dates (which correspond

to increases in the number of news items of approximately 6, 11, 23, and 46, respectively) increases

SEO underpricing in magnitude by 0.265, 0.554, 0.760, and 0.683, respectively (i.e., increases the

magnitude of underpricing by 7.4%, 15.6%, 21.4%, and 19.2%, respectively). These findings suggest

that, indeed, a greater extent of investor attention paid to issuing firms immediately prior to their

SEOs is associated with a greater degree of SEO underpricing, and support our hypothesis H6B.

7.5 Investor Attention and SEO Valuation of Issuing Firms

In this subsection, we study the effect of investor attention received by firms immediately prior to

their SEOs on their firm valuation at the SEO offer price. We measure SEO valuation of issuing

firms using industry-adjusted Q ratios computed using SEO offer price (QOPAdj). We define Q

ratio as the market value of assets over the book value of assets, where the market value of assets is

equal to the book value of assets minus the book value of equity plus the product of the number of

shares outstanding and SEO offer price (QOP). We further adjust these ratios for median industry

valuation by subtracting contemporaneous 2-digit SIC code industry median Q ratios from the

above Q ratios of SEO firms. We regress SEO valuation (QOPAdj) on our four investor attention

measures (NumNewsIss) while controlling for the same set of control variables and fixed effects as

described in Subsection 7.2. As discussed in Subsection 7.2, in our regressions we include only those

SEOs for which the number of days between the announcement date and the issue date is greater

than the number of days that we use to measure investor attention.

The results of our regressions are reported in Table 11. In regression specifications (2), (4), (6),

and (8) of each panel we include SEO underpricing as an additional control variable in order to

control for the potential channel of using SEO underpricing as a compensation for investor attention.

Table 11 shows that coefficients of all four pre-SEO investor attention measures are significantly

positive in all regressions and remain unchanged with and without SEO underpricing as a control

variable. This suggests that firms receiving more investor attention immediately prior to their

SEOs are likely to have higher SEO valuation. These results are also economically significant. For

example, a one-standard-deviation increase in the number of news items covering SEO firms over

the 1-week, 2-week, 1-month, and 2-month periods prior to their SEO issue dates (which correspond
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to increases in the number of news items of approximately 6, 11, 23, and 46, respectively) increases

the magnitude of QOPAdj by 0.202, 0.266, 0.322, and 0.228, respectively, which is a sizable increase

compared to the mean QOPAdj of -0.036 in our sample. These results imply that a greater extent

of investor attention paid to issuing firms immediately prior to their SEOs leads to higher post-SEO

market valuations. Combining results from Subsection 7.4, the results here support our hypothesis

H7B.

7.6 Identification

In order to deal with the potential endogeneity problems in our analysis of the effect of investor at-

tention on various SEO-related offering and firm characteristics (discussed previously in Subsection

6.4), we perform a similar set of robustness tests and instrumental variable analyses as in Subsection

6.4. First, we regress SEO underpricing, SEO valulation and post-SEO market valuation of issuing

firms, and post-SEO institutional investors’ participation in issuing firm’s equity ownership on our

four abnormal investor attention measures while controlling for the same set of control variables

and fixed effects as described in Subsection 7.2. For brevity, the results of these regressions are

presented in the Internet Appendix of this paper: Tables A.1, A.2, A.3, and A.4. The coefficient

estimates of all four abnormal investor attention measures in these regressions have the same signs

as those reported in our baseline results in Tables 8, 9, 10, and 11, and are statistically significant

in all of the QOPAdj, QFTDAdj and InstN regressions, and in two of the Underpricing and QFQAdj

regressions. Overall, these regression results on the relationship between abnormal investor atten-

tion and various SEO-related offering and firm characteristics are consistent with the results of our

baseline regressions.

Next, we also implement instrumental variable analyses of the effect of investor attention on

various SEO-related offering and firm characteristics making use of the same instrumental variables

as described in Subsection 6.4. The results of our instrumental variable analyses for SEO under-

pricing, post-SEO market valuation, and post-SEO institutional investor participation are reported

in Tables 12, 13, 14, and 15, respectively. Our first-stage regressions in all four tables show that

our instrumental variables are significantly and positively correlated with our investor attention

variables and the F-statistics of the weak instruments test are well above the critical value 8.96.

Our second-stage regressions in Tables 12, 13, 14, and 15 show that the coefficient estimates of
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predicted values of investor attention measures from first-stage regressions have the same signs as

those reported in the baseline results in Tables 8, 9, 10, and 11, and are statistically significant

(except for regression specifications (4) and (6) in Table 13). These results suggest that, even

after controlling for the potential endogeneity of investor attention paid to SEO firms immediately

prior to their SEOs, firms which receive a higher level of investor attention prior to their SEOs are

associated with greater participation of institutional investors in their post-SEO equity ownership,

higher post-SEO market valuations, larger SEO underpricing, and higher firm valuation at the

offer price. Overall, our instrumental variable analysis demonstrates the robustness of our baseline

findings in previous subsections.

8 Conclusion

Models of seasoned equity offerings (SEOs) such as Myers and Majluf (1984) assume that all in-

vestors in the economy pay immediate attention to SEO announcements and the pricing of SEOs.

In this paper, we relax the above assumption and analyze, theoretically and empirically, the im-

plications of a fraction of investors in the equity market paying only delayed attention to SEO

announcements. We first show theoretically that, in the above setting, the announcement effect of

an SEO will be positively related to the fraction of investors paying attention to the announcement

and that there will be a post-announcement stock-return drift that is negatively related to investor

attention. In the first part of the paper, we test the above predictions using the media coverage

of firms announcing SEOs as a proxy for investor attention, and find evidence consistent with the

above predictions. In the second part of the paper, we develop and test various hypotheses relat-

ing investor attention paid to the issuing firm (between the announcement and the equity issue)

to various SEO characteristics. We empirically show that institutional investor participation in

SEOs, the post-SEO equity market valuation of firms, SEO underpricing, and SEO valuation are

all positively related to investor attention. The results of our identification tests show that the

above results are causal.
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Table 1: Summary statistics

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. NumNewsFile [-60:-1] and NumNewsIss
[-60:-1] are the numbers of news items covering SEO firms over a two-month period (from day -60 to day -1) prior to their SEO
announcement dates and prior to their SEO issue dates, respectively. PriorYrNumNewsFile [-60:-1] is the number of news
items covering SEO firms over a two-month period ending one year prior to their SEO announcement dates. AbnNumNewsFile
[-60:-1] is the abnormal investor attention over a two-month period (from day -60 to day -1) prior to the SEO announcement
date, which is defined as the difference between NumNewsFile [-60:-1] and PriorYrNumNewsFile [-60:-1]. AbnNumNewsIss
[-60:-1] is the abnormal investor attention over a two-month period (from day -60 to day -1) prior to the SEO issue date,
which is defined as the difference between NumNewsIss [-60:-1] and PriorYrNumNewsFile [-60:-1]. Other investor attention
measures are defined in a similar fashion and their precise definitions can be found in Subsection 5.1. ROA is the ratio
of net income over the book value of total assets at the end of the first post-announcement fiscal quarter. Cash Flow is
the ratio of income before extraordinary items plus depreciation to the book value of total assets at the end of the first
post-announcement fiscal quarter. Underpricing is the percentage difference between the issue day closing price and the SEO
offer price. QOPAdj is the industry-adjusted Q ratios calculated using the SEO offer price. QFTDAdj and QFQAdj are the
industry-adjusted Q ratios calculated using the SEO issue day closing price and the price at the end of the first post-issue
fiscal quarter, respectively. Q ratio is defined as the market value of assets over the book value of assets, where the market
value of assets is equal to the book value of assets minus the book value of equity plus the product of the number of shares
outstanding and either the SEO issue day closing price (QFTDAdj) or the price at the end of the first post-issue fiscal quarter
(QFQAdj). Industry adjustment is performed by subtracting contemporaneous 2-digit SIC code industry median Q ratios
from SEO firms’ Q ratios. InstN is the number of institutional investors holding SEO firms’ shares at the end of the first
post-issue fiscal quarter. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead
underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the natural logarithm of
the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. MidFilePrice is the
midpoint of initial filing range. PriorQtrEarnSurpFile and PriorQtrEarnSurpIss are the earnings surprises one quarter prior
to the SEO announcement date and prior to the SEO issue date, respectively. Earnings surprise is defined as the difference
between the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetFile and PriorMktRetIss
are the returns on the CRSP value-weighted index over one-month (21-trading-day) periods prior to the SEO announcement
date and prior to the SEO issue date, respectively.

Panel A: Summary statistics on investor attention measures

N Mean Median Min. Max. S.D.

NumNewsFile [-7:-1] 6,309 2.148 1 0 173 5.249
NumNewsFile [-14:-1] 6,309 4.044 2 0 287 9.013
NumNewsFile [-30:-1] 6,309 8.329 5 0 18 17.601
NumNewsFile [-60:-1] 6,309 15.620 10 0 31 32.142
NumNewsIss [-7:-1] 4,862 3.016 1 0 176 6.305
NumNewsIss [-14:-1] 4,510 5.100 3 0 355 11.080
NumNewsIss [-30:-1] 3,577 10.135 7 0 20 23.038
NumNewsIss [-60:-1] 2,713 19.602 13 3 35 45.532
PriorYrNumNewsFile [-7:-1] 6,309 1.663 0 0 146 4.506
PriorYrNumNewsFile [-14:-1] 6,309 3.178 1 0 239 7.597
PriorYrNumNewsFile [-30:-1] 6,309 6.524 3 0 15 15.201
PriorYrNumNewsFile [-60:-1] 6,309 12.417 8 0 26 29.007
AbnNumNewsFile [-7:-1] 6,309 0.485 0 -49 126 3.929
AbnNumNewsFile [-14:-1] 6,309 0.866 0 -56 212 5.846
AbnNumNewsFile [-30:-1] 6,309 1.805 0 -5 10 9.835
AbnNumNewsFile [-60:-1] 6,309 3.203 1 -7 15 16.024
AbnNumNewsIss [-7:-1] 4,862 1.616 0 -56 129 5.220
AbnNumNewsIss [-14:-1] 4,510 2.280 1 -119 280 8.422
AbnNumNewsIss [-30:-1] 3,577 3.492 2 -5 12 14.612
AbnNumNewsIss [-60:-1] 2,713 5.608 3 -8 19 26.033
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Panel B: Summary statistics on SEO and firm characteristics

N Mean Median Min. Max. S.D.

ROA 6,194 -3.741 0.200 -75.153 11.279 10.572
Cash Flow 5,345 -3.390 0.515 -80.311 12.947 11.251
Underpricing 6,006 3.556 2.227 -20.661 38.321 6.583
QOPAdj 6,189 -0.036 -0.009 -6.873 13.298 2.048
QFTDAdj 5,902 -0.041 -0.005 -7.234 13.749 2.144
QFQAdj 6,182 -0.037 -0.009 -7.902 12.086 1.939
InstN 6,079 131.664 102 1 907 128.516
UndwrtReputation 6,309 0.036 0.007 0 0.193 0.050
FirmSize 6,174 6.225 6.150 1.515 12.506 2.122
MidFilePrice 6,009 24.073 18.700 0.350 158.550 23.017
PriorQtrEarnSurpIss 5,469 -0.077 0.001 -13.393 2.400 1.040
PriorQtrEarnSurpFile 5,382 0.028 0 -4.030 8.889 0.768
PriorMktRetIss 6,300 0.014 0.017 -0.127 0.140 0.039
PriorMktRetFile 6,309 0.012 0.016 -0.164 0.151 0.044
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Table 2: Summary statistics of SEO announcement effect and SEO post-announcement drift

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. CAR [0: 0] is the abnormal return on
SEO firm’s equity on the SEO announcement day. CAR [-1:1] is the cumulative abnormal return on SEO firm’s equity
over a 3-day window (from day -1 to day +1) around the SEO announcement date. CAR [-2:2] is the cumulative abnormal
return on SEO firm’s equity over a 5-day window (from day -2 to day +2) around the SEO announcement date. CAR
[-3:3] is the cumulative abnormal return on SEO firm’s equity over a 7-day window (from day -3 to day +3) around the
SEO announcement date. CAR [1:21] is the cumulative abnormal return on SEO firm’s equity over a 21-day window
(from day 1 to day 21) after the SEO announcement date. CAR [1:42] is the cumulative abnormal return on SEO firm’s
equity over a 42-day window (from day 1 to day 42) after the SEO announcement date. Abnormal returns are estimated
using the market model with CRSP value-weighted index return as the market return; market model variables (alphas and
betas) are estimated over a 150-day period ending 50 days prior to the SEO announcement date. ∗∗∗, ∗∗ and ∗ indicate
significance at the 1%, 5%, and 10% level, respectively.

