
 

 

THREE ESSAYS IN FINANCE 

 

 

by 

 

XING LU 

 

 

 

A DISSERTATION 

 

 

 

 

Submitted in partial fulfillment of the requirements for the degree  

of Doctor of Philosophy in the Department of Economics,  

Finance, and Legal Studies in the Graduate School  

of The University of Alabama 

 

 

 

TUSCALOOSA, ALABAMA 

 

 

2011



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright Xing Lu 2011 

ALL RIGHTS RESERVED



 

ii 

 

ABSTRACT 

 Essay one, Do Internet Board Messages Predict Stock Returns? An Analysis with Explicit 

and Intensive Board Postings, tries to discover whether postings on message boards predict 

future stock performance. While many other studies find significant predictive effects from 

message volume, they do not find significant predictive effects from message content, which is 

the most important and meaningful part of online messages. We improve sample selection, using 

a posting medium that allows for explicit buy/sell signals, focusing on firms with a high intensity 

of postings, and reducing posting noise by developing a credibility index.  After controlling for 

factors which affect next day returns and incorporating credibility, we find that a bullishness 

index predicts next day stock returns at a 1% significance level. 

Essay two, Attention: A Better Way to Measure SEO Marketing Impact, differentiates 

itself from previous SEO marketing studies by using the first direct attention measure: the user 

search frequency index from Google Insight for Search (GIS). We find that as an attention proxy, 

GIS index has significant power in capturing impact around the time of the offering. A one point 

increase in the pre-issue GIS index change corresponds to a future reduction in the offer price 

discount by about 3%. In addition, as the only direct measure in SEO research, the GIS index 

differentiates itself from previous indirect measures by capturing some attention effects that are 

not captured by previous studies. All effects corresponding to the GIS index change are 

statistically significant and economically important. 
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Essay three, Online Search Frequency, Information Asymmetry, and Market Liquidity, 

investigates online search frequency of Google users to explore how traders‟ response to 

information asymmetry would predict future market liquidity. The findings show that GIS daily 

index, as an effective measure of the level of information asymmetry, predicts the future liquidity 

level. This predictive power is significant at a 1% level. More importantly, the GIS indicators 

remain strong and significant after including traditional information asymmetry variables in all 

regressions. Last but not least, we find that the GIS index can capture investors‟ attention change 

and provide indications on future stock return. 
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LIST OF ABBREVIATIONS AND SYMBOLS 

  

DIA Dow Jones Industrial Average 

GIS Google Insight for Search, an application reports search frequency of 

any keywords 

MOX Morgan-Stanley Internet Stock Index 

MVW Most Visited Websites 

N / Obs Number of observations 

P-value Probability associated with the occurrence under the null hypothesis of 

a value as extreme as or more extreme than the observed value 

SEO A Seasoned Equity Offering or Secondary Equity Offering is a new 

equity issue by an already publicly-traded company. 

S&P Standard & Poor‟s 

t Computed value of t test 

=/> Do not cause 

< Less than 

= Equal to 
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INTRODUCTION 

 This dissertation contains three essays in the broad area of corporate finance. 

 In the first essay, we focus on the predictive power from Internet message content on 

future stock returns. Online message boards have become a popular way for equity investors to 

share information and many recent studies have tried to discover whether postings on message 

boards predict future stock performance. While other studies find significant predictive effects 

from message volume, they do not find significant predictive effects from message content, 

which is the most important and meaningful part of online messages. We improve sample 

selection, using a posting medium that allows for explicit buy/sell signals, focusing on firms with 

a high intensity of postings, and reducing posting noise by developing a credibility index.  After 

controlling for factors which affect next day returns and incorporating credibility, we find that a 

bullishness index predicts next day stock returns at a 1% significance level. 

 Essay two shows that we can use Google users‟ collective search behaviors to find 

indications on the SEO price discount. Empirical studies find that marketing efforts can reduce 

the offer price discount in SEO by increasing the number of investors who pay attention to issues. 

However, in existing SEO studies there has been no direct measure of investors‟ attention. This 

paper differentiates itself from previous studies by using the first direct attention measure in SEO 
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research: the user search frequency index from Google Insight for Search (GIS), a service that 

tracks on a daily basis the search frequency for every Google search engine user. We find that as 

an attention proxy, GIS index has significant power in capturing impact around the time of the 

offering. A one point increase in the pre-issue GIS index change corresponds to a future 

reduction in the offer price discount by about 3%. In addition, as the only direct measure in SEO 

research, the GIS index differentiates itself from previous indirect measures by capturing some 

attention effects that are not captured by previous studies. All effects corresponding to the GIS 

index change are statistically significant and economically important. 

 Essay three investigates the online search frequency of Google users to explore how 

traders‟ response to information asymmetry would predict future market liquidity. At the heart of 

being able to quantify the value of any stock market indicators is the notion that information has 

a different value based on the time of its first availability. Compared to using trading data of 

investors to predict liquidity and volatility in the stock market, the use of investors‟ information 

seeking behavior happening before the actual trading has an important advantage in time value. 

The findings in this paper show that the GIS daily index is an effective measure of the level of 

information asymmetry and inversely predicts the future liquidity level. This predictive power is 

significant at the 1% level. More importantly, the GIS indicators remain strong and significant 

even after including traditional information asymmetry variables. Last but not least, we find that 

the GIS index can capture the change in investors‟ attention and provide indications on future 

stock return at the 1% significance level. 
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 Overall, in this dissertation, we demonstrate that we can find indications on future stock 

returns, market liquidity, and offering discount by studying the collective behaviors of online 

users. 
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DO INTERNET BOARD MESSAGES PREDICT STOCK RETURNS? AN ANALYSIS WITH 

EXPLICIT AND INTENSIVE BOARD POSTINGS 

2.1 Introduction and Literature Review 

The Internet has become one of the most popular ways for people to obtain and share 

information and opinions.  Stock investing has been affected by this medium as many investors 

search the Internet for information or advice when making decisions about buying or selling 

stocks.  Since many stock investors spend a significant amount of time posting and reading 

information on Internet message boards, one would expect that the opinions, recommendations, 

and advice provided to online message boards would affect future stock market returns.  

Although many recent studies do find significant predictive effects from message volume, they 

do not find predictive effects from message content.  In this paper, we improve sample selection, 

using a posting medium that allows for explicit buy/sell signals, focus on firms with a high 

intensity of postings, and reduce posting noise by developing a credibility index. After 

controlling for factors which affect next day returns and incorporating posters‟ credibility, we 

find that a bullishness index predicts next day stock returns at a 1% significance level.  

There is a literature that investigates the relationship between media attention and stock 

returns.  For example, Shiller (2000) claims that media hype was a significant factor causing the 

formation and bursting of the internet bubble during the early 2000‟s.  Although Bhattacharya et 
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al. (2009) do find a positive correlation between media sentiment for internet IPOs and the 

periods of rising and then falling share prices, they document that media hype can only explain 

2.9% of the 1646% difference in returns between internet stocks and non-internet stocks from 

January 1, 1997 through the market peak of March 24, 2000.  In supporting the role of media, 

Barber and Odean (2008) argue that many investors only consider purchasing stocks that have 

recently caught their attention.  Dyck and Zingales (2003), Mullainathan and Shleifer (2005), and 

Baron (2006) provide theoretical rationales for media bias. 

Since the increase in popularity of the Internet message board, researchers have 

investigated its effect on stock performance. Turmarkin and Whitelaw (2001), Tumarkin (2002), 

and Das, Martinez-Jerez & Tufano (2005) find a contemporaneous relationship between the 

content of Internet board messages and stock returns. However, they reject the hypothesis that 

Internet message board activities can predict future stock returns.  On the other hand, many other 

studies do find that the number of messages posted on the Internet message boards have 

significant predictive power on stock returns (Wysocki (1999), Antweiler & Frank (2004), 

Sabherwal, Sarkar & Zhang (2008)).  Antweiler & Frank (2004) also show that the level of 

message posting activity helps to predict volatility.  However, since the media effects on stock 

returns are supported by so many studies, the lack of success in finding a link between message 

content and future stock returns is somewhat surprising.  We suggest that this is due to a lack of 

critical mass in postings and inaccuracies in interpreting content. 
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Antweiler and Frank (2004) address the first issue reporting that while the Wall Street 

Journal covers traditional companies more frequently, Internet board users pay more attention to 

Internet stocks. However, although Antweiler and Frank (2004) include stocks of the Dow Jones 

Internet Commerce Index (XLK), most stocks in their sample are traditional companies from the 

Dow Jones Industrial Average (DIA). The potential problem of including DIA firms is illustrated 

by Table I and Figure I.  For example, although the market cap of Coca-Cola from DIA is over 

ten times larger than Google from XLK, the number of Coca-Cola message posts in 2007 on 

Yahoo! Finance (10,856) is less than 10% of the Google posts (126,924). The number of Google 

message posts is roughly 175 times higher than American Express posts (720). The number of 

Yahoo posts (65,601), which only ranks fourth among five Internet stocks in Table I, is still 50% 

larger than the total number of posts (42,620) for the prominent DIA firms in the lower section of 

Table I.   

Tumarkin (2002) indicates that only stocks with a considerable number of messages should 

be included in these studies because substantial noise and error are introduced by including 

stocks with a small bulletin board following.  However, in his paper, he analyzes 73 Internet 

service companies with a mean number of daily messages of only 7.6.  This is a rather small 

number even compared to the roughly 150 messages per day in the sample used by Antweiler 

and Frank (2004)
1
.  

                                                 
1  Since these numbers are the number of raw messages, they would be discarded in the bullishness analysis 

performed later in this paper.  
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More recently, Sabherwal, Sarkar, and Zhang (2008) also recognize the problem of using 

stocks that are infrequently cited in postings and, therefore, include only the 10 most discussed 

topics on the Thelion.com message board each day.  However, since their study focuses on “hot 

topics” each day rather than following “hot stocks” throughout an entire period, it essentially 

skims the most extremely pumped stocks from the message boards.  Since almost 90% of the 

messages in their sample are extremely positive, the distribution of message content is limited, 

possibly accounting for why the number of messages but not the content of messages affects 

future stock returns. We address the issue of a lack of critical mass in postings by choosing a 

sample of firms that receive a heavy following. We envision the following relationship chain: 

 Heavy Internet board following  high number of posters  frequent posts. 

This concurs with studies of “media effects” where opinions on heavily followed media outlets 

such as the Wall Street Journal‟s “Heard on the Street” column or CNBC‟s “Mad Money” can 

affect stock returns. 

The second issue that may affect the link between message content and future stock returns 

involves interpreting program sentiment.  Regardless of the techniques used to analyze 

sentiments from messages, the complexity of online message wording makes it difficult for 

researchers to accurately extract sentiments from messages.   For example, after sentiment 

analysis, only 21.3%
1
 of the messages in the sample of Antweiler and Frank (2004) are used for 

                                                 
1 This means the mean firm-daily number of messages used in the bullishness analysis decreases from around 150 to 

30. 
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the bullishness effect analysis.  Tumarkin (2002) suggests that the interpretation problem can be 

solved by collecting messages with self-report sentiments from RagingBull.com.  Depken and 

Zhang (2008) address this issue by using data from Thelion.com where there is an optional blank 

space or multiple choices for users to indicate their sentiment.  Our solution to this problem is to 

use messages from Yahoo! Finance message boards since these include poster self-reported 

sentiments.  All the messages in our sample include clearly indicated sentiments ranging from 

“Strong Sell” to “Strong Buy.” 

In addition to addressing the two issues mentioned above, we incorporate posters‟ 

credibility into the message bullishness effect analysis.  Other research supports considering 

credibility.  For example, DeMarzo, Vayanos, and Zwiebel (2001) suggest that people typically 

overvalue the opinions of those with whom they talk.  Stickel (1992) compares the performance 

of All-American security analysts with other security analysts and finds that All-American 

analysts‟ predictions are more accurate and have a greater impact on prices.  This suggests a 

positive relationship between analyst reputation and performance.  Depken and Zhang (2008) 

support this finding with high-reputation online board posters tending to offer more accurate 

sentiments.  The marketing and communication fields address credibility issues in studies 

involving advisor-consumer relationships.  For example, Ganzach (1994) suggests that 

consumers may deal with the problem of conflicting agent advice by focusing on a subset of 

agents, who are considered to be more informative or diagnostic.  In our study, we select an 

objective criterion to measure poster credibility: the accuracy of a poster‟s past predictions.  
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In summary, our paper differs from previous studies in two ways. First, we introduce an 

experimental design that improves sample selection and avoids program-generated sentiment and 

find that board message content predicts stock returns.  Second, we measure poster credibility 

and find that incorporating this into the analysis improves the relationship between board 

message content and future stock returns.  