Panel A: Summary statistics of SEO announcement effect

N Mean Median Min. Max. S.D. t-Statistic
(Means= 0)

z-Statistic
(Medians= 0)

CAR [0:0] 5,821 -0.761 -0.445 -19.573 17.677 4.302 -13.492∗∗∗ -15.307∗∗∗

CAR [-1:1] 5,818 -2.298 -1.698 -34.642 33.101 7.821 -22.411∗∗∗ -27.192∗∗∗

CAR [-2:2] 5,815 -2.131 -1.794 -38.164 49.046 9.901 -16.415∗∗∗ -22.709∗∗∗

CAR [-3:3] 5,815 -2.068 -1.890 -41.185 62.389 11.425 -13.804∗∗∗ -20.123∗∗∗

Panel B: Summary statistics of SEO post-announcement drift

N Mean Median Min. Max. S.D. t-Statistic
(Means= 0)

z-Statistic
(Medians= 0)

CAR [1:21] 5,828 -3.530 -2.778 -65.918 68.419 17.546 -15.358∗∗∗ -18.543∗∗∗

CAR [1:42] 5,829 -5.625 -4.198 -98.238 101.048 26.018 -16.506∗∗∗ -18.918∗∗∗
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Table 3: Relationship between investor attention and SEO announcement effect

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. CAR [0: 0]
is the abnormal return on SEO firm’s equity on the SEO announcement day. NumNewsFile
[-7:-1], NumNewsFile [-14:-1], NumNewsFile [-30:-1], and NumNewsFile [-60:-1] are measures
of investor attention prior to the SEO announcement date as described in Table 1. Und-
wrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead
underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize
is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior
to the SEO announcement date. PriorQtrEarnSurpFile is the earnings surprise one quarter
prior to the SEO announcement date. Earnings surprise is defined as the difference between
the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetFile
is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior
to the SEO announcement date. MidFilePrice is the midpoint of initial filing range. Year ×
industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in
parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable CAR [0:0]

(1) (2) (3) (4)

NumNewsFile [-7:-1] -0.051∗∗∗

(-3.15)
NumNewsFile [-14:-1] -0.035∗∗∗

(-3.85)
NumNewsFile [-30:-1] -0.019∗∗∗

(-4.15)
NumNewsFile [-60:-1] -0.009∗∗∗

(-3.66)
UndwrtReputation -1.625 -1.549 -1.568 -1.590

(-1.11) (-1.06) (-1.07) (-1.09)
FirmSize 0.157∗∗∗ 0.170∗∗∗ 0.176∗∗∗ 0.172∗∗∗

(3.00) (3.23) (3.35) (3.26)
PriorQtrEarnSurpFile 0.260∗∗∗ 0.259∗∗∗ 0.257∗∗∗ 0.258∗∗∗

(3.23) (3.21) (3.18) (3.20)
PriorMktRetFile 0.662 0.507 0.434 0.512

(0.43) (0.33) (0.28) (0.33)
MidFilePrice 0.009∗∗∗ 0.009∗∗∗ 0.009∗∗∗ 0.009∗∗∗

(2.65) (2.76) (2.73) (2.67)
Constant -7.308 -7.410 -7.516 -7.395

(-1.20) (-1.22) (-1.24) (-1.22)
Industry × Year FE Yes Yes Yes Yes
R2 0.170 0.171 0.171 0.171
Observations 4735 4735 4735 4735
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Table 4: Relationship between investor attention and SEO post-announcement drift

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. CAR [1:21]
is the cumulative abnormal return on SEO firm’s equity over a 21-day window (from day 1
to day 21) after the SEO announcement date. NumNewsFile [-7:-1], NumNewsFile [-14:-1],
NumNewsFile [-30:-1], and NumNewsFile [-60:-1] are measures of investor attention prior to
the SEO announcement date as described in Table 1. UndwrtReputation is the lead SEO under-
writer’s reputation measure, which is defined as the lead underwriter’s share of total proceeds
raised in the SEO market in previous five years. FirmSize is the natural logarithm of the book
value of total assets at the end of the fiscal quarter prior to the SEO announcement date.
PriorQtrEarnSurpFile is the earnings surprise one quarter prior to the SEO announcement
date. Earnings surprise is defined as the difference between the mean earnings estimate and
actual earnings divided by the stock price. PriorMktRetFile is the return on the CRSP value-
weighted index over one-month (21-trading-day) period prior to the SEO announcement date.
MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed
effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate
significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable CAR [1:21]

(1) (2) (3) (4)

NumNewsFile [-7:-1] 0.236∗∗∗

(3.60)
NumNewsFile [-14:-1] 0.150∗∗∗

(4.09)
NumNewsFile [-30:-1] 0.060∗∗∗

(3.25)
NumNewsFile [-60:-1] 0.023∗∗

(2.28)
UndwrtReputation -8.611 -8.918 -8.718 -8.592

(-1.45) (-1.51) (-1.47) (-1.45)
FirmSize 0.649∗∗∗ 0.609∗∗∗ 0.649∗∗∗ 0.697∗∗∗

(3.07) (2.87) (3.04) (3.25)
PriorQtrEarnSurpFile 0.706∗∗ 0.712∗∗ 0.721∗∗ 0.718∗∗

(2.16) (2.18) (2.21) (2.20)
PriorMktRetFile 16.078∗∗ 16.806∗∗∗ 17.058∗∗∗ 16.824∗∗∗

(2.58) (2.70) (2.73) (2.70)
MidFilePrice -0.031∗∗ -0.033∗∗ -0.032∗∗ -0.031∗∗

(-2.37) (-2.47) (-2.40) (-2.33)
Constant 45.202∗ 45.516∗ 45.333∗ 44.661∗

(1.84) (1.85) (1.84) (1.81)
Industry × Year FE Yes Yes Yes Yes
R2 0.155 0.156 0.155 0.154
Observations 4742 4742 4742 4742
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Table 5: Relationship between the SEO announcement effect, post-announcement drift, and
subsequent operating performance

The sample consists of seasoned equity offerings (SEOs) conducted in 2000 - 2018. ROA1(2,3,4) is the
ratio of net income over the book value of total assets measured over one (two, three, four) quarters
after the SEO announcement. Cash Flow1(2,3,4) is the ratio of income before extraordinary items plus
depreciation to the book value of total assets measured over one (two, three, four) quarters after the SEO
announcement. CAR [0:0] is the abnormal return on SEO firm’s equity on the SEO announcement day.
CAR [1:21] is the cumulative abnormal return on SEO firm’s equity over a 21-day window (from day 1 to
day 21) after the SEO announcement date. NumNewsFile [-7:-1], NumNewsFile [-14:-1], NumNewsFile
[-30:-1], and NumNewsFile [-60:-1] are measures of investor attention prior to the SEO announcement
date as described in Table 1. UndwrtReputation is the lead SEO underwriter’s reputation measure, which
is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years.
FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to
the SEO announcement date. PriorQtrEarnSurpFile is the earnings surprise one quarter prior to the SEO
announcement date. Earnings surprise is defined as the difference between the mean earnings estimate
and actual earnings divided by the stock price. PriorMktRetFile is the return on the CRSP value-weighted
index over one-month (21-trading-day) period prior to the SEO announcement date. MidFilePrice is the
midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all
regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10%
level, respectively.

Panel A: Relationship between the SEO announcement effect, post-announcement drift,
and subsequent ROA

Dependent Variable ROA1 ROA2 ROA3 ROA4

(1) (2) (3) (4)

CAR [0:0] 0.042 0.107∗∗ 0.183∗∗ 0.166∗

(1.56) (2.16) (2.54) (1.76)
CAR [1:21] 0.016∗∗ 0.029∗∗ 0.049∗∗∗ 0.070∗∗∗

(2.42) (2.39) (2.79) (3.05)
UndwrtReputation 3.269 7.207 10.963∗ 14.924∗

(1.30) (1.58) (1.66) (1.73)
FirmSize 1.262∗∗∗ 2.498∗∗∗ 3.706∗∗∗ 4.862∗∗∗

(14.44) (15.79) (16.09) (16.17)
PriorQtrEarnSurpFile -0.740∗∗∗ -1.075∗∗∗ -2.145∗∗∗ -2.573∗∗∗

(-5.33) (-4.24) (-5.77) (-5.29)
PriorMktRetFile 0.497 -0.838 -0.769 -1.638

(0.19) (-0.18) (-0.11) (-0.18)
MidFilePrice 0.032∗∗∗ 0.064∗∗∗ 0.092∗∗∗ 0.126∗∗∗

(5.72) (6.37) (6.31) (6.53)
Constant -2.313 -7.664 51.963∗ -79.156∗∗∗

(-0.22) (-0.41) (1.93) (-2.79)
Industry × Year FE Yes Yes Yes Yes
R2 0.462 0.514 0.531 0.539
Observations 4724 4688 4561 4438
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Panel B: Relationship between the SEO announcement effect, post-announcement drift,
and subsequent Cash Flow

Dependent Variable Cash Flow1 Cash Flow2 Cash Flow3 Cash Flow4

(1) (2) (3) (4)

CAR [0:0] 0.043 0.102∗ 0.168∗∗ 0.108
(1.38) (1.80) (2.03) (0.98)

CAR [1:21] 0.014∗ 0.030∗∗ 0.051∗∗ 0.073∗∗∗

(1.78) (2.12) (2.52) (2.72)
UndwrtReputation 2.991 7.494 12.083 17.188

(0.99) (1.36) (1.50) (1.63)
FirmSize 1.493∗∗∗ 2.985∗∗∗ 4.424∗∗∗ 5.795∗∗∗

(14.50) (15.89) (16.04) (16.06)
PriorQtrEarnSurpFile -0.768∗∗∗ -1.110∗∗∗ -2.161∗∗∗ -2.711∗∗∗

(-4.99) (-3.93) (-5.17) (-4.97)
PriorMktRetFile 0.149 -2.389 -3.995 -4.646

(0.05) (-0.40) (-0.46) (-0.41)
MidFilePrice 0.035∗∗∗ 0.070∗∗∗ 0.102∗∗∗ 0.140∗∗∗

(5.06) (5.59) (5.59) (5.83)
Constant -3.738 -9.113 53.131∗ -79.932∗∗

(-0.33) (-0.44) (1.80) (-2.56)
Industry × Year FE Yes Yes Yes Yes
R2 0.472 0.525 0.543 0.553
Observations 4076 4010 3858 3728
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Table 6: Relationship between abnormal investor attention and market reaction upon SEO
announcement