The remainder of this essay is organized as follows. Section 2.1 discusses the basic features 

of our sample data.  Section 2.3 presents the theoretical and empirical models used in this paper.  

In Section 2.4, we present descriptive statistics and regression results.  We conclude the paper in 

Section 2.5. 

 

2.2  Sample and Data 

We collect Internet message board data from Yahoo! Finance from January 2007 to 

December 31, 2007.  Each message itself consists of a username, title, date, time of post, and 

sentiment tag, where all sentiments are self-reported by posters.  The range of sentiments 

includes “strong buy,” “buy,” “hold,” “sell,” or “strong sell.”  Yahoo! Finance partitions its 

financial message boards by stock symbol.  As discussed earlier, since Internet stocks receive 

much attention from online board users, we construct two samples involving such stocks.  The 

first sample includes companies that own the Top 20 most popular websites among Internet users 

in the U.S. Considering that most Yahoo! Finance board users are likely to spend a considerable 
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amount of time on the Internet, it is also likely that companies with highly popular websites 

would have advantages in attracting Internet board users‟ attention. Therefore, we use Alexa‟s 

report of the “Top 20 Most Visited Websites in the US” (MVW) to construct our first sample by 

including stocks of all companies that own at least one of the most visited websites in the U.S.  

Since we also require that either the web site company or its parent be traded and since some 

parents control multiple websites, there are 9 companies in our sample from MVW. 

Table II shows that companies in the MVW sample can be divided into two groups.  In the 

first group, the websites are clearly the brand images of the companies with the connection 

between the website and the company being strong and intuitive.  Companies in this group not 

only bear the same name as their website, but also rely heavily on their website to generate a 

major, if not the only, proportion of their revenues.  This group includes Google, Yahoo, 

Amazon, eBay, and Microsoft.  The second group contains companies whose websites either do 

not have an obvious direct relationship with Internet users, such as Disney and News Corp; or 

their websites are not their major revenue sources, such as Time Warner and Comcast.  The 

differences between the “brand” and “image” for this second group may pose a challenge in 

attracting Internet board users‟ attention.  The statistics in Table III Panel A demonstrate this 

difference. 

The nine companies comprising the MVW sample contain 110,315 messages with 1944 

unique ticker-day combinations.  Every message in our dataset has a clearly indicated sentiment.  

As far as we know, our sample has the highest mean number of messages with meaningful 
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sentiment for each sample firm per day.  In addition, our sample reflects a balanced sentiment 

distribution.  Figure 2A shows that 41.6% of our messages contain “Strong Buy” 

recommendations while 39.3% contain “Strong Sell” recommendations. While half of the 

messages are bullish, the bearish messages compose 45% of the sample.  Figure 2 also shows 

that posters are more active when the market is open (63%), and during weekdays (daily mean is 

18.21% vs. 4.48% on weekends).  These findings are in line with previous studies. 

In addition to the MVW sample, we also use the Morgan Stanley Internet Index (MOX). 

The MOX contains 30 stocks, 17 of which have message posts on Yahoo! Finance.  Among the 

17 firms, 4 firms are contained in our MVW sample, leaving 13 additional firms from the MOX 

sample.  The MOX sample contains smaller firms, on average, than the MVW sample.  Table III 

Panel B shows that the added stocks from MOX have a much lower average number of messages 

per firm than the MVW (2,798 vs. 12,257) sample.  Therefore, our sample of 22 firms for the 

combined set of MVW and MOX stocks in Table III Panel C has a lower mean number of 

messages per firm (6,668) than the MVW sample.  Based on our premise that posting volume per 

firm matters, test results for the combined sample should be less significant than for the MVW 

sample. 

All other data related to stock trading and the Fama-French three factors are from The 

Center for Research in Security Prices database (CRSP).  

 



 

12 

 

2.3 Models 

 We build a bullishness index that incorporates the sentiments from the message board posts 

on Yahoo! Finance.  We then incorporate the credibility of a poster, constructing an empirical 

model to test the relationship between the bullishness index and future stock returns. 

 

2.3.1  Bullishness Index 

We begin with Antweiler and Frank‟s (AF) (2004) equation (4) in constructing a 

bullishness index: 

 

Bt = [Mt Buy – Mt Sell] / [Mt Buy + Mt Sell] 

 

where Bt is the bullishness index on day t, bounded between -1 and 1.  MtBuy is the number of 

messages posted on day t with positive sentiment, which AF interpret as a buy recommendation, 

while MtSell is the number of negative sentiment posts, interpreted as a sell recommendation.  

AF exclude a large number of message posts from their bullishness index calculation since they 

do not include the 71 percent of their messages that they classify as “hold” sentiment.  In our 

paper, posters explicitly report all sentiments and we do incorporate the number of “hold” 

messages in the denominator of our bullishness index calculation. We believe this modification 

improves the accuracy of the calculation.  Suppose, for example, that 100 messages are posted 
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with one post being a “buy” recommendation and the other 99 posts indicating “hold.”  

Excluding the “hold” messages would produce an extreme bullishness index of 1, indicating the 

overall sentiment of the board to be extremely bullish, although this is not the sentiment of 99 

percent of the posters.  Therefore, we modify AF equation (4), constructing a bullishness index 

Et, bound in [-1, 1], for each message board : 

 

Eit = [αMit Strong Buy + Mit Buy –αMit Strong sell – Mit Sell] / Mit Total    (1) 

 

where  

Mt Total = αMt Strong Buy + Mt Buy + Mt Hold + αMt Strong sell + Mt Sell 

 

In equation (1), α is the weight that differentiates the perceived effects of strong 

recommendations from normal recommendations.  We report results for α=1.
1
  Since Gershoff, 

Mukherjee, and Mukhopadhyay (2003) show that at least twice the number of consumers are 

interested in a product that is rated as “strongly recommended” (four star) than rated as 

“recommended” (three star), we set α=2 as a robustness test but our results are similar. 

Previous studies use two major factors when accounting for authors‟ posting performance: 

frequency (Antweiler and Frank (2004), Stickel (1992)) and accuracy (Gu, et al. (2006), 

                                                 
1 Antweiler and Frank (2004) consider unequal weighting schemes but these do not affect their conclusions. 
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Stickel(1992)).  We consider as frequent posters those with at least 1 post per month, which 

means MitTotal >= 12 by the end of the sample period.   

We focus on frequent posters who are also accurate in predicting price movement, using the 

method suggested by many previous studies e.g. (Stickel (1992), and (Gu, Konana, Liu, 

Rajagopalan, Ghosh (2006)) to create a “credible poster vs. non-credible poster” dummy variable 

Cijt.  Stickel (1992) finds that security analysts who have provided more accurate predictions in 

the past have a greater impact on prices than other analysts.   

Gershoff et al. (2003) state that consumers pay attention to overall opinion agreement when 

assessing agent diagnosticity.  Therefore, we use the poster‟s past performance to evaluate 

credibility, setting Cijt to 1 if poster j‟s performance until day t-1 on firm i‟s board is higher than 

the sample median and 0 otherwise, and then interacting Cijt with the poster‟s messages.  The 

bullishness index with credibility related to stock i on day t becomes: 

 

Eit=[∑Cijt*(αMijtStrongBuy+Mijt Buy–αMijtStrongSell–MijtSell)] / (∑Cijt*MijtTotal) (2) 

 

where Cijt equals 1 if Credibilityij,t-1 > Median(Credibilityi,t-1) and equals 0 otherwise; and 

Credibilityij,t-1 = P_correctij,T – P_wrong ij,T;          (3) 

P_correct ij,T = α * P_correct-strongij,T + P_correct-weakij,T; 

P_wrongij,T = α * P_wrong-strongij,T + P_wrong-weakij,T; 
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where T <= t-1 represents the sample period until date t-1 and Median(Credibilityi,t-1) is the 

median of posters‟ accumulated credibility on firm i‟s message board during the sample period 

by the end of day t-1.  P_correct (P_wrong) is the number of messages with a prediction that is 

consistent (inconsistent) with the next trading day‟s stock return. For example, if an author 

posted one message which recommended a “Buy” / “Sell” (“Strong Buy”/ “Strong Sell”) for a 

stock on day t-1 and the stock price increases / decreases on day t, the author‟s credit score gain 

from day t-1 until day t is 1(1* (α)).               

In Equation (3), the poster credibility scores are calculated in a cumulative manner and 

updated on a daily rolling basis under the premise that those who frequently post are more likely 

to have a stronger impact on the bullishness index than infrequent posters.  This design penalizes 

posters with inconsistent overall performance but better performance lately and posters with 

highly concentrated posting patterns, which is consistent with our premise that messages by 

posters who frequently and consistently post correct predictions are more likely to be followed 

by other users and have a greater impact on stock returns than other messages.  

We do understand that a poster may express a sentiment that could be reflected in a stock‟s 

performance over a longer period than just one day.  For example, if a stock falls 1% on day 1 

but increases 20% over the next week, a poster with a bullish sentiment on day 0 should have a 

higher credibility score than a poster with only bearish sentiment on day 0.  To address this issue, 

we use several evaluation periods of different time lengths, including within-a-day (using TAQ 

data), 3, 5, 10, and 20 trading day windows to estimate the poster‟s credibility.  For example, if a 
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10-day window is used, a prediction with a positive sentiment will be categorized as “accurate” 

if the cumulative return over the next ten trading days is positive.  Pertaining to the within-a-day 

analysis: if the post is between 9:30 a.m. EST on day t and 4:00 p.m. EST on day t, then 

prediction accuracy is measured by the difference between the most recent prior price and the 

closing price both on day t; if the post is after 4:00 p.m. EST on day t but before 9:30 a.m. EST 

on day t+1, prediction accuracy is measured by the difference between the most recent prior 

price and the closing price on day t+1.  

 

2.3.2  Empirical Models 

We use two models to test our hypothesis that message board content affects future returns.  

The primary model, shown below in our equation (4), follows Antweiler and Frank (2004) 

closely and regresses as a panel the day t stock return on stock returns and bullishness indices 

over the past 3 trading days as well as variables to control for the market return and the Monday-

effect:  

 

E(Rit) = ∑γjEit + ∑λjRit +β1Mondayt +β2SPYt                                               (4) 

 

where E(Rit) is stock i‟s return on day t; ∑Eit are the bullishness indices on stock i‟s message 

board for the past 3 trading days; ∑λjRit represents the stock i‟s returns of the past 3 trading days; 
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Mondayt, equals 1 if the stock trades on a Monday and 0 otherwise; and SPYt is the daily market 

return of the Standard & Poor‟s Depositary Receipt S&P 500 Tracking Fund, which is used to 

control the market trend. 

Besides the primary model, we also regress as a panel the abnormal stock return on the 

Fama and French Three Factors (1993), the bullishness index and other control variables:  

 

E(Rit –Rf) =β1[E(RMt -Rft]+β2E(SMBt)+β3E(HMLt)+β4Mondayt+∑λjXit+∑γjEit (5) 

 

where [E(RMt) – Rft], SMB
1
 and HML

2
 are Fama-French factors.  The dependent variable is the 

abnormal stock return with E(Rit) representing stock i‟s daily return and Rft the one-month 

treasury bill rate on day t.  Eit is the message bullishness index of each of the past three days. For 

instance, Ei1 represents the bullishness index of board messages posted within 24 hours before 

market opening on day t at 9:30 am. ∑λjXit are stock i‟s abnormal returns of the past 3 days.  

 

                                                 
1 SMB (Small Minus Big) is the difference between the return on a portfolio of small stocks and the return on a portfolio of large 

stocks.  
2 HML (High Minus Low) is the difference between the return on a portfolio of high-book-to-market stocks and the return on a 

portfolio of low-book-to-market stocks. 
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2.4  Results 

2.4.1 Bullishness Index and Next-Day Returns 

Table IV Panel A analyzes across MVW stocks the correlation between the bullishness 

index and next day returns.  This correlation generally declines with the number of messages, 

being significantly positive for Google, Amazon, Yahoo, Microsoft, and eBay. This result is 

consistent with our previous suggestion that sample selection is important and studying “talk 

effects” upon firms receiving very little attention could be problematic.  

Table IV Panel B compares across MVW stocks the bullishness index and next day stock 

returns for the top and bottom quintiles as well as for the higher and lower median bullish index. 

In almost all cases, corresponding mean and median values of stock returns in groups with higher 

bullishness indices (top quintile/higher-median group) are higher than the mean values of stock 

returns in groups with lower bullishness indices (bottom quintile/lower-median group). These 

results support our hypothesis that message content, reflected by the bullishness index, impacts 

future stock returns. 