The sample consists of seasoned equity offerings (SEOs) conducted in 2000 - 2018. CAR [0:0]
is the abnormal return on SEO firm’s equity on the SEO announcement day. CAR [1:21] is the
cumulative abnormal return on SEO firm’s equity over a 21-day window (from day 1 to day
21) after the SEO announcement date. AbnNumNewsFile [-7:-1], AbnNumNewsFile [-14:-1],
AbnNumNewsFile [-30:-1], and AbnNumNewsFile [-60:-1] are measures of abnormal investor
attention prior to the SEO announcement date as described in Table 1. UndwrtReputation
is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s
share of total proceeds raised in the SEO market in previous five years. FirmSize is the
natural logarithm of the book value of total assets at the end of the fiscal quarter prior to
the SEO announcement date. PriorQtrEarnSurpFile is the earnings surprise one quarter prior
to the SEO announcement date. Earnings surprise is defined as the difference between the
mean earnings estimate and actual earnings divided by the stock price. PriorMktRetFile is the
return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the
SEO announcement date. MidFilePrice is the midpoint of initial filing range. Year × industry
(two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses.
∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Panel A: Relationship between abnormal investor attention and SEO announce-
ment effect

Dependent Variable CAR [0:0]

(1) (2) (3) (4)

AbnNumNewsFile [-7:-1] -0.041∗∗

(-2.42)
AbnNumNewsFile [-14:-1] -0.041∗∗∗

(-3.35)
AbnNumNewsFile [-30:-1] -0.019∗∗∗

(-2.73)
AbnNumNewsFile [-60:-1] -0.011∗∗

(-2.44)
UndwrtReputation -1.672 -1.508 -1.492 -1.471

(-1.14) (-1.03) (-1.02) (-1.00)
FirmSize 0.120∗∗ 0.122∗∗ 0.121∗∗ 0.121∗∗

(2.36) (2.41) (2.39) (2.39)
PriorQtrEarnSurpFile 0.260∗∗∗ 0.262∗∗∗ 0.259∗∗∗ 0.258∗∗∗

(3.23) (3.24) (3.21) (3.20)
PriorMktRetFile 0.585 0.582 0.491 0.499

(0.38) (0.38) (0.32) (0.32)
MidFilePrice 0.008∗∗∗ 0.009∗∗∗ 0.009∗∗∗ 0.009∗∗∗

(2.60) (2.68) (2.69) (2.64)
Constant -7.013 -7.014 -7.060 -6.933

(-1.15) (-1.15) (-1.16) (-1.14)
Industry × Year FE Yes Yes Yes Yes
R2 0.169 0.170 0.169 0.169
Observations 4735 4735 4735 4735
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Panel B: Relationship between abnormal investor attention and post-
announcement drift

Dependent Variable CAR [1:21]

(1) (2) (3) (4)

AbnNumNewsFile [-7:-1] 0.071
(1.06)

AbnNumNewsFile [-14:-1] 0.079∗

(1.65)
AbnNumNewsFile [-30:-1] 0.019

(0.70)
AbnNumNewsFile [-60:-1] -0.008

(-0.46)
UndwrtReputation -7.751 -8.075 -7.936 -7.581

(-1.34) (-1.40) (-1.37) (-1.31)
FirmSize 0.802∗∗∗ 0.799∗∗∗ 0.804∗∗∗ 0.810∗∗∗

(3.98) (3.96) (3.98) (4.01)
PriorQtrEarnSurpFile 2.122 2.123 2.150 2.160

(1.56) (1.56) (1.58) (1.59)
PriorMktRetFile 18.330∗∗∗ 18.311∗∗∗ 18.473∗∗∗ 18.505∗∗∗

(2.92) (2.92) (2.95) (2.95)
MidFilePrice -0.031∗∗ -0.031∗∗ -0.031∗∗ -0.030∗∗

(-2.21) (-2.26) (-2.22) (-2.17)
Constant 44.363∗ 44.370∗ 44.362∗ 44.271∗

(1.86) (1.86) (1.86) (1.85)
Industry × Year FE Yes Yes Yes Yes
R2 0.155 0.155 0.155 0.155
Observations 4742 4742 4742 4742
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Table 7: Instrumental variable analysis of the relationship between investor attention and market reaction upon SEO
announcement

The sample consists of seasoned equity offerings (SEOs) conducted in 2000 - 2018. CAR [0: 0] is the abnormal return on SEO firm’s equity on the SEO announcement
day. CAR [1:21] is the cumulative abnormal return on SEO firm’s equity over a 21-day window (from day 1 to day 21) after the SEO announcement date.
NumNewsFileHat [-7:-1], NumNewsFileHat [-14:-1], NumNewsFileHat [-30:-1], and NumNewsFileHat [-60:-1] are predicted values of investor attention variables as
described in Table 1 (NumNewsFile [-7:-1], NumNewsFile [-14:-1], NumNewsFile [-30:-1], and NumNewsFile [-60:-1]) from first-stage regressions. PriorYrNumNewsFile
[-7:-1], PriorYrNumNewsFile [-14:-1], PriorYrNumNewsFile [-30:-1], and PriorYrNumNewsFile [-60:-1] are instrumental variables which measure investor attention
one year prior to the SEO announcement date as described in Table 1. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the
lead underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the natural logarithm of the book value of total assets at
the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpFile is the earnings surprise one quarter prior to the SEO announcement date.
Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetFile is the return on the
CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO announcement date. MidFilePrice is the midpoint of initial filing range. Year
× industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10%
level, respectively.

Panel A: Relationship between investor attention and SEO announcement effect

Dependent Variable 1st-stage CAR [0:0] 1st-stage CAR [0:0] 1st-stage CAR [0:0] 1st-stage CAR [0:0]

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.570∗∗∗

(37.31)
NumNewsFileHat [-7:-1] -0.031

(-1.06)
PriorYrNumNewsFile [-14:-1] 0.832∗∗∗

(58.28)
NumNewsFileHat [-14:-1] -0.022∗

(-1.79)
PriorYrNumNewsFile [-30:-1] 0.899∗∗∗

(71.49)
NumNewsFileHat [-30:-1] -0.017∗∗∗

(-3.03)
PriorYrNumNewsFile [-60:-1] 1.003∗∗∗

(87.87)
NumNewsFileHat [-60:-1] -0.009∗∗∗

(-3.00)
UndwrtReputation 0.562 -1.646 4.127∗∗ -1.597 9.694∗∗∗ -1.580 19.804∗∗∗ -1.597

(0.46) (-1.22) (2.20) (-1.19) (2.86) (-1.18) (3.68) (-1.19)
FirmSize 0.388∗∗∗ 0.141∗∗∗ 0.366∗∗∗ 0.150∗∗∗ 0.535∗∗∗ 0.170∗∗∗ 0.429∗∗ 0.168∗∗∗

(8.79) (2.71) (5.39) (2.99) (4.35) (3.42) (2.18) (3.39)
PriorQtrEarnSurpFile 0.070 0.259∗∗∗ 0.098 0.258∗∗∗ 0.064 0.257∗∗∗ 0.078 0.258∗∗∗

(1.02) (3.50) (0.95) (3.49) (0.34) (3.47) (0.26) (3.48)
PriorMktRetFile 2.777∗∗ 0.594 1.981 0.500 -0.204 0.440 0.926 0.510

(2.14) (0.42) (1.00) (0.35) (-0.06) (0.31) (0.16) (0.36)
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MidFilePrice 0.004 0.009∗∗∗ 0.011∗∗∗ 0.009∗∗∗ 0.024∗∗∗ 0.009∗∗∗ 0.026∗∗ 0.009∗∗∗

(1.51) (2.84) (2.71) (2.92) (3.16) (2.96) (2.17) (2.90)
Constant -2.644 -2.250 -8.475 -2.303 -5.405 -2.229 -10.969 -2.288

(-0.63) (-0.49) (-1.33) (-0.51) (-0.47) (-0.49) (-0.60) (-0.50)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.170 0.170 0.171 0.171
Observations 4735 4735 4735 4735 4735 4735 4735 4735
F Statistics 1391.92 3396.03 5110.44 7720.30
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Panel B: Relationship between investor attention and post-announcement drift

Dependent Variable 1st-stage CAR [1:21] 1st-stage CAR [1:21] 1st-stage CAR [1:21] 1st-stage CAR [1:21]

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.571∗∗∗

(37.33)
NumNewsFileHat [-7:-1] 0.389∗∗∗

(3.29)
PriorYrNumNewsFile [-14:-1] 0.832∗∗∗

(58.30)
NumNewsFileHat [-14:-1] 0.194∗∗∗

(3.91)
PriorYrNumNewsFile [-30:-1] 0.899∗∗∗

(71.40)
NumNewsFileHat [-30:-1] 0.084∗∗∗

(3.75)
PriorYrNumNewsFile [-60:-1] 1.003∗∗∗

(87.72)
NumNewsFileHat [-60:-1] 0.041∗∗∗

(3.54)
UndwrtReputation 0.503 -8.763 4.020∗∗ -9.077∗ 9.534∗∗∗ -8.860 19.483∗∗∗ -8.754

(0.41) (-1.61) (2.14) (-1.67) (2.82) (-1.63) (3.62) (-1.61)
FirmSize 0.391∗∗∗ 0.527∗∗ 0.369∗∗∗ 0.541∗∗∗ 0.535∗∗∗ 0.570∗∗∗ 0.437∗∗ 0.590∗∗∗

(8.85) (2.50) (5.44) (2.67) (4.35) (2.83) (2.22) (2.94)
PriorQtrEarnSurpFile 0.070 0.697∗∗ 0.098 0.710∗∗ 0.064 0.722∗∗ 0.079 0.718∗∗

(1.03) (2.32) (0.95) (2.37) (0.34) (2.41) (0.27) (2.39)
PriorMktRetFile 2.761∗∗ 15.559∗∗∗ 1.944 16.785∗∗∗ -0.299 17.134∗∗∗ 0.744 16.786∗∗∗

(2.13) (2.71) (0.99) (2.93) (-0.08) (2.99) (0.13) (2.93)
MidFilePrice 0.004 -0.032∗∗∗ 0.011∗∗∗ -0.033∗∗∗ 0.024∗∗∗ -0.032∗∗∗ 0.026∗∗ -0.031∗∗∗

(1.51) (-2.65) (2.72) (-2.75) (3.17) (-2.67) (2.16) (-2.59)
Constant -2.645 -0.627 -8.476 -0.796 -5.398 -2.016 -10.968 -1.767

(-0.63) (-0.03) (-1.33) (-0.04) (-0.47) (-0.11) (-0.60) (-0.10)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.154 0.156 0.155 0.153
Observations 4742 4742 4742 4742 4742 4742 4742 4742
F Statistics 1393.29 3398.43 5097.53 7693.97
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Table 8: Relationship between investor attention and post-SEO participation of institutional investors in the ownership of
issuing firms’ equity

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. InstN is the number of institutional investors holding SEO firms’ shares at the end of the
first post-issue fiscal quarter. NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1] are measures of investor attention prior to the SEO
issue date as described in Table 1. Underpricing is the percentage difference between the issue day closing price and the SEO offer price. UndwrtReputation is the lead SEO
underwriter’s reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the natural
logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter
prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetIss
is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO issue date. MidFilePrice is the midpoint of initial filing range.
Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10%
level, respectively.