 

2.4.2  Fixed Effect Regressions 

2.4.2.1   Basic Models 

In Table V, we show the results of fixed effect panel regressions using Rogers‟ estimators for 

the standard deviations adjusted for clustering on the firm.  Panel A analyzes the primary model 
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as in Equation 4, regressing a firm‟s stock return on the S&P index ETF SPY, the firm‟s stock 

return, and the bullishness index all for the previous three days, as well as on the Monday 

dummy.  Panel B employs the Fama-French Three Factor model as in Equation 5 where a firm‟s 

abnormal stock return is regressed on the Fama-French factors and the firm‟s stock return and 

bullishness index for the previous three days, as well as on the Monday dummy.  We weight 

strong buys and strong sells the same as buys and sells; e.g.  is set equal to 1.
1
 

The positive and significant coefficient on Ei,t-1 for the MTW sample indicates that the 

bullishness indices of the message boards have significant and positive predictive power on next-

day stock returns and abnormal stock returns after controlling for possible effects from past 

returns and know determinants of returns.  The coefficient is 16 basis points, significant at the 5 

percent level for the primary model and 15 basis points, significant at the 10 percent level for the 

Fama-French model.  The marginal effect of Ei,t-1 for the combined sample is positive but not 

significant, indicating again that message intensity affects message effect.  

 

                                                 

1
In response to Gershoff, Mukherjee, and Mukhopadhyay‟s (2003) results, we set α=2 as a 

robustness test but our results are similar. 
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2.4.2.2   Model with Poster Credibility 

 Following the algorithms in Equations 2 and 3, we screen for next-day poster credibility 

since we believe that credible posters‟ messages are more likely to be seriously considered and 

followed by other board users.  Thus, controlling for posters‟ credibility can remove from our 

sample noisy messages posted by posters with no or little credibility.   

 Table VI is structured identically to Table V except the results only reflect messages of 

posters whose credit score is higher than the poster credit score median.  Incorporating 

credibility into the analysis enhances the predictive effect of the bullishness index.  Panel A 

shows that the bullishness coefficient increases to 24 basis points, significant at the 1% level, in 

the MVW sample primary model.  The coefficient becomes 13 basis points in the combined 

sample, now significant at the 10 percent level.  The Fama-French results from Panel B further 

confirmed our findings.   

 

2.4.2.3   Credibility Index Robustness Check 

       While past prediction accuracy is a reasonable measure for posters‟ credibility, board users 

may implicitly use different windows to evaluate posters‟ predictions.  Therefore, in this section, 

we depart from next-day poster credibility and measure credibility using various intervals 

relative to the post including intra-day, 3-day, 5-day, 10-day, and 20-day.  

Table VII Panel A indicates that for the MVW sample regardless of the window chosen the 
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bullishness index predicts next day stock returns. The highest statistically significant 

predictability occurs when credibility is defined within a 5-day window where a 1 point move in 

the bullishness index affects next day returns by 45 basis points. 

Table VII Panel B analyzes the combined sample and finds predictability using all windows 

of credibility except for the within-a-day window. The 5-day window provides the highest 

significant predictability for this sample. In this case a 1 point move in the bullishness index 

affects next day returns by 41 basis points.  

 

2.5 Conclusion 

 Since online message boards have become a popular way for equity investors to share 

information, many recent studies have tried to discover whether postings on message boards 

predict future stock performance.  While other studies find significant predictive effects from 

message volume, they do not find significant predictive effects from message content, which is 

the most important and meaningful part of online messages.  We improve sample selection, using 

a posting medium that allows for explicit buy/sell signals, focusing on firms with a high intensity 

of postings, and reducing posting noise by developing a credibility index.  After controlling for 

factors which affect next day returns and incorporating credibility, we find that a bullishness 

index predicts next day stock returns at a 1% significance level.  Specifically, we find that a 1 
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point movement in the bullishness index affects next day stock returns by as much as 45 basis 

points. 

    Collecting meaningful information efficiently has always been a problem for research in this 

field. Although this paper avoids using program analyzed sentiments, due to the design and 

database change of Yahoo! Finance, the number of observation is not large enough. We believe 

an increase in both number of firms and number of observations would significantly improve the 

research. 

    Last but not the least, with text analysis technology keeps improving, we look forward to 

being able to extracting sentiments from messages more accurately and efficiently. As the result, 

we could significantly enlarge the number of messages that could be used in our research and 

have a better insight of the impact of online messages on the stock market.  
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APPENDIX 

  

Table 2.1 Number of Messages on Yahoo! Finance Boards 

 

This table compares the different levels of attention received from the Yahoo! Finance message 

board users between Internet stocks and traditional “big name” Dow Jones Industrial Average 

(DIA) firms in the year 2007. Firms that are Internet firms are listed in the upper section and 

DIA firms in the lower section. 

 

Company Name Number of relevant messages on board 

Google 126,924 

Amazon 118,573 

Microsoft* 90,847 

YHOO 65,601 

eBay 29,148 

IBM 12,438 

Coca-Cola 10,856 

Johnson & Johnson 5,249 

Chevron 3,888 

Procter & Gamble 3,712 

JPMorgan Chase 3,627 

Kraft Foods 2,130 

American Express 720 

*Microsoft is also a DIA firm.
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Table 2.2 Top 20 Most Visited Websites in the US in 2007  

 

We sort websites by ranking in the “Top 20 Most Visited Websites in the US” published by 

ALEXA in year 2007. 

  

  

RANKING 

Top 20 websites in 

2007 Listed 

Parent Company 

Listed 

Company stock 

ticker 

1 Google YES  GOOG 

2 Yahoo YES  YHOO 

3 Myspace NO NEWS CORP NWS 

4 YouTube NO GOOGLE GOOG 

5 Facebook NO   

6 Windows Live NO MICROSOFT MSFT 

7 MSN NO MICROSOFT MSFT 

8 Wikipedia NO   

9 eBay YES  EBAY 

10 AOL NO TIME WARNER TWX 

11 Craigslist.org NO   

12 Blogger.com NO GOOGLE GOOG 

13 Go NO DISNEY DIS 

14 Amazon YES  AMZN 

15 CNN NO   

16 ESPN NO DISNEY DIS 

17 Photobucket NO NEWS CORP NWS 

18 Flickr NO YAHOO YHOO 

19 

Microsoft 

Corporation YES  MSFT 

20 Comcast YES  CMCSA 
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Table 2.3 Number of Messages Affecting Sample Companies 

This table reports the number of messages about MVW sample companies in Panel A, 

companies added from the MOX sample in Panel B, and in total in Panel C. 

Panel A. Number of messages Affecting MVW Sample Companies  

Company Name Ticker Sentiment Messages 

Google GOOG 35,625 

Amazon AMZN 30,945 

Yahoo YHOO 17,918 

Microsoft MSFT 13,742 

eBay EBAY 7,350 

Time Warner TWX 2,092 

Comcast CMCSA 650 

Disney DIS 1,183 

News Corp NWS 810 

Message per company  12,257 

Total  110,315 

 

Panel B. Number of messages Affecting Additional MOX Sample Companies 

Company Name Ticker Sentiment Messages 

EMC Corp. EMC 14,183 

Cisco Systems, Inc CSCO 10,358 

Oracle Corporation ORCL 3,272 

Priceline.com PCLN 2,306 

Ciena Corporation CIEN 2,250 

Juniper Networks, Inc. JNPR 1,709 

I2 Technologies, Inc. ITWO 1,100 

Verisign Inc. VRSN 373 

Intuit Inc. INTU 246 

Sycamore Networks SCMR 221 

Emdeon Corp. HLTH 163 

Ariba Inc. ARBA 100 

Sapient Corporation SAPE 95 

Message per company 2,798 

Total   36,376 

 

Panel C. Number of Messages Affecting Combined Sample 

Sentiment Messages per Company 6,668 

Total  146,691 
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Table 2.4 Relationship between Bullishness Index and Next-Day Returns 

Panel A of this table reports for the MVW sample the contemporary correlations of the 

bullishness index and next-day stock returns for daily data.  Messages with Sentiment are the 

number of messages with self-reported sentiment posted in 2007 on the Yahoo! Finance message 

boards.  ***, ** and * denote significance at the 1%, 5% and 10% level, respectively.  Panel B 

compares for the MVW sample the relationship between the bullishness index (BI) and next-day 

average stock returns (Return) for the top and bottom quintile as well as for the higher and lower 

medians. 

 

 

Panel A. Correlation between Bullishness Index and Next Day Returns 

 

Ticker Correlation with 

Return 

Messages with 

Sentiment 

GOOG 0.1566*** 35,625 

AMZN 0.1173** 30,945 

YHOO 0.0927** 17,918 

MSFT 0.0567* 13,742 

EBAY 0.0448* 7,350 

TWX -0.0037 2,092 

DIS 0.1351 1,183 

NWS -0.0308 810 

CMCSA -0.0622 650 

Whole Sample 0.0671*  
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Panel B. Relationship between the Bullishness Index (BI) and Stock Returns by Sub-groups 

 

  

Quintile Stats Median Stats 

  

Top 

Quintile 

Bottom 

Quintile Difference 

t-test 

(prob) 

Wilcoxon 

test (prob) 

Higher 

Median 

Lower

Median 

Differe

nce 

t-test 

(prob) 

Wilcoxon 

test (prob) 

GOOG Return 0.0057 -0.0012 0.0069 0.0037*** 0.0048*** 0.0052 -0.002 0.0072 .0003*** 0.0006*** 

 

BI 0.7274 -0.1301 

   

0.5812 0.0853 

   AMZN Return 0.009 0.0004 0.0086 0.0277** 0.0316** 0.0071 0.0012 0.0059 0.0147** 0.0309** 

 

BI -0.1179 -0.9753 

   

-0.3867 -0.8634 

   YHOO Return -0.0019 -0.0036 0.0017 0.0362** .0470** 0.0006 -0.0009 0.0015 0.0425** 0.0500** 

 

BI 0.8801 -0.1154 

   

0.7421 0.1644 

   MSFT Return 0.0033 -0.0004 0.0037 0.0417** 0.0566* 0.0016 0.0001 0.0015 0.0426** 0.0579* 

 

BI 0.6165 -0.6903 

   

0.32 -0.435 

   EBAY Return 0.0032 -0.0012 0.0044 0.0668* 0.0858* 0.0022 -0.0012 0.0034 0.0512* 0.0757* 

 

BI 0.7349 -0.8378 

   

0.4422 -0.4728 

   TWX Return -0.0005 0.0004 -0.0009 0.1055 0.1123 -0.0005 -0.0013 0.0008 0.1073 0.1294 

 

BI 1 -0.5842 

   

0.9995 0.0557 

   DIS Return 0.0013 -0.0036 0.0049 0.1233 0.1361 0.0013 -0.0027 0.004 0.1275 0.1386 

 

BI 1 -0.2775 

   

1 0.1174 

   NWS Return 0.0015 0.0006 0.0009 0.1537 0.1601 0.0015 0.0006 0.0009 0.1522 0.1645 

 

BI 1 -0.8103 

   

1 -0.8103 

   CMCSA Return -0.0045 -0.0007 -0.0038 0.2088 0.2235 -0.0041 -0.0019 -0.0022 0.2112 0.2207 

 

BI 1 -1 

   

0.8813 -0.7421 

   We report p-values for two-sided t-tests that the means are equal and two-sided z-values for Wilcoxon tests that the 

medians are equal. 
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Table 2.5 Fixed-Effect Panel Regressions 

In Panel A of this table, we regress stock i‟s day t return on the daily return of the past three days 

for the S&P index ETF SPY, stock i‟s return and the bullishness index, as well as the Monday 

dummy.  Ei,t-k represents the bullishness index on the Yahoo! Finance message board of stock i 

on day t-k while RETi,t-k is stock i‟s return on day t-k. In panel B, the dependent variable is the 

abnormal return of stock i on day t.  [E(RM) – Rf] is the excess return on a broad market portfolio; 

SMB (Small Minus Big) is the difference between the return on a portfolio of small stocks and 

the return on a portfolio of large stocks; HML (High Minus Low) is the difference between the 

return on a portfolio of high-book-to-market stocks and the return on a portfolio of low-book-to-

market stocks.  RETRFi,t-k represents the excess return of stock i on day t-k.  All stock data are 

from the CRSP database and all message data from Yahoo! Finance message boards during 2007.  

We weight strong buys and strong sells the same as buys and sells; e.g.  is set equal to 1.  All 

regressions use Rogers‟ estimators for the standard deviations adjusted for clustering on the firm.  

***, ** and * denote significance at the 1%, 5%, and 10% level, respectively.   

Panel A. The Primary Model 

 The MVW Sample The Combined Sample 

SPYt 0.9711*** 0.9691 *** 1.0756*** 1.0729*** 

Ei,t-1 0.0015** 0.0016** 0.0007 0.0007 

Ei,t-2 -0.0011 -0.0009 0.0011* 0.0012** 

Ei,t-3  -0.0007  -0.0002 

RETi,t-1  0.0074  -0.0120 

RETi,t-2  -0.0048  -0.0043 

RETi,t-3  0.0120  -0.0092 

Mondayt -0.0022** -0.0022** -0.0024*** -0.0023*** 

Constant 0.0008* 0.0009* 0.0006* 0.0007 

R
2
 0.2482 0.2486 0.2228 0.2229 

F test 159.26 79.62 275.27 136.55 

N 1,943 1,942 3,866 3,839 
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Panel B. Fama-French Three Factor Model 

 The MVW Sample The Combined Sample 

E(RMt) – Rft 0.9943*** 0.9889*** 1.0831*** 1.0783*** 

HMLt -0.7597*** -0.7905*** -1.0440*** -1.0440*** 

SMBt -0.1397 -0.1487 0.0938 0.1011 

Ei,t-1 0.0013* 0.0015* 0.0004 0.0005 

Ei,t-2 -0.0012 -0.0011 0.0010* 0.0011* 

Ei,t-3  -0.0005  0.0001 

RETRFi,t-1  -0.0193  -0.0369*** 

RETRFi,t-2  -0.0085  -0.0090 

RETRFi,t-3  0.0066  -0.0224 

Mondayt -0.0019* -0.0020** -0.0017** -0.0017** 

Constant 0.0003 0.0004 0.0001 0.0001 

R
2
 0.2683 0.2688 0.2432 0.2442 

F test 117.84 70.67 205.54 122.99 

N 1,943 1,941 3,866 3,838 
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Table 2.6 Panel Fixed-Effect Regressions using Credible Posters 

In Panel A of this table, we regress stock i‟s day t return on the daily return of the past three days 

for the S&P index ETF SPY, stock i‟s return and the bullishness index, as well as the Monday 

dummy.  Ei,t-k represents the bullishness index on the Yahoo! Finance message board of stock i 

on day t-k while RETi,t-k is stock i‟s return on day t-k. In panel B, the dependent variable is the 

abnormal return of stock i on day t.  [E(RM) – Rf] is the excess return on a broad market portfolio; 

SMB (Small Minus Big) is the difference between the return on a portfolio of small stocks and 

the return on a portfolio of large stocks; HML (High Minus Low) is the difference between the 

return on a portfolio of high-book-to-market stocks and the return on a portfolio of low-book-to-

market stocks.  RETRFi,t-k represents the excess return of stock i on day t-k.  All stock data are 

from the CRSP database and all message data from Yahoo! Finance message boards during 2007.  

We weight strong buys and strong sells the same as buys and sells; e.g.  is set equal to 1.  Data 

in this table reflect only credible posters based on cumulative accuracy as described in Equations 

2 and 3.  Credibility is measured within one day of posting.  All regressions use Rogers‟ 

estimators for the standard deviations adjusted for clustering on the firm.  ***, ** and * denote 

significance at the 1%, 5%, and 10% level, respectively. 

 

Panel A. The Primary Model 

 The MVW Sample The Combined Sample 

SPYt 0.9979*** 0.9952*** 1.0882*** 1.0859*** 

Ei,t-1 0.0023*** 0.0024*** 0.0011* 0.0013* 

Ei,t-2 -0.0015* -0.0013 0.00003** 0.0001 

Ei,t-3  -0.0008  -0.0008 

RETi,t-1  0.0025  -0.0097 

RETi,t-2  -0.0036  0.0117 

RETi,t-3  0.0077  -0.0009 

Mondayt -0.0028** -0.0029** -0.0022** -0.0021* 

Constant 0.0012** 0.0012** 0.0011** 0.0011** 

R
2
 0.2266 0.2271 0.2156 0.2158 

F test 102.7 51.31 160.34 80.02 

N 1,415 1,414 2,359 2,356 
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Panel B. Fama-French Three Factor Model 

 The MVW Sample The Combined Sample 

E(RMt) – Rft 1.0236*** 1.0180*** 1.1020*** 1.0922*** 

HMLt -1.0403*** -1.0562*** -1.1457*** -1.1888*** 

SMBt -0.1173 -0.1240 0.0334 0.0376 

Ei,t-1 0.0019** 0.0021** 0.0007* 0.0011* 

Ei,t-2 -0.0013 -0.0009 0.0002 0.0004 

Ei,t-3  -0.0009  -0.0007 

RETRFi,t-1  -0.0156  -0.0435 

RETRFi,t-2  -0.0249  0.0012 

RETRFi,t-3  0.0108  -0.0231 

Mondayt -0.0023* -0.0024* -0.0016 -0.0014 

Constant 0.0006 0.0006 0.0004 0.0005 

R
2
 0.2539 0.2556 0.2395 0.2421 

F test 79.39 47.86 122.37 74.19 

N 1,415 1,413 2,359 2,421 

 

  



 

35 

 

 

 

Table 2.7 Panel Fixed-Effect Regressions using Credible Posters Estimated by Different 

Evaluation Windows 

In this table, we regress stock i‟s day t return on the daily return of the past three days for the 

S&P index ETF SPY, stock i‟s return and the bullishness index, as well as the Monday dummy.  

Ei,t-k represents the bullishness index on the Yahoo! Finance message board of stock i on day t-k 

while RETi,t-k is stock i‟s return on day t-k.  Panel A employs the MTW sample while Panel B 

assesses the combined sample.  All stock data are from the CRSP database and all message data 

from Yahoo! Finance message boards during 2007.  We weight strong buys and strong sells the 

same as buys and sells; e.g.  is set equal to 1.  Data in this table reflect only credible posters 

based on cumulative accuracy as described in Equations 2 and 3.  We measure credibility using 

various intervals relative to the post including intra-day, 3-day, 5-day, 10-day, and 20-day.  All 

regressions use Rogers‟ estimators for the standard deviations adjusted for clustering on the firm.  

***, ** and * denote significance at the 1%, 5%, and 10% level, respectively. 

 

 

Panel A. The MVW Sample 

 Intra-day 3-Day 5-Day 10-Day 20-Day 

SPYt .9751*** .9764*** .9825*** .9885*** .9991*** 

Ei,t-1 .0015* .0043*** .0045*** .0043*** .0026*** 

Ei,t-2 .0007 -.0001 -.001 -.0005 -.0000 

Ei,t-3 -.0011 -.0028*** -.0014 -.0011 -.0001 

RETi,t-1 .016 -.0025 -.0039 .0006 .0095 

RETi,t-2 .0036 -.0094 -.0077 -.0138 -.0128 

RETi,t-3 .0126 .0066 .0042 .0037 .0014 

Mondayt -.0031** -.0031** -.0033** -.0031** -.0031** 

Constant .0013** .0012** .0011* .001* .0011* 

R
2
 .2274 .2416 .2381 .2385 .2341 

F test 53.26 55.62 53.96 53.92 52.58 

N 1,465 1,414 1,398 1,394 1,393 
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Panel B. The Combined Sample 

 Intra-day 3-Day 5-Day 10-Day 20-Day 

SPYt 1.0593*** 1.051*** 1.0522*** 1.0698*** 1.071*** 

Ei,t-1 .0011 .0035*** .0041*** .0037*** .0024*** 

Ei,t-2 .0004 -.0004 .0000 -.0000 .0001 

Ei,t-3 -.0016** -.002** -.002*** -.0008 -.0002 

RETi,t-1 -.0013 -.0215 -.0255 -.0238 -.0042 

RETi,t-2 .0158 .0215 .0133 .0102 .0146 

RETi,t-3 -.0176 .0163 .0112 .0119 .0028 

Mondayt -.002* -.002* -.0023** -.0022** -.0022** 

Constant .0012** .0007 .0004 -.0000 .0005 

R
2
 .2003 .2162 .2235 .2278 .2183 

F test 74.18 80.3 83.64 85.7 80.92 

N 2,400 2,359 2,355 2,354 2,348 
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Figure 2.1 Number of messages on Yahoo! Finance message boards in 2007 
 

This figure shows the number of messages posted in 2007 on the Yahoo! Finance message boards for different 

stocks.  The vertical axis indicates the total number of messages while the horizontal axis represents stock names.                                             
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Figure 2.2 Message Posting Patterns 

All messages are from stocks in our MVW sample which contain the nine companies from 

Alexa‟s report of the “Top 20 Most Visited Websites in the US in which either the website 

company or its parent is traded and are posted in 2007 on Yahoo! Finance message board. The 

vertical axis in each graph represents the percentage of each category in the whole sample. Graph 

A shows the sentiments distribution. The distributions of number of messages by month, 

weekday and hour are in graphs B, C, and D, respectively.  
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ATTENTION: A BETTER WAY TO MEASURE SEO MARKETING IMPACT 

3.1 Introduction 

Many studies have shown that equity issuers and their underwriters can benefit from 

marketing efforts used to catch investors‟ attention.  Huang and Zhang (2010) find underwriting 

managers‟ effort can translate to a lower offer price discount.  Gao and Ritter (2010) study SEOs 

in the US during 1996 to 2007 and find that fully marketed SEOs tend to have a more elastic 

demand curve than accelerated SEOs.  Chemmanur and Yan (2009), Chahine, Ljungqvist, and 

Michaely(2008), Cook, Kieschnick, and Van Ness(2006), among others, also find results 

supporting that a higher level of investors‟ attention leads to higher stock trading volume or 

higher price.  Since empirical research shows that marketing efforts can attract more investors‟ 

attention and that attention plays an important role in investors‟ trading behavior and stock prices, 

it seems reasonable to evaluate changes in investors‟ attention level with a direct “output” 

measure rather than using indirect “input” measures for marketing efforts such as number of 

reports, and number of managers, etc.  

Using direct measures to analyze investor attention seems to make sense but it is 

understandable why these are missing from SEO research.  First, there have not been many 

studies in this field yet.  Gao and Ritter (2010) point out that the topic of how investors‟ attention 

plays a role in equity offerings has been largely ignored in the academic corporate finance 

literature.  Perhaps the key reason is that it has not been easy for researchers to obtain a direct 

measure for investors‟ attention (Huang and Zhang (2010)), which probably would require 

extensive nationwide surveys. Until the advent of Google Insight for Search (GIS), it has been
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very difficult for any finance researcher to observe nationwide attention change in thousands of 

stocks during a multi-year time span. 

 We hypothesize that the GIS index would be a good attention measure because investors 

would likely search for more information about a stock before making an investment decision 

and the Google search engine accounts for over 70% of online search queries in this country. We 

find that the change in GIS index predicts the SEO price discount at a statistically significant and 

economically important level.  Further, including the indirect measures proposed by Huang and 

Zhang (2010) does not weaken the power of the GIS index.  

The rest of this paper is organized as follows. We review the previous literature and 

introduce our conceptual framework in Section 3.2.  We describe the sample data and statistics 

summary in Section 3.3.  Based on the test results reported in Section 3.4, we conclude in 

Section 3.5. 

 

3.2 Literature Review, Conceptual Framework and Direct Attention Measure Hypothesis 

3.2.1 SEO: demand and offer price discount 

There has been extensive empirical evidence that supports a downward sloping demand 

curves for stocks.  For example, the research studying the impact of index component addition 

and deletion on stock returns find support for a negatively sloped demand curve (Shleifer (1986), 

Harris and Gurel (1986), Dhillon and Johnson (1991), Lynch and Mendenhall (1997), Wurgler 

and Zhuravskaya (2002), and Greenwood (2005), etc.).  Since an SEO usually brings a large 

block size of new shares (on average 17% of existing shares in our sample) to the market, it 

could result in temporary selling pressure.  Such pressure could then translate into a temporary 

selling price concession, with the effect being significantly related to the block size (Kraus and 
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Stoll (1972), Keim and Madhavan (1996), etc.).
7
  Therefore, due to the supply increase, an offer 

price discount might be necessary to attract investors.   