Dependent Variable InstN

(1) (2) (3) (4) (5) (6) (7) (8)

NumNewsIss [-7:-1] 4.593∗∗∗ 4.591∗∗∗

(17.58) (17.54)
NumNewsIss [-14:-1] 3.330∗∗∗ 3.326∗∗∗

(18.70) (18.62)
NumNewsIss [-30:-1] 1.723∗∗∗ 1.718∗∗∗

(14.74) (14.64)
NumNewsIss [-60:-1] 0.866∗∗∗ 0.863∗∗∗

(13.16) (13.06)
Underpricing 0.484∗∗ 0.436∗ 0.355 0.311

(2.16) (1.91) (1.31) (0.95)
UndwrtReputation 19.050 20.258 22.962 23.691 71.773∗∗ 71.129∗∗ 79.433∗∗ 77.654∗

(0.69) (0.73) (0.79) (0.82) (2.06) (2.04) (1.97) (1.92)
FirmSize 43.146∗∗∗ 43.206∗∗∗ 42.261∗∗∗ 42.290∗∗∗ 43.815∗∗∗ 43.834∗∗∗ 45.555∗∗∗ 45.535∗∗∗

(41.47) (41.25) (38.61) (38.36) (33.09) (32.75) (29.20) (28.89)
PriorQtrEarnSurpIss -1.822 -1.602 -1.649 -1.453 -1.459 -1.313 -1.869 -1.731

(-1.59) (-1.39) (-1.45) (-1.27) (-1.10) (-0.99) (-1.28) (-1.18)
PriorMktRetIss -7.902 -11.573 -0.806 -4.363 31.472 28.633 24.887 22.354

(-0.24) (-0.36) (-0.02) (-0.13) (0.80) (0.72) (0.52) (0.47)
MidFilePrice 1.032∗∗∗ 1.042∗∗∗ 1.067∗∗∗ 1.076∗∗∗ 1.238∗∗∗ 1.246∗∗∗ 1.336∗∗∗ 1.345∗∗∗

(14.31) (14.42) (14.02) (14.12) (13.26) (13.32) (11.84) (11.88)
Constant -262.282∗∗ -268.652∗∗∗ -271.063∗∗∗ -276.603∗∗∗ -304.249∗∗∗ -308.994∗∗∗ -344.022∗ -432.622∗∗∗

(-2.53) (-2.59) (-2.64) (-2.70) (-2.76) (-2.80) (-1.77) (-2.62)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.729 0.728 0.744 0.743 0.766 0.765 0.781 0.780
Observations 3883 3854 3569 3541 2796 2770 2156 2132
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Table 9: Relationship between investor attention and post-SEO market valuation of issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QFTDAdj and QFQAdj are the industry-adjusted Q ratios calculated using
the SEO issue day closing price and the price at the end of the first post-issue fiscal quarter, respectively. Q ratio is defined as the market value of assets
over the book value of assets, where the market value of assets is equal to the book value of assets minus the book value of equity plus the product of the
number of shares outstanding and either the SEO issue day closing price (QFTDAdj) or the price at the end of the first post-issue fiscal quarter (QFQAdj).
Industry adjustment is performed by subtracting contemporaneous 2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. NumNewsIss [-7:-1],
NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1] are measures of investor attention prior to the SEO issue date as described in Table
1. Underpricing is the percentage difference between the issue day closing price and the SEO offer price. UndwrtReputation is the lead SEO underwriter’s
reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the
natural logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss is the earnings
surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings
divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO issue
date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in
parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Panel A: Relationship between investor attention and post-SEO market valuation measured using the first trading day closing price

Dependent Variable QFTDAdj

(1) (2) (3) (4) (5) (6) (7) (8)

NumNewsIss [-7:-1] 0.033∗∗∗ 0.033∗∗∗

(4.03) (3.98)
NumNewsIss [-14:-1] 0.025∗∗∗ 0.024∗∗∗

(4.31) (4.21)
NumNewsIss [-30:-1] 0.015∗∗∗ 0.014∗∗∗

(4.26) (4.14)
NumNewsIss [-60:-1] 0.005∗∗∗ 0.005∗∗∗

(3.03) (2.99)
Underpricing 0.013∗ 0.013∗ 0.014∗ 0.008

(1.82) (1.86) (1.80) (0.96)
UndwrtReputation 4.069∗∗∗ 4.141∗∗∗ 3.711∗∗∗ 3.784∗∗∗ 2.759∗∗∗ 2.795∗∗∗ 2.403∗∗ 2.412∗∗

(4.65) (4.73) (3.97) (4.04) (2.72) (2.75) (2.34) (2.35)
FirmSize -0.519∗∗∗ -0.517∗∗∗ -0.512∗∗∗ -0.509∗∗∗ -0.465∗∗∗ -0.461∗∗∗ -0.425∗∗∗ -0.426∗∗∗

(-15.92) (-15.79) (-14.65) (-14.51) (-12.16) (-12.00) (-10.81) (-10.78)
PriorQtrEarnSurpIss 0.016 0.020 0.015 0.019 -0.013 -0.010 -0.027 -0.025

(0.48) (0.59) (0.44) (0.55) (-0.37) (-0.28) (-0.78) (-0.70)
PriorMktRetIss -0.146 -0.177 -0.315 -0.352 -0.391 -0.408 -0.097 -0.072

(-0.14) (-0.17) (-0.29) (-0.32) (-0.34) (-0.35) (-0.08) (-0.06)
MidFilePrice 0.031∗∗∗ 0.032∗∗∗ 0.031∗∗∗ 0.031∗∗∗ 0.025∗∗∗ 0.026∗∗∗ 0.022∗∗∗ 0.022∗∗∗

(13.79) (13.88) (12.57) (12.66) (9.44) (9.51) (7.68) (7.74)
Constant -1.421 -1.590 -1.516 -1.697 -1.194 -1.392 15.880∗∗∗ 15.817∗∗∗

(-0.43) (-0.48) (-0.46) (-0.51) (-0.37) (-0.43) (3.76) (3.75)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.119 0.121 0.117 0.119 0.124 0.126 0.174 0.176
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Observations 3915 3911 3597 3593 2813 2809 2163 2161

Panel B: Relationship between investor attention and post-SEO market valuation measured using the price at the end of the first
post-issue fiscal quarter

Dependent Variable QFQAdj

(1) (2) (3) (4) (5) (6) (7) (8)

NumNewsIss [-7:-1] 0.021∗∗∗ 0.020∗∗∗

(2.79) (2.74)
NumNewsIss [-14:-1] 0.015∗∗∗ 0.015∗∗∗

(2.90) (2.86)
NumNewsIss [-30:-1] 0.008∗∗∗ 0.008∗∗

(2.74) (2.57)
NumNewsIss [-60:-1] 0.004∗∗ 0.004∗∗

(2.42) (2.34)
Underpricing 0.004 0.006 0.011 0.003

(0.68) (0.92) (1.55) (0.42)
UndwrtReputation 4.149∗∗∗ 4.148∗∗∗ 3.571∗∗∗ 3.572∗∗∗ 2.516∗∗∗ 2.499∗∗∗ 2.151∗∗ 2.105∗∗

(5.31) (5.30) (4.28) (4.28) (2.76) (2.74) (2.35) (2.30)
FirmSize -0.470∗∗∗ -0.469∗∗∗ -0.457∗∗∗ -0.454∗∗∗ -0.426∗∗∗ -0.419∗∗∗ -0.408∗∗∗ -0.405∗∗∗

(-16.21) (-16.04) (-14.71) (-14.52) (-12.45) (-12.15) (-11.67) (-11.48)
PriorQtrEarnSurpIss 0.004 0.005 0.003 0.004 -0.014 -0.012 -0.019 -0.018

(0.12) (0.16) (0.10) (0.15) (-0.44) (-0.37) (-0.60) (-0.57)
PriorMktRetIss -0.051 -0.092 -0.090 -0.142 -0.162 -0.311 0.526 0.363

(-0.06) (-0.10) (-0.09) (-0.15) (-0.16) (-0.30) (0.48) (0.33)
MidFilePrice 0.021∗∗∗ 0.021∗∗∗ 0.019∗∗∗ 0.020∗∗∗ 0.017∗∗∗ 0.017∗∗∗ 0.014∗∗∗ 0.014∗∗∗

(10.54) (10.57) (8.95) (9.00) (6.98) (7.04) (5.51) (5.55)
Constant -2.997 -3.064 -3.024 -3.114 -2.864 -3.038 10.584∗∗ 15.185∗∗∗

(-1.02) (-1.04) (-1.02) (-1.05) (-0.99) (-1.05) (2.38) (4.03)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.133 0.130 0.133 0.130 0.146 0.142 0.218 0.212
Observations 3934 3905 3615 3587 2829 2803 2180 2156
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Table 10: Relationship between investor attention and SEO underpricing

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. Underpric-
ing is the percentage difference between the issue day closing price and the SEO offer price.
NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1] are
measures of investor attention prior to the SEO issue date as described in Table 1. Und-
wrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead
underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize
is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior
to the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter
prior to the SEO issue date. Earnings surprise is defined as the difference between the mean
earnings estimate and actual earnings divided by the stock price. PriorMktRetIss is the return
on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO
issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC
code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗

indicate significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable Underpricing

(1) (2) (3) (4)

NumNewsIss [-7:-1] 0.042∗∗

(2.00)
NumNewsIss [-14:-1] 0.050∗∗∗

(3.44)
NumNewsIss [-30:-1] 0.033∗∗∗

(3.52)
NumNewsIss [-60:-1] 0.015∗∗∗

(2.93)
UndwrtReputation -4.869∗∗ -4.688∗∗ -1.553 1.696

(-2.22) (-1.97) (-0.56) (0.55)
FirmSize -0.363∗∗∗ -0.400∗∗∗ -0.500∗∗∗ -0.423∗∗∗

(-4.42) (-4.50) (-4.78) (-3.57)
PriorQtrEarnSurpIss -0.285∗∗∗ -0.279∗∗∗ -0.237∗∗ -0.321∗∗∗

(-3.44) (-3.28) (-2.43) (-3.04)
PriorMktRetIss 4.582∗ 4.735∗ 3.681 1.736

(1.77) (1.72) (1.17) (0.47)
MidFilePrice -0.014∗∗ -0.014∗∗ -0.009 -0.011

(-2.50) (-2.20) (-1.23) (-1.35)
Constant 14.443∗ 14.525∗ 15.429∗ 10.844

(1.74) (1.72) (1.75) (0.85)
Industry × Year FE Yes Yes Yes Yes
R2 0.228 0.243 0.288 0.326
Observations 3920 3601 2817 2166
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Table 11: Relationship between investor attention and SEO valuation of issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QOPAdj is the industry-adjusted Q ratios calculated using the SEO offer price.
Q ratio is defined as the market value of assets over the book value of assets, where the market value of assets is equal to the book value of assets minus the book
value of equity plus the product of the number of shares outstanding and the SEO offer price. Industry adjustment is performed by subtracting contemporaneous
2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1]
are measures of investor attention prior to the SEO issue date as described in Table 1. Underpricing is the percentage difference between the issue day closing
price and the SEO offer price. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share of total
proceeds raised in the SEO market in previous five years. FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter
prior to the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as
the difference between the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted
index over one-month (21-trading-day) period prior to the SEO issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC
code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable QOPAdj

(1) (2) (3) (4) (5) (6) (7) (8)

NumNewsIss [-7:-1] 0.032∗∗∗ 0.032∗∗∗

(4.00) (4.00)
NumNewsIss [-14:-1] 0.024∗∗∗ 0.024∗∗∗

(4.29) (4.35)
NumNewsIss [-30:-1] 0.014∗∗∗ 0.014∗∗∗

(4.23) (4.25)
NumNewsIss [-60:-1] 0.005∗∗∗ 0.005∗∗∗

(3.04) (3.13)
Underpricing -0.010 -0.010 -0.009 -0.015∗

(-1.55) (-1.43) (-1.19) (-1.95)
UndwrtReputation 4.103∗∗∗ 4.019∗∗∗ 3.746∗∗∗ 3.660∗∗∗ 2.737∗∗∗ 2.670∗∗∗ 2.321∗∗ 2.278∗∗

(4.88) (4.77) (4.17) (4.06) (2.81) (2.73) (2.34) (2.29)
FirmSize -0.494∗∗∗ -0.498∗∗∗ -0.487∗∗∗ -0.491∗∗∗ -0.442∗∗∗ -0.446∗∗∗ -0.409∗∗∗ -0.415∗∗∗

(-15.78) (-15.78) (-14.53) (-14.53) (-12.07) (-12.04) (-10.78) (-10.82)
PriorQtrEarnSurpIss 0.022 0.019 0.021 0.018 -0.007 -0.009 -0.019 -0.024