 

3.2.2 The Role of Marketing in SEOs 

Since the demand curve is negatively sloped, the magnitude of the offer price discount is 

determined by two factors: the offer size and the elasticity of the demand curve. Miller (1977) 

suggests that a downward sloping demand curve likely results when investors have different 

information or opinions.  On the other hand, Green (2007) and Petajisto (2007) suggest that 

investor search costs cause the downward sloping demand curve.  The effect of marketing efforts 

is to awaken customers‟ interest and to communicate with potential customers, thereby, reducing 

their information search costs and increasing the elasticity of the demand curve. Gao and Ritter 

(2010) find that marketing efforts can flatten the demand curve, thereby, suggesting that 

marketing effort and offer price discount are substitutes.  Huang and Zhang (2010) also find that 

hiring more managers to promote a new issue reduces the offer price discount.  

 Issuers‟ and underwriters‟ marketing efforts include having more analysts cover the SEO 

and generating more recommendation reports as well as media coverage.  As Gao and Ritter 

(2010) point out, “marketing increases the number of investors who pay attention to a stock and 

that attention plays an important role in investors‟ trading behavior and stock prices.”  Busse and 

Green (2002) find that a favorable mention by CNBC‟s Midday Call causes the trading volume 

for Nasdaq-listed stocks to increase by an average of 300,000 shares in the four minutes 

immediately after the report.  Many studies also find that a high attention level influences the 

aggregate market price level (Yuan (2008)) and leads to high trading volume and extreme one-

                                                 
7 This downward sloping demand curve also applies to block size sales after IPO lockup agreement expires (Field 

and Hanka (2001), Bradley, Jordan, Roten, and Yi(2001), Brav and Gomper (2003)). 
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day returns (Barber and Odean (2008)).  Cook, Kieschnick, and Van Ness (2006) suggest that 

underwriters use pre-IPO marketing to attract retail investors, which benefits the issuers, the 

underwriters, and their institutional investors.  Chahine, Ljungqvist, and Michaely (2008) 

conclude that analyst reports can generate “hype” among retail investors, which contributes to a 

higher offer price.  All these findings about marketing efforts can be illustrated by the 3 links 

below: 

① Marketing Effort  ② Investors’ Attention  ③ Price Discount 

As legitimate as Link 1 measures may be to indirectly estimate changes in Link 3, we 

argue that a direct measure for investors‟ attention in Link 2 may be more appropriate.  However, 

the direct measure from Link 2 has been missing in existing empirical studies.  In other words, 

all previously used measures have been indirect, measured by the “input” rather than the “output” 

of marketing effort.  While the Link 1 measures are reasonable since most marketing efforts do 

affect investors‟ attention, possible information loss from Link 1 to Link 2 suggests that directly 

measuring the change in attention level may be a more effective determinant of the price 

discount. 

 

3.2.3 Google Insight for Search: A Direct Measure 

Search frequency from GIS has been a very good proxy to capture changes in users‟ 

attention as illustrated in  Figure 1.  In Panel A, five keywords are searched in 2008: tax, football, 

costume, turkey, and gift.  The words “costume”, “turkey”, and “gift” spike right before the 

Halloween, Thanksgiving, and Christmas dates, respectively.  These interesting patterns 

demonstrate what is on people‟s search lists when different holidays arrive.  The fact that these 

heavily holiday-related keywords generally show only one spike leads one to wonder whether 
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GIS can accurately track topics containing fluctuating attention levels.  To address this issue, we 

use the search results for two other keywords.  The keyword “tax” has two major spikes.  The 

first spike starts right after the New Year and peaks at the beginning of February.  This seems 

reasonable because firms start to prepare for tax files and send out W-2 forms in January while 

most individual tax payers begin searching for tax return information when they receive their W-

2 forms at the beginning of February.  The second and largest spike occurs just before April 15
th

, 

indicating that a large proportion of tax payers are searching for tax information just before the 

filing deadline.  

The search frequency for “football” soars around September when both NFL and college 

football kick off.  As college football season wraps up in December, “football” decreases from 

over-60 to under-30.  After then, there are two small and short spikes around the New Year and 

at the beginning of February, which are the dates that correspond to the BCS bowls and the 

Super Bowl, respectively.  Interestingly,  although the BCS bowls and the Super Bowl are the 

most watched sporting events in this country, the respective GIS index is not the highest at this 

time.  Instead, this index peaks at the start of the season and gradually decreases afterward 

corresponding to beginning-of-season fan questions such as how well their favorite teams are 

prepared for the new season, who will be starting at which position, and how competitive their 

teams will be.  As the season proceeds and most of these questions are settled, the GIS index 

decreases.  Panel B shows a very similar pattern in 2009 to the pattern exhibited in 2008.  

Analogously, as SEOs deliver new shares to the market, new information is produced and many 

questions will be asked by investors.  Even with all the marketing efforts made by issuers and 

underwriters, investors will find firm information useful.  Accordingly, we would expect the GIS 
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index changes should also reflect investors‟ attention.  In summary, the GIS index changes of 

“football” and “tax” illustrate that GIS can accurately track the fluctuation of attention level.  

One may still wonder how practical the GIS is to analyze real problems.  During the 

swine flu outbreak, Google analyzed GIS data and published the “Google Flu Trend” to track flu 

outbreaks across the whole country.  The effectiveness of this map is based on the assumption 

that people who face (potential) flu problems would search for more information about how to 

prevent / cure the disease.  Not only did the Google Flu Trend beat the government‟s (Center for 

Disease Control and Prevention) prediction by one week or more, it was also updated on a daily 

basis, much more frequent than the update of the government report.  Ginsberg et. al (2008) 

conclude that, “harnessing the collective intelligence of millions of users, Google web search 

logs can provide one of the most timely, broad-reaching influenza monitoring systems available 

today.”  The GIS data had also proven to be very useful in political
8
 and business studies.  Hal 

Varian, Google‟s Chief Economist, suggests that search data has the potential to predict a variety 

of economic activities.  Choi and Varian (2009) support this claim by providing evidence that 

search data can predict home sales, automotives sales and tourism.  Da, Engelberg, and Gao 

(2009) find that the GIS index is positively related to first-day returns in IPOs.  

In summary, tracking activity on the Internet provides a monitor for attention. Using the 

GIS index as a direct attention measure in equity offering study has two advantages over indirect 

advantages.  First, it is logically closer to the regressed variables in Link 3 and therefore should 

possess more significant predictive power.  Second, it should capture some attention effects that 

indirect measures in Link1 cannot capture.  In addition, it is easily available to the public and 

updated in real time, making it possible for investors and researchers to promptly follow the 

                                                 
8 Try to search “Barack Obama”, “Hillary Clinton”, and “John Mccain” in 2008, one would have very good idea who 
will win the Democratic Primaries and be the next president of this country by simply observing whose name has 
been searched more frequently by Google users prior to each election.  
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frequent changes of public attention.  Therefore, the two main hypotheses in this paper are: 1) the 

GIS index change should be negatively related to the offer price discount in SEOs; 2) the FIS 

index change should still possess significant predicting power on the offer price discount even 

after including other marketing effort measures.  

 

3.3. Data Sample and Descriptive Statistics 

3.3.1 Data and Sample Selection 

We collect daily search frequency data from Google Insight for Search (GIS).  SEO data 

are from the Securities Data Company (SDC from Thomson-Reuters).  All stock-related 

information is from the Wharton Research Data Services (WRDS) and includes the Center for 

Research in Security Prices (CRSP) for daily stock trading data, CDA spectrum (13f) database 

for institutional ownership, and the Institutional Brokers‟ Estimation System (I/B/E/S) for 

analyst recommendations around SEOs.  Because the GIS began providing frequency data in 

2004 and since 2010 CRSP data is not yet available, our sample period includes 6 years, from 

January 2004 to December 2009. 

Beginning with all U.S. SEOs, we follow the standard method and exclude rights 

offerings, Real Estate Investment Trusts (REITs), units, limited partnerships, mutual conversions, 

spin-offs, American Depository Receipts (ADRs), close-end funds, pure secondary offers, and 

offers which do not have corresponding information in CRSP.  We exclude pure secondary 

offerings because they are similar to block trades in the open market.  We also exclude stocks 

that are not listed on the New York Stock Exchange (NYSE), American Stock Exchange 

(AMEX), or Nasdaq.  After this preliminary screening process, 2139 SEOs remain in our sample. 
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We obtain search frequency data by using stock tickers as search keywords in GIS.  

Avoiding company names reduces confusion and sample noise.  For example, the frequency data 

is much less ambiguous using “AAPL” (ticker of Apple Inc.) as keyword rather than the tech 

company‟s name “APPLE”, which could also mean a kind of fruit, or its products.  GIS doesn‟t 

report index data for some tickers since they are not frequently searched in Google.  After 

excluding SEOs with no search frequency reported, our sample includes 1423 SEOs.  

Although SDC starts to report “first trade date” which is generally one day after the 

“offer date”, we double check the offer date by following Corwin (2003), and Altinkilic and 

Hansen (2003).  Thus, we designate the day after the SDC offer date as the offer date if the 

trading volume on the day after the SDC offer date is more than twice the trading volume on the 

SDC offer date and is more than twice the average daily volume over the previous 250 days.  We 

find over 95% of the reported dates in our sample are correct. 

 Previous studies treat shelf and non-shelf SEOs differently.  Some exclude shelf-

registered offers (Huang and Zhang (2010), and Altinkilic and Hansen (2003)) while others 

include shelf-registered offers only (Autore, Hutton, and Kovacs (2008)).  Similar to Gao and 

Ritter (2010) and Corwin (2003), we include both shelf and non-shelf offers and use a shelf 

dummy in our regression models, which is not statistically significant.  

 

3.3.2 Descriptive Statistics 

Table 1 Panel A displays nine offer and firm characteristics, as well as the one-day lag 

search frequency, sorted by offer year.  The average issuer has a 3,241.6 million market 

capitalization, an offer size that is about 17% of the number of the outstanding shares, and an 

offer discount of 4.19%.  The average number of managers for each issue is 4.18.  Each firm 
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receives 1.92 recommendation reports and has 1.88 analysts covering its equity offering.  The 

average institutional holding percentage is 55%.  Both discount and volatility are higher in 2009, 

which can be explained by the volatile financial market in 2009. 

Table 1 Panel B reports the quintile statistics sorted by GIS index, with Q1 being the 

lowest average GIS index and Q5 the highest.  Except for a little spike in Q3, the offer price 

discount decreases while investors‟ attention level increases.  More importantly, the difference in 

discounts between Q1 and Q5 is as high as 2.64%.  Given that the sample average proceeds are a 

little over $120 million, this implies a difference of greater than $3.17 million.  Other control 

variables in this paper are constructed following existing literatures, mainly Huang and Zhang 

(2010).  Relsize (%) is the relative offer size, measured as the number of shares offered over the 

number of shares outstanding before the offer.  Volatility (%) is the standard deviation of daily 

close-to-close returns over the 30 trading days ending 11 days before the offer.  Institutional 

holdings (%) are the most recent percentage institutional ownership before the offer from 13f 

quarterly data.  LnReport is the natural log value of the number of analyst recommendations for 

the issuer during the one year before the filing date.  LnAnalyst is calculated as ln(1+#ofAnalyst), 

where #ofAnalyst are the number of analysts who wrote at least one recommendation report on 

the issuer within the last 12 months.  LnPrice is the ln value of the closing price on the day 

before the offer.  LnMktcap is the ln value of pre-issue market capitalization.  LnManager is the 

ln value of average number of underwriting managers on each issue.  
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3.4. Search Frequency Change and Offer Price Discount  

3.4.1 Model and Testing Results for the First Hypothesis 

SEO offer price discount is calculated as (P-1–OP)/ P-1, where P-1 is the market closing 

price on the trading day right before the offer date and OP is the offer price. 

According to existing studies, two important factors that determine the SEO offer price 

discount are the pre-issue return volatility of the issuer‟s stock and the relative offer size, 

measured as the number of shares offered divided by the pre-issue number of shares outstanding 

(Altinkilic and Hansen (2003), Corwin (2003), Mola and Loughran (2004)).  Both factors are 

closely related to the primary market flow demand curves.  First, more volatile stocks are likely 

to have greater downside risk and higher residual volatility, hence more negatively sloped 

demand curves (Gao and Ritter (2010), Wurgler and Zhuravskaya (2002)).  Second, as general 

financial market evidence as well as empirical studies suggest, a relatively large offer size is 

likely to face more temporary price pressure (Corwin (2003), Huang and Zhang(2010)). 

Besides the two factors above, information production could be a factor affecting the 

equity offer price discount. The underwriters of an IPO could obtain private information from 

investors and then incorporate this private information into the offer price (Corwin and Schultz 

(2005)).  While SEOs face much less information asymmetry compared to IPOs, we use two 

variables to control for the information asymmetry and information production in the offering 

process: analyst coverage (Ritter (2003)) and institutional ownership.  Besides, as suggested by 

Gao and Ritter (2010), we also include number of analyst as a control variable. 

Furthermore, Huang and Zhang (2010) argue that more underwriting managers can lead 

to a smaller offer price discount.  Empirical studies also show that lead underwriters, among 
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other managers, are more important.  Lead underwriters‟ reputation ranking
9
 is included as a 

control variable.  We include the natural log of the number of underwriters and its interaction 

terms for a robustness check.  In addition, Volume is included to control for the market liquidity, 

calculated as the average trading volume of the last 30 trading days prior to the offer date. 

Finally, we include ln value of stock price, ln value of stock market cap, underwriter ranking, 

integer price dummy which equals 1 if offer price is an integer, shelf registration dummy, and the 

NYSE/AMEX exchange dummy.  In summary, to examine the relationship between pre-issue 

GIS index change and the offer price discount in SEOs, we use a variety of regressions of the 

following form: 

   

Discount = α + β1∆GIS + β2Relsize + β3Volatility + β4Volume + β5Inst.Holding + 

β6LnReport + β7LnAnalyst + β8LnMktcap + β9LnPrice + β10BankRanking 

+ β11Integer + β12NYSE/AMEX + β13LnManager + β14Tech + β15Biotech 

+ λYear_Dummies + δ Other interaction terms + ε 

1) 

 

where the ∆GIS is constructed, following Da et.al (2009), as the natural log value of the 

difference between the mean of GIS indices within 3 days prior to the offer date t and the mean 

of GIS indices within 3 weeks prior to one week before the offer date t: 

                                 ∆SF = SF_3days – SF_3weeks 

Where 

             
 

 
           

 

   

 

                                                 
9 From J.Ritter’s personal website. 
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In our sample, this index value has a range of 5.857.  We report the regression results 

with robust standard errors in Table 2.  Model 1 includes the basic control variables and 

generates supportive results.  Consistent to our first hypothesis, the coefficient of pre-issue GIS 

index change is negative and statistically significant at the 10% level.  The economic magnitude 

is also significant: one unit increase in the ∆GIS will cause a 1.299% decrease in the offer price 

discount.  The results of all other significant variables are also consistent with existing empirical 

evidence.  The coefficient of the pre-issue stock volatility is positive and significant at 1% level. 

The economic magnitude is also similar with what has been reported in the literature. The 

naturally logged pre-issue price level is negatively related to the offer price discount, significant 

at the 1% level.  High pre-issue institutional ownership also reduces the offer price discount.  

After including more control variables, Models 2 and 3 report more significant results, 

which support the conclusions from Model 1 and further confirm our first hypothesis.  Model 2 

shows more encouraging regression results with a higher economic magnitude (-1.527) and 

significance at the 5% level.  The coefficients of volatility and LnPrice remain significant with 

similar magnitude.  The negative coefficient of integer shows that issues with integer offer prices 

are more discounted.  This effect may be attributed to price conventions and investment bank 

market power (Mola and Loughran (2004)).  The positive sign on LnMarketcap is consistent 

with previous studies.  The issues listed on NYSE and AMEX are less discounted than issues 

offered on Nasdaq.  We further include year dummies in Model 3.  Results show that all 

variables that are significant in Model 2 remain significant in Model 3, most with similar 
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magnitude.  While the significance level of pre-issue GIS index change decreases to the 10% 

level, the magnitude remains about the same. 

 

3.4.2 Testing on the Second Hypothesis: Direct Measure vs. Indirect Measures 

In a recent study, Huang and Zhang (2010) find hiring more underwriters can improve 

the marketing effect and reduce the offer price discount. While in their primary model, the 

number of managers has a significantly negative sign in most regressions; it loses significance 

when all other interaction terms are added. To test our hypothesis that our pre-issue GIS index 

change, as a direct measure, captures some effects of attention change that are not captured by 

other indirect measures, we further include the number of managers and its interaction terms in 

our regression. If our hypothesis stands, the coefficient of ∆GIS should remain both statistically 

and economically significant. 

 Table 3 reports the regression results with robust errors.  Model 1, besides all variables 

included in Model 3 of Table 2, further includes the logarithm of the number of managers.  After 

this inclusion, the coefficient of ∆GIS is -1.603 and significant at the 5% level. Not only does the 

economical magnitude improve slightly, but the significance level also increases.  The 

coefficient of the number of managers is also significant, at the 5% level, but with magnitude 

about 40% lower than ∆GIS.  The coefficients of other variables are similar to those previously 

reported in Table 2.  After the Model 1 results support our second hypothesis, we further test this 

hypothesis by including more robust interaction terms.  Model 2 includes two more interaction 

terms as LnManagers*Relsize and LnManagers*Volatility.  Consistent with results reported in 

Huang and Zhang (2010), the interaction term between LnManagers and Relsize has a negative 

coefficient, significant at the 1% level. While the LnManagers loses its significance; the 
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coefficient of pre-issue GIS index change remains strong, both economically (-1.566) and 

statistically (5%).  The coefficients of most other variables are similar with those in Model 1. 

While volatility loses its significance, Relsize becomes significant at the 1% level. The positive 

sign of Relsize is consistent with other existing studies.  Using Model 2 as a base, to further test 

our second hypothesis we include two more interaction terms in Model 3, LnReport*Relsize and 

LnReport*Volatility. The regression results show that the coefficient of pre-issue GIS index 

change has very similar significance level and magnitude as in Model 2.  

In summary, by including other indirect measures we test to see whether our direct 

measure captures some effects that are missed by other indirect measures.  Regression results 

show that the coefficients of pre-issue GIS index change remain negative and significant in all 

tests, and therefore confirm our second hypothesis.  

 

3.4.3 Robustness check          

All regression results reported in Tables 2 and 3 use OLS regression with robust (Huber-

White) standard errors.  However, as a robustness check, we control for potential outlier 

problems.  Instead of winsorizing or truncating our samples, we use the robust regression to 

handle a potential outlier problem.  The robust regression is an iteratively reweighted least 

squares regression.  This method assigns a weight to each observation with higher weights given 

to better behaved observations.  With this approach, extremely deviant observations, those with 

Cook's D greater than 1, can have their weights set to missing,  effectively excluding them from 

the analysis.  

We report the robust regression results in Table 4.  Model 1 includes only basic control 

variables as in Model 1 of Table 2.  The coefficient of the pre-issue GIS index change exhibits a 
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much higher magnitude (-2.892) with a significance level at the 1% level.  The economical 

significance of pre-issue GIS index change increases about 80% comparing to previous OLS 

estimates in Tables 2 and 3.  Consistent with existing empirical studies, both relative offer size 

and pre-issue stock volatility significantly increase the offer price discount.  All other control 

variables have the predicted signs but with improved significance levels.  While Model 2 

includes the number of managers, ∆GIS remains significant at the 1% level.  The magnitude (-

2.805) is still much higher than estimates in previous tables.  Model 3 includes all four 

interaction terms and still reports a similar ∆GIS estimate, with all other variables containing 

predicted signs and similar significance levels. 

 

3.5 Conclusion 

This research contributes to existing SEO research in two ways.  First, it‟s the first 

example of using a direct measure of investors‟ attention; this measure is negatively related to 

the offer price discount.  Second, as a direct measure of investors‟ attention, the pre-issue GIS 

index change captures some impacts from investors‟ attention that are not captured by other 

indirect measures used in previous empirical studies.  

After controlling for outliers, our regression results show that 1 unit increase in the pre-

issue GIS index change can reduce the offer price discount by about 3%.  This predicting effect 

is significant at the 1% level, and is also economically important.  These results suggest that the 

GIS index change can be a very useful indicator for future SEO studies.  
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APPENDIX 

Figure 3.1 Google Insight of Search: Sample Search 

The numbers on the graph reflect how many searches have been done for a particular term, 

relative to the total number of searches done on Google over time. They don't represent absolute 

search volume numbers, because the data is normalized and presented on a scale from 0-100. 

Each point on the graph is divided by the highest point, or 100. When search frequency is 

extremely low or Google doesn't have enough data, 0 is shown. The numbers next to the search 

terms above the graph are totals, which represent the average for each line in the graph. 

Panel A. 1 Year Frequency Data 
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Panel B. 2 Year Frequency Data 
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Table 3.1 Sample Summary 

Panel A. Descriptive Statistics 

This panel shows the mean statistics for each item in each year from 2004 to 2009. “Discount” is the offer price discount. “Search 

Freq” is the search frequency reported by Google. The following three columns report the number of underwriting managers, number 

of reports about the offering, and the number of analysts who cover the offering, respectively. “Relative Offer Size” is calculated as 

the new issue value divided by the pre-offering market cap. The calculation of “volatility” follows a common method, as described in 

Huang and Zhang (2010). The “Underwriter Ranking” data is from J. Ritter‟s website. 

 

Year Obs 

Discoun

t 

(%) 

Search 

Freq. 

(%) 

# of 

manage

r 

# of 

Report 

 

# of 

Analyst 

 

Market 

Cap 

(Mil.) 

Relative 

offer size 

Volati

lity 

 

Inst. 

Holding

% 

Under- 

writer 

ranking 

2004 206 2.63 0.65 3.48 1.99 1.93 1631.32 0.15 0.02 0.52 6.03 

2005 203 2.72 0.22 3.73 1.89 1.87 1890.33 0.16 0.02 0.55 5.66 

2006 250 3.38 0.04 3.56 1.88 1.82 2460.44 0.16 0.02 0.54 6.89 

2007 201 3.02 0.01 4.14 1.85 1.82 2409.30 0.17 0.03 0.55 6.92 

2008 157 4.05 1.09 5.54 1.96 1.91 8805.13 0.15 0.04 0.65 7.55 

2009 406 6.86 0.75 4.63 1.94 1.90 3475.90 0.21 0.05 0.54 7.10 

Sample 1423 4.19 0.45 4.18 1.92 1.88 3241.60 0.17 0.03 0.55 4.18 
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Panel B. Quintile stats 

This panel reports the statistics of many key offering characteristics by quintiles of search 

frequency yesterday (GIS-1), with Q1 being the lowest quintile and Q5 the highest. 

 

 Quintiles by Search Frequency 

Mean Q1 Q2 Q3 Q4 Q5 

GIS-1 .0563 .0954 .1606 .3445 2.0946 

Discount% 6.2371 4.9709 8.3754 3.9829 3.5970 

Relsize% .1988 .1740 .2012 .1487 .1485 

Volatility% .0467 .0521 .0450 .0285 .0381 

Inst. 

Holding% 

.6298 .6803 .5759 .5982 .5878 

LnReport .6535 .6417 .5895 .6642 .6754 

LnAnalyst .7519 .7258 .7139 .7546 .7512 

LnPrice 2.7931 2.8638 3.0953 2.9975 2.9056 

LnMktcap 14.3189 14.4222 14.8006 14.3161 14.5180 

LnManager 1.5420 1.3763 1.2314 .9877 1.4428 
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Table 2 Regression With Robust Error 

The dependent variable of the regression model is the offer price discount. “∆GIS” is the 

percentage change in Google search frequency before offerings. “Relsize” is the relative offer 

size. The four rows from “Lnreport” downward are the log values of number of report, number 

of analyst, pre-issue marketing cap, and pre-issue stock price, respectively. “BankRanking” is the 

underwriter‟s ranking from J Ritter‟s website. “Integer” is a dummy variable, which equals 1 if 

the offer price is an integer and 0 otherwise. “NYSE/AMEX” is a dummy variable, which has a 

value of 1 if the new issue offered on NYSE/AMEX, and 0 otherwise. “Tech” and “Biotech” are 

dummy variables, according to the SIC codes. Year dummies are also included.   

 Model 1 Model 2 Model 3 

 Coefficients t-stats Coefficients t-stats Coefficients t-stats 

∆GIS -1.363 -1.86* -1.665 -2.01** -1.633 -1.95* 

Relsize 1.901 .62 2.104 .69 1.949 .65 

Volatility 67.923 3.38*** 61.27 3.08*** 61.673 2.69*** 

Inst.Holding -1.588 -1.71* -1.119 -1.15 -1.201 -1.22 

Lnreport .379 .51 .252 .34 .286 .38 

Lnanalyst -1.082 -.47 -.607 -.26 -.814 -.34 

Lnmktcap .311 1.29 .563 2.16** .551 2.04** 

Lnprice -1.995 -4.7*** -2.276 -5.25*** -2.32 -4.87*** 

BankRanking -.014 -.45 .001 .04 .004 .11 

Integer   1.321 2.42** 1.306 2.42** 

NYSE/AMEX   -1.423 -2.44** -1.436 -2.40** 

Tech   -1.119 -1.90* -1.107 -1.74* 

Biotech   -1.547 -1.81* -1.778 -1.98** 

Year 

Dummies 

    YES Insignificant 

Intercept 4.248 1.14 1.798 .48 2.130 .55 
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Table 3.3 Regression & Robust Check 

The dependent variable of the regression model is the offer price discount. “LnManager” is the 

log value of the number of underwriting managers. Year dummies are included in all models. 