(0.69) (0.60) (0.64) (0.55) (-0.20) (-0.27) (-0.57) (-0.71)
PriorMktRetIss -0.127 -0.071 -0.305 -0.249 -0.209 -0.215 0.176 0.150

(-0.13) (-0.07) (-0.29) (-0.24) (-0.19) (-0.19) (0.15) (0.13)
MidFilePrice 0.030∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.025∗∗∗ 0.025∗∗∗ 0.021∗∗∗ 0.021∗∗∗

(13.89) (13.79) (12.65) (12.56) (9.59) (9.54) (7.80) (7.72)
Constant -1.815 -1.666 -1.903 -1.759 -1.644 -1.510 10.848∗∗ 15.464∗∗∗

(-0.57) (-0.52) (-0.59) (-0.55) (-0.53) (-0.49) (2.25) (3.78)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.120 0.119 0.119 0.118 0.126 0.125 0.173 0.173
Observations 3940 3911 3621 3593 2835 2809 2185 2161
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Table 12: Instrumental variable analysis of the relationship between investor attention and post-SEO participation of
institutional investors in the ownership of issuing firms’ equity

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. InstN is the number of institutional investors holding SEO firms’ shares at the end of
the first post-issue fiscal quarter. NumNewsIssHat [-7:-1], NumNewsIssHat [-14:-1], NumNewsIssHat [-30:-1], and NumNewsIssHat [-60:-1] are predicted values of investor
attention variables as described in Table 1 (NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1]) from first-stage regressions.
PriorYrNumNewsFile [-7:-1], PriorYrNumNewsFile [-14:-1], PriorYrNumNewsFile [-30:-1], and PriorYrNumNewsFile [-60:-1] are instrumental variables which measure
investor attention one year prior to the SEO announcement date as described in Table 1. Underpricing is the percentage difference between the issue day closing price
and the SEO offer price. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in
the SEO market in previous five years. FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement
date. PriorQtrEarnSurpIss is the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings
estimate and actual earnings divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to
the SEO issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are
in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

1st-stage InstN 1st-stage InstN 1st-stage InstN 1st-stage InstN

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.566∗∗∗

(22.51)
NumNewsIssHat [-7:-1] 9.437∗∗∗

(13.98)
PriorYrNumNewsFile [-14:-1] 0.687∗∗∗

(32.49)
NumNewsIssHat [-14:-1] 5.386∗∗∗

(16.87)
PriorYrNumNewsFile [-30:-1] 0.667∗∗∗

(38.12)
NumNewsIssHat [-30:-1] 2.285∗∗∗

(13.73)
PriorYrNumNewsFile [-60:-1] 0.840∗∗∗

(42.00)
NumNewsIssHat [-60:-1] 1.105∗∗∗

(13.72)
Underpricing 0.021 0.329 0.053∗∗∗ 0.266 0.113∗∗∗ 0.254 0.165∗ 0.223

(1.52) (1.52) (2.62) (1.26) (2.96) (1.04) (1.96) (0.78)
UndwrtReputation 3.753∗∗ 5.929 8.929∗∗∗ 9.600 9.892∗∗ 67.705∗∗ 21.689∗∗ 75.417∗∗

(2.16) (0.22) (3.46) (0.36) (2.01) (2.17) (2.07) (2.13)
FirmSize 0.825∗∗∗ 37.479∗∗∗ 1.102∗∗∗ 38.176∗∗∗ 1.898∗∗∗ 41.647∗∗∗ 2.578∗∗∗ 43.646∗∗∗

(12.71) (30.09) (11.37) (33.03) (10.26) (32.12) (6.34) (30.06)
PriorQtrEarnSurpIss -0.003 -1.492 -0.043 -1.308 -0.091 -1.225 -0.079 -1.643

(-0.04) (-1.36) (-0.42) (-1.24) (-0.48) (-1.03) (-0.21) (-1.28)
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PriorMktRetIss 3.196 -32.790 2.184 -15.350 2.455 25.656 10.008 18.819
(1.57) (-1.05) (0.73) (-0.50) (0.44) (0.72) (0.81) (0.45)

MidFilePrice -0.000 1.054∗∗∗ 0.005 1.074∗∗∗ 0.006 1.249∗∗∗ -0.018 1.356∗∗∗

(-0.07) (15.25) (0.79) (15.24) (0.43) (14.92) (-0.60) (13.63)
Constant -8.597 -217.755∗∗ -7.670 -247.806∗∗∗ -5.408 -296.564∗∗∗ -13.311 -416.064∗∗∗

(-1.32) (-2.19) (-0.84) (-2.61) (-0.35) (-3.01) (-0.31) (-2.86)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.699 0.732 0.763 0.779
Observations 3854 3854 3541 3541 2770 2770 2132 2132
F Statistics 506.58 1055.81 1452.81 1763.62
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Table 13: Instrumental variable analysis of the relationship between investor attention and post-SEO market valuation of
issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QFTDAdj and QFQAdj are the industry-adjusted Q ratios calculated using
the SEO issue day closing price and the price at the end of the first post-issue fiscal quarter, respectively. Q ratio is defined as the market value of assets
over the book value of assets, where the market value of assets is equal to the book value of assets minus the book value of equity plus the product of the
number of shares outstanding and either the SEO issue day closing price (QFTDAdj) or the price at the end of the first post-issue fiscal quarter (QFQAdj).
Industry adjustment is performed by subtracting contemporaneous 2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. NumNewsIssHat
[-7:-1], NumNewsIssHat [-14:-1], NumNewsIssHat [-30:-1], and NumNewsIssHat [-60:-1] are predicted values of investor attention variables as described in
Table 1 (NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1]) from first-stage regressions. PriorYrNumNewsFile [-7:-1],
PriorYrNumNewsFile [-14:-1], PriorYrNumNewsFile [-30:-1], and PriorYrNumNewsFile [-60:-1] are instrumental variables which measure investor attention one
year prior to the SEO announcement date as described in Table 1. Underpricing is the percentage difference between the issue day closing price and the SEO
offer price. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in
the SEO market in previous five years. FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO
announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between
the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month
(21-trading-day) period prior to the SEO issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are
included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Panel A: Relationship between investor attention and post-SEO market valuation measured using the first trading day closing price

Dependent Variable 1st-stage QFTDAdj 1st-stage QFTDAdj 1st-stage QFTDAdj 1st-stage QFTDAdj

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.568∗∗∗

(22.77)
NumNewsIssHat [-7:-1] 0.037∗

(1.83)
PriorYrNumNewsFile [-14:-1] 0.681∗∗∗

(32.46)
NumNewsIssHat [-14:-1] 0.016

(1.60)
PriorYrNumNewsFile [-30:-1] 0.664∗∗∗

(38.13)
NumNewsIssHat [-30:-1] 0.007

(1.39)
PriorYrNumNewsFile [-60:-1] 0.838∗∗∗

(42.24)
NumNewsIssHat [-60:-1] 0.004∗

(1.78)
Underpricing 0.020 0.013∗∗ 0.052∗∗∗ 0.014∗∗ 0.106∗∗∗ 0.015∗∗ 0.157∗ 0.008

(1.48) (1.97) (2.63) (2.14) (2.86) (2.19) (1.91) (1.16)
UndwrtReputation 3.550∗∗ 4.130∗∗∗ 8.723∗∗∗ 3.840∗∗∗ 10.428∗∗ 2.841∗∗∗ 21.760∗∗ 2.426∗∗∗

(2.06) (5.18) (3.40) (4.52) (2.13) (3.14) (2.10) (2.70)
FirmSize 0.827∗∗∗ -0.521∗∗∗ 1.089∗∗∗ -0.493∗∗∗ 1.857∗∗∗ -0.433∗∗∗ 2.549∗∗∗ -0.415∗∗∗
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(13.03) (-14.07) (11.48) (-13.67) (10.24) (-11.64) (6.43) (-11.43)
PriorQtrEarnSurpIss 0.006 0.020 -0.001 0.018 -0.076 -0.011 -0.106 -0.025

(0.09) (0.65) (-0.01) (0.60) (-0.44) (-0.35) (-0.30) (-0.82)
PriorMktRetIss 3.040 -0.194 2.305 -0.308 2.282 -0.370 9.814 -0.053

(1.50) (-0.21) (0.78) (-0.31) (0.41) (-0.36) (0.80) (-0.05)
MidFilePrice -0.000 0.032∗∗∗ 0.004 0.031∗∗∗ 0.006 0.026∗∗∗ -0.019 0.022∗∗∗

(-0.07) (15.26) (0.65) (13.99) (0.49) (10.65) (-0.66) (8.81)
Constant -8.597 -1.547 -7.520 -1.807 -5.114 -1.552 -12.899 15.723∗∗∗

(-1.32) (-0.52) (-0.82) (-0.60) (-0.33) (-0.54) (-0.30) (4.25)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.121 0.118 0.125 0.176
Observations 3911 3911 3593 3593 2809 2809 2161 2161
F Statistics 518.49 1053.76 1453.65 1783.83

Panel B: Relationship between investor attention and post-SEO market valuation measured using the price at the end of the first post-issue
fiscal quarter

Dependent Variable 1st-stage QFQAdj 1st-stage QFQAdj 1st-stage QFQAdj 1st-stage QFQAdj

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.568∗∗∗

(22.75)
NumNewsIssHat [-7:-1] 0.039∗∗

(2.13)
PriorYrNumNewsFile [-14:-1] 0.681∗∗∗

(32.42)
NumNewsIssHat [-14:-1] 0.016∗

(1.72)
PriorYrNumNewsFile [-30:-1] 0.664∗∗∗

(38.07)
NumNewsIssHat [-30:-1] 0.007

(1.55)
PriorYrNumNewsFile [-60:-1] 0.838∗∗∗

(42.17)
NumNewsIssHat [-60:-1] 0.004∗∗

(2.16)
Underpricing 0.020 0.004 0.052∗∗∗ 0.006 0.106∗∗∗ 0.011∗ 0.156∗ 0.003

(1.47) (0.65) (2.62) (1.00) (2.84) (1.77) (1.90) (0.45)
UndwrtReputation 3.434∗∗ 4.098∗∗∗ 8.638∗∗∗ 3.567∗∗∗ 10.292∗∗ 2.506∗∗∗ 21.607∗∗ 2.101∗∗∗

(1.99) (5.75) (3.36) (4.71) (2.10) (3.08) (2.08) (2.62)
FirmSize 0.826∗∗∗ -0.490∗∗∗ 1.088∗∗∗ -0.456∗∗∗ 1.856∗∗∗ -0.415∗∗∗ 2.550∗∗∗ -0.408∗∗∗

(13.00) (-14.80) (11.45) (-14.18) (10.21) (-12.43) (6.42) (-12.60)
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PriorQtrEarnSurpIss 0.006 0.005 -0.001 0.004 -0.075 -0.012 -0.106 -0.018
(0.10) (0.19) (-0.01) (0.16) (-0.44) (-0.42) (-0.30) (-0.65)

PriorMktRetIss 3.002 -0.167 2.249 -0.146 2.198 -0.306 9.894 0.357
(1.48) (-0.20) (0.76) (-0.17) (0.39) (-0.33) (0.80) (0.37)

MidFilePrice -0.000 0.022∗∗∗ 0.004 0.020∗∗∗ 0.006 0.017∗∗∗ -0.019 0.014∗∗∗

(-0.06) (11.64) (0.65) (9.95) (0.49) (7.89) (-0.66) (6.34)
Constant -8.592 -2.873 -7.512 -3.103 -5.100 -3.063 -12.882 15.215∗∗∗