 Model 1 Model 2 Model 3 

 Coefficients t-stats Coefficients t-stats Coefficients t-stats 

∆GIS -1.791 -2.37** -1.705 -2.18** -1.714 -2.19** 

Relsize 3.145 1.02 16.833 2.67*** 20.763 3.22*** 

Volatility 64.12 2.76*** 91.673 1.62 64.169 1.33 

Inst.Holding -1.415 -1.47 -1.107 -1.24 -1.025 -1.14 

LnReport .479 .66 .762 1.04 .861 .57 

LnAnalyst -1.332 -.57 -1.652 -.77 -2.445 -1.12 

LnMktcap .576 2.11** .616 2.37** .621 2.43** 

LnPrice -2.094 -4.64*** -2.001 -4.73*** -2.009 -4.75*** 

BankRanking .008 .24 .021 .60 .015 .41 

Integer 1.317 2.46** 1.294 2.40** 1.277 2.36** 

NYSE/AMEX -1.119 -1.96* -.794 -1.47 -.874 -1.66 

Tech -1.111 -1.82* -1.074 -1.80* -1.165 -1.95* 

Biotech -1.173 -1.32 -1.204 -1.44 -1.094 -1.3 

LnManager -1.253 -3.94*** .255 .33 .228 .28 

LnManager* 

Relsize 

  -8.951 -2.45** -8.668 -2.35** 

LnManager* 

Volatility 

  -11.998 -.48 -12.906 -.48 

LnReport* 

Relsize 

    -7.425 -1.39 

LnReport* 

Volatility 

    48.873 1.16 

Intercept 2.779 .71 -1.176 -.30 -.735 -.21 

 N R
2
 N R

2
 N R

2
 

 520 .2727 520 .3095 520 .3145 
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Table 3.4 Robust Regression 

The dependent variable of each regression model is the offer price discount. Year dummies are 

included. 

 Model 1 Model 2 Model 3 

 Coefficients t-stats Coefficients t-stats Coefficients t-stats 

∆GIS -3.076 -7.32*** -2.960 -7.42*** -2.833 -6.97*** 

Relsize 2.560 2.42** 3.172 3.13*** 9.747 4.08*** 

Volatility 21.174 2.88*** 28.714 4.12*** 67.541 4.23*** 

Inst.Holding .243 .40 -.124 -.21 -.136 -.23 

LnReport -.184 -.38 -.104 -.22 1.629 1.99** 

LnAnalyst .172 .14 -.183 -.16 -.726 -.59 

LnMktcap .297 2.17** .335 2.59*** .338 2.54** 

LnPrice -1.335 -5.75*** -1.289 -5.81*** -1.306 -5.75*** 

BankRanking -.029 -1.15 -.027 -1.11 -.030 -1.20 

Integer .868 2.98*** .892 3.23*** .863 3.06*** 

NYSE/AMEX -.850 -2.67*** -.555 -1.83* -.421 -1.34 

Tech -.468 -1.20 -.390 -1.06 -.462 -1.22 

Biotech -1.987 -.69 -1.566 -.58 -1.439 -.52 

LnManager   -1.059 -7.19*** -.577 -2.24** 

LnManager* 

Relsize 

    -2.535 -2.11** 

LnManager* 

Volatility 

    -8.594 -1.31 

LnReport* 

Relsize 

    -5.931 -2.41** 

LnReport* 

Volatility 

    -21.341 -1.10 

Intercept 2.282 1.25 3.133 1.81 2.788 1.27 

 N F-test N F-test N F-test 

 520 12.08 520 16.75 520 15.58 
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ONLINE SEARCH FREQUENCY, INFORMATION ASYMMETRY, AND MARKET 

LIQUIDITY 

4.1 Introduction 

This paper is the first study using investors‟ information search behavior to assess the 

liquidity of the stock market. Since the information search comes before the actual trading by 

investors, this study contributes to the current line of studies by providing a better market 

indicator in terms of higher time value. Our research achieves this goal by employing the search 

frequency index provided by Google.  

In numerous studies, including Milgrom and Stokey (1982), Black (1986), and Joon Chae 

(2005), market liquidity decreases when the information asymmetry level rises. Suominen (2001) 

finds that liquidity traders become more conservative and post more limit orders when they start 

to have an increasing concern about information asymmetry. While most previous studies focus 

on investors‟ past trading behaviors to find indicative information on market liquidity, the 

information diffusion process before the actual trading is largely ignored. Furthermore, investors‟ 

search behavior should provide a timelier indicator than trading data on market liquidity. As 

Merton (1987) notes, a potential investor must, at minimum, know of a firm‟s basic public 

information before deciding whether to purchase its stock. In other words, if most investors 

search for more information before they trade, then studying investors‟ information search 

behavior should give us indicative information on future market liquidity and volatility at an 

earlier time than studying trading behaviors. Therefore, the predictive power of investors‟ search
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frequency should be of greater time value, and should be more helpful to investors as well as 

new equity issuers.  

Google handles search requests by over 300 million users every day and conveniently 

records every user‟s search behavior in detail. An application called Google Insight for Search 

(GIS) reports the search frequency of any keyword on a daily basis. For instance, if we search for 

“AAPL”, GIS will show how many times this stock ticker of Apple Inc. has been searched for 

each day from January 2004 to present. Therefore, we can use the GIS data to find out how much 

attention each stock has received from investors on each day. Da, Engleberg and Gao (2009) 

support this view by showing significant predictive power of weekly GIS data on the IPO 

underpricing in their study. 

In sum, when investors are concerned with market information asymmetry, they search 

for more information to resolve their doubts. If a higher search frequency reported by the GIS 

index represents more serious concerns of investors about information asymmetry, then the GIS 

index should act as an inverse indicator to future market liquidity, since the higher level of 

information asymmetry leads to less market liquidity. This predictive power should be stronger 

for firms of smaller size since investors are more likely to have concerns with asymmetrical 

information hazard when they invest in less publicized firms. Previous studies suggest several 

major measures for market liquidity, including the relative bid-ask spread, the Lesmond, Ogden, 

and Trzcinka‟s (1999) measure based on transaction cost, and the Illiquidity Ratio by Amihud 

(2002). Our research finds that the GIS index is a significant indicator of future liquidity. This 

predictive power becomes much stronger when our sample firms are smaller in size. All these 

results are consistent with the existing studies of the impact of asymmetric information on the 

stock market. Our findings show that GIS data is a good proxy for investors‟ concerns about 
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market information asymmetry and a very useful tool in predicting future market liquidity. Last 

but not least, since the GIS index is without any sentiment, in order to explore its potential 

predictive power on stock returns we make an attempt to attach sentiments to the GIS index by 

using the most recent I/B/E/S recommendation codes. We find that, by capturing spikes in search 

frequency changes, sentiment-tagged Google search frequencies can predict future stock returns 

to a considerable extent. 

 

4.2. Literature Review 

4.2.1. Information Asymmetry and Market Liquidity 

Numerous previous studies find that information asymmetry has a significant and 

negative impact on liquidity trades in the stock market. Admati and Pfleiderer (1988) and Foster 

and Viswanathan (1990) show that market liquidity can decrease in information asymmetry. In 

their models, discretionary liquidity traders will postpone trading until information asymmetry is 

resolved. Also, as shown in Milgrom and Stokey (1982), Black (1986), and Wang (1994), if 

there is a higher possibility of trading with an informed counterparty, then uninformed traders 

will participate less in the market. Kyle (1985) develops a theoretical model to link information 

asymmetry between informed and uninformed investors directly to market liquidity. The market 

liquidity factor (Lambda) developed by Kyle (1985) is based on market information asymmetry 

and followed later on by many similar studies, such as (Madhavan et al. (1997), Armstrong, Core, 

Taylor, and Verrecchia (2009)). Gorton and Pennacchi (1993) provide a setting where all 

liquidity trades are eliminated at an individual stock level, in particular when investors can trade 

a security based on minimum-variance composites to avoid the information asymmetry hazard.  
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In addition, empirical evidence has been shown by many other studies confirming the 

information asymmetry problem. Joon Chae (2005) finds that cumulative trading volume 

decreases inversely to information asymmetry. Subrahmanyam (1991) finds that uninformed 

investors prefer trading well diversified portfolios in order to reduce the cost from information 

asymmetry.  Hedge and McDermott (2004) predict that individual stocks become more illiquid 

than ETFs because of higher information asymmetry costs. Suominen (2001) finds that liquidity 

traders become wary and start posting more conservative limit orders when there is an increasing 

concern about information asymmetry. In sum, when feeling the information asymmetry in the 

market is high, investors become worried and consequently provide less liquidity to the market.  

 We use firm size, number of analysts, and turnover as traditional proxies for information 

asymmetry. Using trading volume and turnover as proxies is supported by the above mentioned 

studies. The use of firm size as a proxy can be justified by referring to Atiase (1985), Freeman 

(1987), Bamber (1987), and Llorente et al. (2002).  If GIS is an effective measure for 

information asymmetry, then we can expect to find significant correlation between the GIS index 

and each of these three traditional proxies. 

 

4.2.2  Liquidity Measures 

Since there exists numerous theoretical definitions of liquidity and many different 

empirical measures used to capture liquidity, we use a number of common measures. We 

consider the following three liquidity measures: relative spread (RS), the Lesmond, Ogden, and 

Trczinka (1999) measure (LOT), and the Amihud (2002) illiquidity ratio (ILR). Although we do 

not use intra-day data for liquidity measures, Goyenko and Ukhov (2009) and Goyenko, Holden, 

and Trzcika (2009) show that the “low-frequency” versions of these liquidity proxies do well in 
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capturing the spread cost and price impact estimated using intraday data. Naes, Skjeltorp, and 

Odegaard (2011) find that the relevant links are relatively independent of which liquidity 

measures are employed. It should be noted that all the liquidity measures we employ in this study 

measure illiquidity. Thus, when the measures have a high value, market liquidity is low. 

Many studies suggest that stock market liquidity may be positively priced in asset returns 

through a decrease in the transaction cost (Amihud and mendelson (1986), Reinganum (1990), 

Eleswarapu and Reinganum (1993), Brennan and Subrahmanyam (1995), Amihud, Mendelson, 

and Lauterbach (1997), Eleswarapu (1997), Brennan, Chordia, and Subrahmanyam (1998), and 

Easley, Hvidkjaer, and O‟Hara (2002)), and the bid-ask spread increases in the presence of 

information asymmetry costs (Amihud and Mendelson (1986) and Glosten and Milgrom (1985)). 

Spread costs are observed in dealer markets as well as in limit order markets. The RS is 

calculated as the quoted spread (the difference between the best ask and bid quotes) as a fraction 

of the midpoint price (the average of the best ask and bid quotes) and measures the implicit cost 

of trading a small number of shares. 

Lesmond, Ogden, and Trzcinka (1999) suggest a measure of transaction costs (LOT) that 

does not depend on information about quotes or the order book. Instead, LOT is calculated from 

daily returns. It uses the frequency of zero returns to estimate an implicit trading cost. The LOT 

cost is an estimate of the implicit cost of preventing the stock‟s price from moving when the 

market as a whole moves. To briefly discuss the intuition behind this measure, we start with the 

simple market model 

 

Rit = ai + biRmt + εit,         (1) 
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where Rit is the return on security i at time t, Rmt is the market return at time t, a is a 

constant term, b is a regression coefficient, and ε is an error term. In this model, for any change 

in the market return, the return of security i should move accordingly. If it does not, one theory is 

that the price movement that should have happened is not large enough to cover the costs of 

trading. Lesmond, Ogden, and Trzcinka (1999) estimate how wide the transaction cost band 

around the current stock price has to be to explain the occurrence of no price movements (zero 

returns). The wider this band, the less liquid the security. Lesmond, Ogden, and Trzcinka (1999) 

show that their transaction cost measure is closely related to the bid–ask spread. The derivation 

of the LOT estimates is more completely outlined in Maddala (1983) and Lesmond (1995). 