(-1.32) (-1.07) (-0.82) (-1.16) (-0.33) (-1.19) (-0.30) (4.61)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.129 0.130 0.142 0.212
Observations 3905 3905 3587 3587 2803 2803 2156 2156
F Statistics 517.55 1051.18 1449.09 1778.37
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Table 14: Instrumental variable analysis of the relationship between investor attention and SEO underpricing

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. Underpricing is the percentage difference between the issue day closing price and the SEO
offer price. NumNewsIssHat [-7:-1], NumNewsIssHat [-14:-1], NumNewsIssHat [-30:-1], and NumNewsIssHat [-60:-1] are predicted values of investor attention variables as
described in Table 1 (NumNewsIss [-7:-1], NumNewsIss [-14:-1], NumNewsIss [-30:-1], and NumNewsIss [-60:-1]) from first-stage regressions. PriorYrNumNewsFile [-7:-1],
PriorYrNumNewsFile [-14:-1], PriorYrNumNewsFile [-30:-1], and PriorYrNumNewsFile [-60:-1] are instrumental variables which measure investor attention one year prior
to the SEO announcement date as described in Table 1. UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share
of total proceeds raised in the SEO market in previous five years. FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to
the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between
the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day)
period prior to the SEO issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions.
t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

1st-stage Underpricing 1st-stage Underpricing 1st-stage Underpricing 1st-stage Underpricing

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.569∗∗∗

(22.83)
NumNewsIssHat [-7:-1] 0.090∗

(1.78)
PriorYrNumNewsFile [-14:-1] 0.683∗∗∗

(32.60)
NumNewsIssHat [-14:-1] 0.064∗∗

(2.49)
PriorYrNumNewsFile [-30:-1] 0.666∗∗∗

(38.28)
NumNewsIssHat [-30:-1] 0.031∗∗

(2.32)
PriorYrNumNewsFile [-60:-1] 0.840∗∗∗

(42.41)
NumNewsIssHat [-60:-1] 0.016∗∗

(2.53)
UndwrtReputation 3.468∗∗ -5.000∗∗ 8.479∗∗∗ -4.778∗∗ 10.361∗∗ -1.540 22.102∗∗ 1.689

(2.02) (-2.49) (3.31) (-2.22) (2.12) (-0.62) (2.14) (0.62)
FirmSize 0.817∗∗∗ -0.420∗∗∗ 1.069∗∗∗ -0.427∗∗∗ 1.809∗∗∗ -0.492∗∗∗ 2.496∗∗∗ -0.429∗∗∗

(12.94) (-4.53) (11.30) (-4.68) (10.02) (-4.87) (6.32) (-3.93)
PriorQtrEarnSurpIss 0.000 -0.284∗∗∗ -0.016 -0.278∗∗∗ -0.101 -0.237∗∗∗ -0.159 -0.321∗∗∗

(0.01) (-3.76) (-0.17) (-3.61) (-0.59) (-2.74) (-0.45) (-3.46)
PriorMktRetIss 3.240 4.366∗ 2.695 4.653∗ 2.606 3.693 10.054 1.726

(1.60) (1.85) (0.91) (1.87) (0.47) (1.31) (0.82) (0.54)
MidFilePrice -0.001 -0.014∗∗∗ 0.004 -0.014∗∗ 0.005 -0.009 -0.021 -0.011

(-0.15) (-2.72) (0.54) (-2.43) (0.42) (-1.38) (-0.73) (-1.54)
Constant -8.291 14.931∗∗ -6.765 14.699∗ -3.482 15.388∗∗ -11.290 10.892

(-1.28) (1.98) (-0.74) (1.92) (-0.22) (1.96) (-0.26) (0.97)
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Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.227 0.243 0.288 0.326
Observations 3920 3920 3601 3601 2817 2817 2166 2166
F Statistics 521.35 1062.51 1465.18 1798.93
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Table 15: Instrumental variable analysis of the relationship between investor attention and SEO valuation of issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QOPAdj is the industry-adjusted Q ratios calculated using the SEO offer
price. Q ratio is defined as the market value of assets over the book value of assets, where the market value of assets is equal to the book value of assets
minus the book value of equity plus the product of the number of shares outstanding and the SEO offer price. Industry adjustment is performed by subtracting
contemporaneous 2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. NumNewsIssHat [-7:-1], NumNewsIssHat [-14:-1], NumNewsIssHat
[-30:-1], and NumNewsIssHat [-60:-1] are predicted values of investor attention variables as described in Table 1 (NumNewsIss [-7:-1], NumNewsIss [-14:-1],
NumNewsIss [-30:-1], and NumNewsIss [-60:-1]) from first-stage regressions. PriorYrNumNewsFile [-7:-1], PriorYrNumNewsFile [-14:-1], PriorYrNumNewsFile
[-30:-1], and PriorYrNumNewsFile [-60:-1] are instrumental variables which measure investor attention one year prior to the SEO announcement date as described
in Table 1. Underpricing is the percentage difference between the issue day closing price and the SEO offer price. UndwrtReputation is the lead SEO underwriter’s
reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the natural
logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise
one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings divided by the
stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO issue date. MidFilePrice
is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗

and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable 1st-stage QOPAdj 1st-stage QOPAdj 1st-stage QOPAdj 1st-stage QOPAdj

(1) (2) (3) (4) (5) (6) (7) (8)

PriorYrNumNewsFile [-7:-1] 0.568∗∗∗

(22.77)
NumNewsIss [-7:-1] 0.037∗

(1.89)
PriorYrNumNewsFile [-14:-1] 0.681∗∗∗

(32.46)
NumNewsIss [-14:-1] 0.016∗

(1.67)
PriorYrNumNewsFile [-30:-1] 0.664∗∗∗

(38.13)
NumNewsIss [-30:-1] 0.007

(1.47)
PriorYrNumNewsFile [-60:-1] 0.838∗∗∗

(42.24)
NumNewsIss [-60:-1] 0.004∗

(1.89)
Underpricing 0.020 -0.011∗ 0.052∗∗∗ -0.009 0.106∗∗∗ -0.008 0.157∗ -0.015∗∗

(1.48) (-1.72) (2.63) (-1.48) (2.86) (-1.15) (1.91) (-2.15)
UndwrtReputation 3.550∗∗ 4.005∗∗∗ 8.723∗∗∗ 3.714∗∗∗ 10.428∗∗ 2.715∗∗∗ 21.760∗∗ 2.291∗∗∗

(2.06) (5.21) (3.40) (4.54) (2.13) (3.11) (2.10) (2.63)
FirmSize 0.827∗∗∗ -0.503∗∗∗ 1.089∗∗∗ -0.476∗∗∗ 1.857∗∗∗ -0.418∗∗∗ 2.549∗∗∗ -0.404∗∗∗

(13.03) (-14.09) (11.48) (-13.69) (10.24) (-11.68) (6.43) (-11.47)
PriorQtrEarnSurpIss 0.006 0.019 -0.001 0.017 -0.076 -0.010 -0.106 -0.025

(0.09) (0.66) (-0.01) (0.60) (-0.44) (-0.33) (-0.30) (-0.83)
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PriorMktRetIss 3.040 -0.091 2.305 -0.207 2.282 -0.179 9.814 0.169
(1.50) (-0.10) (0.78) (-0.22) (0.41) (-0.18) (0.80) (0.16)

MidFilePrice -0.000 0.030∗∗∗ 0.004 0.030∗∗∗ 0.006 0.025∗∗∗ -0.019 0.021∗∗∗

(-0.07) (15.17) (0.65) (13.89) (0.49) (10.68) (-0.66) (8.78)
Constant -8.597 -1.616 -7.520 -1.866 -5.114 -1.664 -12.899 15.372∗∗∗

(-1.32) (-0.56) (-0.82) (-0.64) (-0.33) (-0.60) (-0.30) (4.28)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.119 0.117 0.123 0.172
Observations 3911 3911 3593 3593 2809 2809 2161 2161
F Statistics 518.49 1053.76 1453.65 1783.83
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Online Appendices

A.1 List of Constants in Propositions and Proofs

Aa ≡ fa(σa1)−2[1 + ρ−2(σa1)−2σ−2
x ] > 0, (A.1)

Au ≡ fuσ−2
0 [1 +

1
2σ
−2
0

ρ2σ2
x + 1

2σ
−2
e

] > 0, (A.2)

B0 ≡ Aa(σa1)2 +Auσ
2
0

Aa +Au
> 0, (A.3)

B1 ≡ Aa(σa1)2 + fu

Aa +Au
> 0, (A.4)

E ≡ Aa

fa
(

Au

Aa +Au
)2 + (σa1)−2σ2

eσ
−2
0 > 0, (A.5)

F0 =
Au

Aa +Au
[
Aa

fa
B0 −

Aa

fa
(σa1)2 + 1], (A.6)

F1 =
Au

Aa +Au
[
Aa

fa
B1 −

Aa

fa
(σa1)2 + 1], (A.7)

G ≡ Aa

fa
[B1 − (σa1)2]2 + 2B1 − (σa1)2 − F 2

1

E
+ ρ−2σ−2

x , (A.8)

H0 ≡ B1 +
Aa

Aa +Au

F1

E
, (A.9)

H1 ≡ −Aa

fa
B0B1 + ρ−2(σa1)−2σ−2

x (B0 +B1)− ρ−2σ−2
x +

F0F1

E
, (A.10)

J ≡ Au

fu
(

Aa

Aa +Au
)2 + (σa1)−2σ2

eσ
−2
0 > 0, (A.11)

K ≡ Au

fu
B2

1

J
(σa1)−2σ2

eσ
−2
0 + ρ−2σ−2

x > 0, (A.12)

L0 ≡ B1

J
(σa1)−2σ2

eσ
−2
0 , (A.13)

Pa ≡ fa[
1

E
(

Aa

Aa +Au
)2 +

H2
0

G
]−1, (A.14)

Qa ≡ fa[
1

E
(

Aa

Aa +Au
)2 +

H2
0

G
]−1(B0 +

Aa

Aa +Au

F0

E
+
H0H1

G
), (A.15)

Pu ≡ fu[
1

J
(

Aa

Aa +Au
)2 +

L2
0

K
]−1, (A.16)

Qu ≡ fu{B0[
1

J
(

Aa

Aa +Au
)2 +

L2
0

K
]−1 − Au

fu
(B0 − σ2

0)1}. (A.17)

Both Aa and Au are positive because they both consist of sums and products of variances terms

(σ’s) and positive parameters (ρ, fa, and fu). This further confirms the positivity of B0, B1, E,

J , and K.
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A.2 Proof of Propositions

Proof of Proposition 1. We solve the investors’ utility maximization problems (UMP) backwards.

• At t = 2, an investor of type i (for both i = a and i = u) solves the following UMP

max
Di

2

Ei
2[− exp(−ρW i

3)], where W i
3 = W i

2 +Di
2(f − S2) (A.18)

The only random component here is f = µ+ z, which follows normal distribution, hence the above

UMP is equivalent to

max
Di

2

Di
2(µ+ Ei

2[z]− S2)− ρ

2
Di

2V
i

2 [z]Di
2 = Di

2(µ+ ẑ2 − S2)− ρ

2
(Di

2)2σ2
2 (A.19)

By the standard optimization procedure, the optimal demand is therefore

Di
2 =

µ+ ẑ2 − S2

ρσ2
2

, for i = a, u. (A.20)

To clear the markets,
∑

i=a,u
Di

2 = x̄+ x1 + x2, hence

x̄+ x1 + x2 =
µ+ ẑ2 − S2

ρσ2
2

, (A.21)

and the equilibrium price at t = 2 is therefore

S2 = µ+ ẑ2 − ρσ2
2(x̄+ x1 + x2). (A.22)

The consequent value function (optimized utility), after substituting in (A.20) and (A.22), is

Ei
2[− exp(−ρW i

3)] = − exp{−ρW i
2 −

1

2
ρ2σ2

2(x̄+ x1 + x2)2} (A.23)

• At t = 1, an investor of type i maximizes the following expected utility

Ei
1[− exp(−ρW i

3)] = Ei
1[− exp{−ρW i

2 −
1

2
ρ2σ2

2(x̄+ x1 + x2)2}]. (A.24)

Since the information set of an investor (and thus the corresponding posterior belief on z) depends

on the type of the investor, the calculation for (A.24) is carried out separately for type i = a and

type i = u.

Type-a investors. As to be confirmed, the equilibrium price follows a linear structure that

combines the public signal e1 and the supply shock x1. Once an attentive investor correctly observes

178



the public signal e1, he/she can back out the contemporaneous supply shock x1 from the equilibrium

price. Hence, the supply shock x1 is essentially “known” to a type-a investor and not a random

variable in his/her UMP at t = 1, and the only relevant random variable here is x2 ∼ (0, σ2
x).

Therefore, continuing from (A.24), we get

Ea
1 [− exp(−ρW a

3 )] ∝ − exp
(
− ρ{W a

1 +Da
1 [µ+ ẑa1 − ρ(σa1)2(x̄+ x1)− S1] +

ρ

2
(σa1)2(x̄+ x1)2}

+
1

2
ρ2(σa1)2[1 + ρ−2(σa1)−2σ−2

x ]−1[Da
1 − (x̄+ x1)]2

)
(A.25)

The standard optimization procedure derives the optimal demand by an attentive investor as

Da
1 = ρ−1Aa

fa
(µ+ ẑa1 − S1)− [

Aa

fa
(σa1)2 − 1](x̄+ x1), (A.26)

where we applied the constants Aa and Au as defined in Appendix A.1.

Type-u investors. Inattentive investors are not aware of the SEO announcement immediately

at t = 1, thus they are unable to back out the exact number of x1 from the equilibrium price

contemporaneously either.20 Therefore, the calculation of (A.24) for i = u involves taking two

expectations: one with respect to the random variable ẑ2 = σ2
2σ
−2
e e1 ∼ N(0, σ4

2σ
−4
e (σ2

0 + σ2
e)), the

other with respect to the random variable x1 + x2 ∼ N(0, 2σ2
x). Indeed,

Eu
1 [− exp(−ρW u

3 )] ∝ − exp
(
− ρ{W u

1 +Du
1 [µ− ρσ2

2x̄− S1] +
ρ

2
σ2

2x̄
2}

+
ρ2

2
(Du

1 )2σ2
2σ
−2
e σ2

0 +
1

2
[ρ2σ2

2 +
1

2
σ−2
x ]−1ρ4σ4

2(Du
1 − x̄)2

)
(A.27)

The standard optimization procedure implies the optimal demand by an inattentive investor as

Du
1 = ρ−1Au

fu
(µ− S1)− [

Au

fu
σ2

0 − 1]x̄. (A.28)

The equilibrium price of the risky asset at t = 1 is thus

S1 = µ+
Aa

Aa +Au
ẑa1 − ρ(B0x̄+B1x1), (A.29)

assuming the market clearing condition x̄+ x1 = faDa
1 + fuDu

1 holds.

• At t = 0, all investors maximize their expected utility based on their prior belief on the

20At t = 2, however, as inattentive investors realized that they missed the SEO announcement at t = 1, they could
retroactively find the value of x1 when they looked back at S1, and thus when they make their portfolio rebalance
decision at t = 2, x2 (rather than x1 + x2 as a whole) is the only random component they do not know directly (but
then can be learned from the equilibrium price S2, same as for type-a investors).
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fundamental value of the firm’s stock. The calculation is in principle similar to the one for t = 1.

Type-a investors. The calculation of Ea
0 [− exp(−ρW a

3 )] consists of two expectations of Ea
1 [− exp(−ρW a

3 )]:

one with respect to ẑa1 ∼ N(0, σ4
2σ
−4
e (σ2

0 + σ2
e)), the other with respect to x1 ∼ N(0, σx). In fact,

Ea
0 [− exp(−ρW a

3 )]

∝− exp
(
− ρDa

0(µ− ρB0x̄− S0) +
1

2E
[ρ2(Da

0)2(
Aa

Aa +Au
)2 + 2ρ2Da

0

Aa

Aa +Au
F0x̄]

+
ρ2

2G
(H0D

a
0 +H1x̄)2

)
(A.30)

By maximizing (A.30), we obtain the optimal demand of a type-a investor at t = 0 as

Da
0 = ρ−1Pa

fa
(µ− S0)− Qa

fa
x̄. (A.31)

Type-u investors. The calculation for Eu
0 [− exp(−ρW u

3 )] is in essence similar to that for Ea
0 [− exp(−ρW a

3 )],

and we eventually obtain the UMP as

Eu
0 [− exp(−ρW u

3 )] = − exp{−ρDu
0 (µ− ρB0x̄− S0) +

ρ2

2K
(L0D

u
0 + L1x̄)2}, (A.32)

and the optimal demand of a type-u investor at t = 0 as

Du
0 = ρ−1Pu

fu
(µ− S0)− Qu

fu
x̄, (A.33)

The market clearing condition faDa
0 + fuDu

0 = x̄ implies that the equilibrium price at t = 0 is

S0 = µ− ρQa +Qu + 1

Pa + Pu
x̄. (A.34)

This completes the proof for Proposition 1.

Proof of Proposition 2.

(i) The calculation of (19) is straightforward by taking the difference between (11) and (12) and

then setting both of x̄ and x1 to zero, i.e.,

(S1 − S0)|x̄=x1=0 =
Aa

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1. (A.35)

From the discussion in Appendix A.1, both Aa and Au are positive, and thus the coefficient

of e1 is positive. Since e1 < 0, the right hand side of (A.35) is negative.
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(ii) For any given e1, the magnitude of the abnormal stock return (A.35) depends on the coefficient

of e1, and it suffices to show that this coefficient is an increasing function of fa. In fact,

∂

∂fa

( Aa

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

)
=

AaAu

fafu(Aa +Au)2

σ−2
0 + σ−2

e

σ−2
e

> 0, (A.36)

where we apply the fact that fu = 1 − fa and the positivity of constants Aa and Au (as

discussed in Appendix A.1).

This completes the proof of Proposition 2.

Proof of Proposition 3.

(i) The calculation of (21) is by taking the difference between (10) and (11) and then setting all

of x̄, x1, and x2 to zero, i.e.,

(S2 − S1)|x̄=x1=x2=0 =
Au

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

e1. (A.37)

From the discussion in Appendix A.1, both Aa and Au are positive, and thus the coefficient

of e1 is positive. Since e1 < 0, the right hand side of (A.37) is negative.

(ii) For any given e1, the magnitude of the post-announcement drift (A.37) depends on the co-

efficient of e1, and it suffices to show that this coefficient is a decreasing function of fa. In

fact,

∂

∂fa

( Au

Aa +Au

σ−2
0 + σ−2

e

σ−2
e

)
= − AaAu

fafu(Aa +Au)2

σ−2
0 + σ−2

e

σ−2
e

< 0, (A.38)

where we apply the fact that fu = 1 − fa and the positivity of constants Aa and Au (as

discussed in Appendix A.1).

This completes the proof of Proposition 3.
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A.3 Additional Empirical Results

Table A.1: Relationship between abnormal investor attention and post-SEO participation of institutional investors in the
ownership of issuing firms’ equity

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. InstN is the number of institutional investors holding SEO firms’ shares at the end of the
first post-issue fiscal quarter. AbnNumNewsIss [-7:-1], AbnNumNewsIss [-14:-1], AbnNumNewsIss [-30:-1], and AbnNumNewsIss [-60:-1] are measures of abnormal investor
attention prior to the SEO issue date as described in Table 1. Underpricing is the percentage difference between the issue day closing price and the SEO offer price.
UndwrtReputation is the lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous
five years. FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss is
the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings divided
by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO issue date. MidFilePrice is
the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate
significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable InstN

(1) (2) (3) (4) (5) (6) (7) (8)

AbnNumNewsIss [-7:-1] 2.421∗∗∗ 2.440∗∗∗

(8.70) (8.74)
AbnNumNewsIss [-14:-1] 1.550∗∗∗ 1.558∗∗∗

(7.37) (7.39)
AbnNumNewsIss [-30:-1] 0.504∗∗∗ 0.505∗∗∗

(3.45) (3.44)
AbnNumNewsIss [-60:-1] 0.361∗∗∗ 0.359∗∗∗

(3.70) (3.67)
Underpricing 0.599∗∗ 0.647∗∗∗ 0.620∗∗ 0.580∗

(2.58) (2.71) (2.19) (1.70)
UndwrtReputation 21.500 23.189 29.579 31.053 76.068∗∗ 75.535∗∗ 79.412∗ 76.987∗

(0.75) (0.81) (0.97) (1.02) (2.09) (2.07) (1.88) (1.82)
FirmSize 47.181∗∗∗ 47.285∗∗∗ 47.740∗∗∗ 47.854∗∗∗ 49.835∗∗∗ 49.989∗∗∗ 51.592∗∗∗ 51.704∗∗∗

(45.33) (45.16) (43.51) (43.38) (37.98) (37.79) (33.20) (33.00)
PriorQtrEarnSurpIss -2.003∗ -1.736 -1.924 -1.642 -1.796 -1.549 -2.280 -2.036

(-1.69) (-1.46) (-1.61) (-1.37) (-1.30) (-1.12) (-1.50) (-1.33)
PriorMktRetIss 7.363 2.939 17.214 12.219 41.214 37.114 35.144 31.680

(0.22) (0.09) (0.49) (0.35) (1.00) (0.90) (0.70) (0.63)
MidFilePrice 1.017∗∗∗ 1.028∗∗∗ 1.058∗∗∗ 1.069∗∗∗ 1.221∗∗∗ 1.231∗∗∗ 1.301∗∗∗ 1.312∗∗∗

(13.62) (13.75) (13.25) (13.38) (12.51) (12.59) (11.02) (11.08)
Constant -291.507∗∗∗ -299.458∗∗∗ -307.050∗∗∗ -315.648∗∗∗ -339.162∗∗∗ -348.055∗∗∗ -379.480∗ -490.675∗∗∗
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(-2.72) (-2.79) (-2.86) (-2.94) (-2.95) (-3.02) (-1.86) (-2.84)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.709 0.709 0.718 0.718 0.744 0.744 0.760 0.759
Observations 3883 3854 3569 3541 2796 2770 2156 2132
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Table A.2: Relationship between abnormal investor attention and post-SEO market valuation of issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QFTDAdj and QFQAdj are the industry-adjusted Q ratios calculated using
the SEO issue day closing price and the price at the end of the first post-issue fiscal quarter, respectively. Q ratio is defined as the market value of assets
over the book value of assets, where the market value of assets is equal to the book value of assets minus the book value of equity plus the product of the
number of shares outstanding and either the SEO issue day closing price (QFTDAdj) or the price at the end of the first post-issue fiscal quarter (QFQAdj).
Industry adjustment is performed by subtracting contemporaneous 2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. AbnNumNewsIss
[-7:-1], AbnNumNewsIss [-14:-1], AbnNumNewsIss [-30:-1], and AbnNumNewsIss [-60:-1] are measures of abnormal investor attention prior to the SEO issue
date as described in Table 1. Underpricing is the percentage difference between the issue day closing price and the SEO offer price. UndwrtReputation is the
lead SEO underwriter’s reputation measure, which is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years.
FirmSize is the natural logarithm of the book value of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss
is the earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual
earnings divided by the stock price. PriorMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO
issue date. MidFilePrice is the midpoint of initial filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics
are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Panel A: Relationship between abnormal investor attention and post-SEO market valuation measured using the first trading day closing
price

Dependent Variable QFTDAdj

(1) (2) (3) (4) (5) (6) (7) (8)

AbnNumNewsIss [-7:-1] 0.026∗∗∗ 0.025∗∗∗

(3.00) (2.98)
AbnNumNewsIss [-14:-1] 0.023∗∗∗ 0.023∗∗∗

(3.55) (3.49)
AbnNumNewsIss [-30:-1] 0.015∗∗∗ 0.014∗∗∗

(3.60) (3.53)
AbnNumNewsIss [-60:-1] 0.006∗∗ 0.006∗∗

(2.37) (2.34)
Underpricing 0.013∗ 0.015∗∗ 0.015∗∗ 0.009

(1.91) (2.01) (1.97) (1.09)
UndwrtReputation 4.056∗∗∗ 4.130∗∗∗ 3.659∗∗∗ 3.735∗∗∗ 2.666∗∗∗ 2.703∗∗∗ 2.319∗∗ 2.326∗∗

(4.63) (4.71) (3.90) (3.98) (2.62) (2.66) (2.26) (2.26)
FirmSize -0.494∗∗∗ -0.492∗∗∗ -0.479∗∗∗ -0.477∗∗∗ -0.422∗∗∗ -0.419∗∗∗ -0.395∗∗∗ -0.396∗∗∗

(-15.68) (-15.56) (-14.33) (-14.22) (-11.67) (-11.54) (-10.56) (-10.54)
PriorQtrEarnSurpIss 0.014 0.018 0.013 0.017 -0.015 -0.011 -0.029 -0.026

(0.43) (0.55) (0.38) (0.50) (-0.43) (-0.32) (-0.84) (-0.75)
PriorMktRetIss -0.059 -0.095 -0.194 -0.239 -0.326 -0.349 -0.076 -0.054

(-0.06) (-0.09) (-0.18) (-0.22) (-0.28) (-0.30) (-0.06) (-0.04)
MidFilePrice 0.031∗∗∗ 0.031∗∗∗ 0.031∗∗∗ 0.031∗∗∗ 0.025∗∗∗ 0.025∗∗∗ 0.021∗∗∗ 0.022∗∗∗
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(13.73) (13.82) (12.51) (12.60) (9.33) (9.41) (7.62) (7.69)
Constant -1.576 -1.751 -1.737 -1.926 -1.536 -1.745 15.561∗∗∗ 15.490∗∗∗

(-0.48) (-0.53) (-0.52) (-0.58) (-0.48) (-0.54) (3.68) (3.67)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.117 0.119 0.115 0.117 0.122 0.125 0.173 0.175
Observations 3915 3911 3597 3593 2813 2809 2163 2161
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Panel B: Relationship between abnormal investor attention and post-SEO market valuation measured using the price at the end of the
first post-issue fiscal quarter

Dependent Variable QFQAdj

(1) (2) (3) (4) (5) (6) (7) (8)

AbnNumNewsIss [-7:-1] 0.011 0.012
(1.49) (1.51)

AbnNumNewsIss [-14:-1] 0.010∗ 0.011∗

(1.82) (1.90)
AbnNumNewsIss [-30:-1] 0.006 0.006

(1.56) (1.51)
AbnNumNewsIss [-60:-1] 0.002 0.002

(1.01) (1.00)
Underpricing 0.005 0.007 0.012∗ 0.004

(0.75) (1.03) (1.69) (0.55)
UndwrtReputation 4.157∗∗∗ 4.157∗∗∗ 3.570∗∗∗ 3.569∗∗∗ 2.496∗∗∗ 2.479∗∗∗ 2.137∗∗ 2.087∗∗

(5.32) (5.31) (4.27) (4.26) (2.73) (2.71) (2.32) (2.27)
FirmSize -0.453∗∗∗ -0.451∗∗∗ -0.435∗∗∗ -0.433∗∗∗ -0.399∗∗∗ -0.394∗∗∗ -0.384∗∗∗ -0.381∗∗∗

(-16.13) (-15.97) (-14.64) (-14.48) (-12.32) (-12.07) (-11.53) (-11.38)
PriorQtrEarnSurpIss 0.003 0.004 0.002 0.003 -0.015 -0.013 -0.020 -0.019

(0.09) (0.13) (0.06) (0.12) (-0.48) (-0.40) (-0.65) (-0.61)
PriorMktRetIss 0.013 -0.033 -0.013 -0.072 -0.120 -0.277 0.559 0.391

(0.01) (-0.04) (-0.01) (-0.07) (-0.12) (-0.27) (0.51) (0.36)
MidFilePrice 0.021∗∗∗ 0.021∗∗∗ 0.019∗∗∗ 0.020∗∗∗ 0.017∗∗∗ 0.017∗∗∗ 0.014∗∗∗ 0.014∗∗∗

(10.50) (10.54) (8.92) (8.97) (6.92) (6.98) (5.45) (5.49)
Constant -3.123 -3.192 -3.169 -3.266 -3.048 -3.226 10.440∗∗ 14.953∗∗∗

(-1.06) (-1.08) (-1.07) (-1.10) (-1.05) (-1.12) (2.34) (3.97)
Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.131 0.129 0.131 0.129 0.144 0.141 0.215 0.209
Observations 3934 3905 3615 3587 2829 2803 2180 2156
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Table A.3: Relationship between abnormal investor attention and SEO underpricing

The sample consists of seasoned equity offerings (SEOs) conducted in 2000 - 2018. Underpric-
ing is the percentage difference between the issue day closing price and the SEO offer price.
AbnNumNewsIss [-7:-1], AbnNumNewsIss [-14:-1], AbnNumNewsIss [-30:-1], and AbnNum-
NewsIss [-60:-1] are measures of abnormal investor attention prior to the SEO issue date as
described in Subsection 5.1. UndwrtReputation is the reputation measure of the lead under-
writer, which is defined as the lead underwriter’s share of total proceeds raised in the SEO
market in the previous five years. FirmSize is the natural logarithm of the book value of total
assets at the end of the fiscal quarter prior to the SEO issue date. PriorQtrEarnSurpIss is the
earnings surprise one quarter prior to the SEO issue date. Earnings surprise is defined as the
difference between the mean estimates of earnings and actual earnings adjusted by price. Pri-
orMktRetIss is the return on the CRSP value-weighted index over one-month (21-trading-day)
period prior to the SEO issue date. MidFilePrice is the midpoint of initial filing range. Year
× industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in
parentheses. ∗∗∗, ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level, respectively.

Dependent Variable Underpricing

(1) (2) (3) (4)

AbnNumNewsIss [-7:-1] 0.021
(0.97)

AbnNumNewsIss [-14:-1] 0.032∗

(1.95)
AbnNumNewsIss [-30:-1] 0.021∗

(1.86)
AbnNumNewsIss [-60:-1] 0.010

(1.45)
UndwrtReputation -4.842∗∗ -4.661∗ -1.613 1.593

(-2.20) (-1.95) (-0.58) (0.51)
FirmSize -0.326∗∗∗ -0.324∗∗∗ -0.394∗∗∗ -0.326∗∗∗

(-4.11) (-3.81) (-3.97) (-2.88)
PriorQtrEarnSurpIss -0.287∗∗∗ -0.283∗∗∗ -0.242∗∗ -0.327∗∗∗

(-3.45) (-3.31) (-2.48) (-3.09)
PriorMktRetIss 4.717∗ 4.997∗ 3.844 1.855

(1.83) (1.81) (1.22) (0.50)
MidFilePrice -0.014∗∗ -0.014∗∗ -0.009 -0.012

(-2.52) (-2.22) (-1.28) (-1.42)
Constant 14.172∗ 14.020∗ 14.711∗ 9.903

(1.71) (1.65) (1.67) (0.78)
Industry × Year FE Yes Yes Yes Yes
R2 0.227 0.241 0.285 0.324
Observations 3920 3601 2817 2166
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Table A.4: Relationship between abnormal investor attention and SEO valuation of issuing firms

The sample consists of seasoned equity offerings (SEOs) conducted in 2000-2018. QOPAdj is the industry-adjusted Q ratios calculated using the SEO offer
price. Q ratio is defined as the market value of assets over the book value of assets, where the market value of assets is equal to the book value of assets minus
the book value of equity plus the product of the number of shares outstanding and the SEO offer price. Industry adjustment is performed by subtracting
contemporaneous 2-digit SIC code industry median Q ratios from SEO firms’ Q ratios. AbnNumNewsIss [-7:-1], AbnNumNewsIss [-14:-1], AbnNumNewsIss
[-30:-1], and AbnNumNewsIss [-60:-1] are measures of abnormal investor attention prior to the SEO issue date as described in Table 1. Underpricing is the
percentage difference between the issue day closing price and the SEO offer price. UndwrtReputation is the lead SEO underwriter’s reputation measure, which
is defined as the lead underwriter’s share of total proceeds raised in the SEO market in previous five years. FirmSize is the natural logarithm of the book value
of total assets at the end of the fiscal quarter prior to the SEO announcement date. PriorQtrEarnSurpIss is the earnings surprise one quarter prior to the SEO
issue date. Earnings surprise is defined as the difference between the mean earnings estimate and actual earnings divided by the stock price. PriorMktRetIss
is the return on the CRSP value-weighted index over one-month (21-trading-day) period prior to the SEO issue date. MidFilePrice is the midpoint of initial
filing range. Year × industry (two-digit SIC code) fixed effects are included in all regressions. t-statistics are in parentheses. ∗∗∗, ∗∗ and ∗ indicate significance
at the 1%, 5%, and 10% level, respectively.

Dependent Variable QOPAdj

(1) (2) (3) (4) (5) (6) (7) (8)

AbnNumNewsIss [-7:-1] 0.024∗∗∗ 0.024∗∗∗

(2.97) (2.97)
AbnNumNewsIss [-14:-1] 0.022∗∗∗ 0.022∗∗∗

(3.54) (3.60)
AbnNumNewsIss [-30:-1] 0.014∗∗∗ 0.014∗∗∗

(3.61) (3.58)
AbnNumNewsIss [-60:-1] 0.006∗∗ 0.006∗∗

(2.39) (2.42)
Underpricing -0.010 -0.009 -0.008 -0.014∗

(-1.46) (-1.29) (-1.02) (-1.81)
UndwrtReputation 4.090∗∗∗ 4.009∗∗∗ 3.695∗∗∗ 3.612∗∗∗ 2.645∗∗∗ 2.582∗∗∗ 2.238∗∗ 2.193∗∗

(4.85) (4.75) (4.10) (4.00) (2.71) (2.64) (2.25) (2.20)
FirmSize -0.471∗∗∗ -0.474∗∗∗ -0.456∗∗∗ -0.459∗∗∗ -0.402∗∗∗ -0.404∗∗∗ -0.380∗∗∗ -0.384∗∗∗

(-15.53) (-15.54) (-14.21) (-14.21) (-11.58) (-11.55) (-10.52) (-10.54)
PriorQtrEarnSurpIss 0.021 0.018 0.019 0.016 -0.009 -0.011 -0.021 -0.026

(0.65) (0.56) (0.59) (0.50) (-0.26) (-0.31) (-0.62) (-0.76)
PriorMktRetIss -0.043 0.009 -0.186 -0.137 -0.140 -0.156 0.200 0.169

(-0.04) (0.01) (-0.18) (-0.13) (-0.13) (-0.14) (0.17) (0.14)
MidFilePrice 0.030∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.029∗∗∗ 0.025∗∗∗ 0.024∗∗∗ 0.021∗∗∗ 0.021∗∗∗

(13.83) (13.73) (12.59) (12.51) (9.49) (9.44) (7.74) (7.66)
Constant -1.963 -1.824 -2.113 -1.987 -1.969 -1.858 10.666∗∗ 15.131∗∗∗

(-0.62) (-0.57) (-0.66) (-0.62) (-0.64) (-0.60) (2.21) (3.69)
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Industry × Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.118 0.117 0.117 0.116 0.124 0.123 0.172 0.171
Observations 3940 3911 3621 3593 2835 2809 2185 2161
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