Our final liquidity measure, Amihud‟s (2002) ILR, is a measure of the elasticity 

dimension of liquidity. Elasticity measures of liquidity try to capture the sensitivity of prices to 

trading volume. Thus, cost measures and elasticity measures are strongly related. Kyle (1985) 

defines the price impact as the response of price to order flow. Amihud proposes a price impact 

measure that is closely related to Kyle‟s measure. The daily Amihud measure is calculated as  

 

ILRi,T = 1/DT  
      

      

 
                                            (2) 

where DT is the number of trading days within a time window T, |Ri,t| is the absolute 

return on day t for security i, and VOLi,t is the trading volume (in units of currency) on day t. It is 

standard to multiply the above estimate by 10
6
 for practical purposes. The Amihud measure is 

called an illiquidity measure because a high estimate indicates low liquidity (high price impact of 

trades). Thus, ILR captures how much the price moves for each volume unit of trades. 
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Overall, as all measures presented above are illiquidity proxies, we expect these measures 

to be positively correlated with information asymmetry in the market, as measured by the GIS 

index in this paper.   

 

4.2.3 GIS and Stock Return 

Many empirical studies find that changing investors‟ attention level can significantly 

impact future stock returns. Barber and Odean (2008) argue that many investors only consider 

purchasing stocks that have recently caught their attention. Huang and Zhang (2010) found that 

raising investors‟ attention levels by making more effort in marketing significantly reduces the 

SEO price discount. Efforts made by co-lead managers significantly increase the number of 

investors who pay attention to SEOs and flatten the demand curve of the offering. This finding is 

also supported by Gao and Ritter (2010). Theoretical rationales are also provided by many 

previous research papers (Dyck and Zingales(2003), Mullainathan and Shleifer(2005), and 

Baron(2006)). 

 Numerous studies (Antweiler and Frank (2004), Turmarkin and Whitelaw (2001), 

Turmarkin (2002), and Das, Martinez-Jerec & Tufano (2005), Wysocki(1999), Sabherwal, 

Sarkar & Zhang (2008)) show that by observing the collective online behaviors of investors we 

may obtain indications on stock returns. Da, Engleberg, and Gao (2009) construct a variable to 

capture the spike of investors‟ attention level by calculating the change in GIS (∆GIS). 

To explore the predictive power of the GIS index on future stock returns, we follow Da, 

et.al (2009) to design a de-trended search frequency variable ∆GIS to capture the spikes in search 

frequency changes during our sample period. This variable is calculated as below: 
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∆GISit = GISit – Mean(GISit-1, GISit-2) 

Since GIS data itself does not have any sentiment, we use the I/B/E/S recommendation 

code to tag search frequencies with sentiment. Because the I/B/E/S recommendation code 

(RECCD) is from 1 to 5 for strong buy to sell, we construct this variable as follows: 

 

STGISit = GIS * (3-RECCD) 

 

In this setting, the sentiment attached to the GIS data is symmetric around 0, which 

represents a “HOLD” recommendation, and ranges from -2 (“STRONG SELL”) to 2 (“STRONG 

BUY”). 

 

4.2.4 Google Insight for Search: a powerful forecasting tool 

4.2.4.1 How GIS works 

Google Insight for Search (GIS) records all Google users‟ every search and hence 

provides a good tool to track the attention level change of most Internet users in this country. It 

shows in almost real time how many people feel about the need to search for information about 

specific items. An example of how GIS works is presented in figure 1. Google users‟ search 

frequencies of three words (“football”, “pumpkin”, “turkey”) are shown in the graph, with 

timeline being the horizontal axis and search frequency index being the vertical axis. We can see 

that the search frequency of “pumpkin” remains a fairly smooth line for most of the year, until 

the Halloween holiday, when making a “Jack-O-Lantern” is a popular tradition for most 

American families. A very similar occurrence happens with the search frequency change of 

“turkey”, which shows a dramatic spike right before the Thanksgiving holiday, when probably 
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almost every family starts to search about how to cook a better turkey. In sum, when a large 

number of investors start worrying about the information asymmetry hazard of one stock, and 

begin searching for more information or even rumors about this stock, the GIS data will show it. 

 

4.2.4.2 How GIS Helps Research 

The GIS data has already shown its power for research in many social science fields by 

investigating users‟ attention change in high accuracy. For instance, during the swine flu 

outbreak, GIS provided a daily updated map called “Google Flu Trend” to track the flu outbreaks 

across the whole country. Compared to the flu report published by the government (Centers for 

Disease Control and Prevention), the GIS flu map not only beats the government‟s prediction by 

2 weeks, but also is updated on a daily basis, much more frequently than government reports. 

Choi and Varian (2009) find that the GIS index data can predict home sales, automotives sales 

and tourism. Ginsberg et al. (2008) conclude on all those findings that, “harnessing the collective 

intelligence of millions of users, Google web search logs can provide one of the most timely, 

broad-reaching influenza monitoring systems available today.” For research in the business field, 

Hal Varian, Google‟s Chief Economist, suggests that search data has the potential to predict a 

variety of economic activities. To the best of my knowledge, Da, Engelberg, and Gao (2009) is 

the first study using the GIS data for financial research, and they find the GIS index is positively 

related to first-day returns in IPOs. Finally, since Hong and Stein (1999) suggest that information 

diffuses across investors slowly and gradually, the use of the Google search engine can at least 

improve the diffusion process and the GIS index should reflect this process.  

In sum, we will mainly test to see if the GIS index is a good information asymmetry 

proxy and if we can use it to predict future market liquidity. Furthermore, we will test if STGIS 
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can capture the change in investors‟ attention and provide indications for future stock returns. 

The rest of the paper is organized as follows. The sample data and test models are introduced in 

section 4.3. Statistical analysis and regression results, including robustness check results, are 

reported in section 4.4. And finally we conclude and comment on future research in this field in 

section 4.5. 

 

4.3 Data and Model 

4.3.1 Data Sample 

The stock sample includes all the S&P500 index stocks, including all stocks that were 

ever included in the S&P500 index between January 2004 and December 2009. We use a self-

designed Python program to automatically download search frequency data from the Google 

Insight for Search. Since the GIS data is only available since 2004, the GIS sample period starts 

from January 2004. Our sample ends in December 2009 due to the availability of the daily stock 

trading data from the Center for Research in Security Prices (CRSP). All stock recommendation 

reports are collected from the I/B/E/S database. Observations with missing GIS or stock trading 

values are dropped. We also exclude observations of ticker names that are ambiguous and may 

cause significant noise, such as “A”, “BABY”, “FAST” and many others. Our final sample 

includes 244,928 firm-day observations. For a brief review of our sample, the mean and median 

values for several key variables are reported in table 1. Due to space limitations, we report only 

the top 50 stocks that have the largest number of observations.  

 



 

75 

 

4.3.2 Primary Model 

For the sake of not losing any significance, we follow the model designed by Antweiler 

and Frank (2004), which is also the only accepted model studying any attention data from the 

Internet. Antweiler and Frank (2004) use the model below to find the predictive power of online 

investor‟s collective attention level on future market liquidity.  

 

Yit = ƒ(Xit-1, Xit-2, Holidayit, Marketit, AIit-1)    

 

where Yit is one of the market liquidity measures, including relative spread (RS), 

Lesmond, Ogden, and Trzcinka‟s (1999) LOT, and Amihud‟s (2002) ILR. The Xs represent GIS 

daily observations. Holiday is a dummy variable, which equals 1 if it‟s the first trading day after 

a weekend or holiday. To control for the market return impact, we use the S&P500 Index 

tracking fund SPY returns.  

In addition to the Antweiler and Frank (2004) model, we also include several other 

control variables for further testing the GIS index‟s predictive power on future market liquidity. 

First of all, we add other traditional information asymmetries to see if the GIS index‟s effect 

remains significant. As suggested by previous studies, we include turnover and market cap. 

Kadlec and McConnell (1994) suggest that a firm listing on the New York Stock Exchange 

(NYSE) is possibly less subjected to information asymmetry hazard, and is associated with a 

reduction in bid-ask spreads. We therefore include a listed exchange dummy as one control 

variable. French and Poterba (1991) also document that investors evaluate domestic stocks of 

less information asymmetry cost, so we include a domestic stock dummy in our model as well. 

However, we do not expect to see a significant effect from this variable since almost all S&P 500 
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stocks are US based firms. Finally, we include annual dummy variables to control for any 

systematic changes in our variables over time due to inflation or business cycle effects.   

 

4.4 Test Results 

4.4.1 Describing Information Asymmetry Measures 

In Table 1, we present the descriptive statistics for the information asymmetry measures. 

Panel A shows the mean and median of all measures and the total number of observation. Panel 

B reports the Pearson correlation coefficients between the information asymmetry measures. 

Looking first at the bottom left corner of the table, we see that all these traditional information 

asymmetry measures are significantly correlated with each other. Then looking at the first row in 

Panel B, the GIS index is negatively and significantly correlated with each traditional 

information asymmetry measure. These results support our choices of traditional information 

asymmetry measures and also that the GIS index is a good measure of information asymmetry. 

Since trading volume, turnover, and firm size are all inverse measures of information asymmetry, 

a higher GIS index value means a smaller value of these measures and therefore a higher 

information asymmetry level.  

Panel C of Table 1 gives quintile statistics for each information asymmetry measure. The 

quintile is ranked by the GIS index value from Q1 (the lowest) to Q5 (the highest). By looking at 

the change in the value of each traditional information asymmetry measure, we observe that all 

of the inverse measures‟ values decrease while the GIS index increases. Results in Panel C 

further confirm results from Panel B of Table 1. Overall, the high correlation between 

information asymmetry measures and the GIS index, together with the strong trend in the 
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quintile statistics, suggest the GIS index is a valid inverse measure for information asymmetry in 

the market.  

   

4.4.2 Describing Liquidity Measures 

 To calculate the liquidity measures, we use data on stock price quotes, returns, trading 

volume and market returns. In Table 2, we present descriptive statistics for the liquidity measures 

of interest. Panel A of Table 2 shows the means and medians for each liquidity measure in both 

our primary sample (S&P500) and robustness check sample (S&P600). The RS is calculated for 

each trading day, while the LOT and the ILR measures are calculated on a monthly basis. 

Comparing the mean and median values in the S&P500 with those in the S&P600, we see all 

values of these “illiquidity measures” are higher in the S&P600 sample, which has a smaller 

average firm size and therefore may be more subjected to information asymmetry concerns.  

 Panel B of Table 2 reports the correlation coefficients between three liquidity measures. 

We see that all the liquidity measures are positively correlated. The highest correlation is 

between RS and LOT (0.39), and the lowest is between ILR and LOT (0.12). Although some 

coefficients seem small, all correlations are significant at the 1% level and are in the right 

direction. In sum, the significant correlations between these measures suggest that they contain 

some of the same information. 

  

4.4.3 Causality 

 We are primarily interested in predicting future market liquidity caused by the GIS index, 

but there is also the possibility of causality going in the opposite direction, with changes in 

market liquidity affecting the GIS index. We address this issue directly by performing Granger 
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causality tests. We return to the specification with only liquidity and the GIS index, and perform 

Granger causality tests between the different illiquidity proxies and the GIS index. Table 3 

reports the results. The tests are conducted using a vector auto-regression (VAR) framework. In 

each column, we run Granger causality tests between the GIS index and one of our illiquidity 

measures. We first test the null hypothesis that liquidity does not Granger cause the GIS index 

and report results in rows 2 and 3, then we report the test results of whether the GIS index 

Granger causes liquidity in rows 5 and 6. By looking at the first column, we see that the null 

hypothesis that GIS index does not Granger cause RS is rejected at the 1% level, whereas the 

hypothesis cannot be rejected at the 5% level. The same results show in column 2, where the GIS 

index Granger causes LOT at the 5% level, but LOT does not Granger cause the GIS index. 

Although the GIS index only Granger causes ILR at the 10% level, it is still more significant 

than the causality in the opposite direction. Overall, our Granger causality test results confirm 

that the causality is at least much stronger from the GIS index to the illiquidity measures. 

 

4.4.4 GIS Index on Liquidity   

We use the model developed by Antweiler and Frank (2004) to test the predictive power 

of the GIS index on the stock market and report the results in Table 4. First of all, all significant 

coefficients have correct signs consistent with our first hypothesis. Results reported in the first, 

third, and fifth columns confirm that the GIS index is positively correlated with all illiquidity 

measures. They support our hypothesis that a higher GIS index predicts lower next day‟s market 

liquidity. The positive coefficients are significant at the 1% level in LOT and RS regressions and 

at the 10% level in ILR regression. This is also consistent with the previous results showing that 

ILR are less informative as illiquidity measures in our sample. Besides, although the economic 
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magnitude is small, predictive powers are actually fairly strong, considering search frequency 

values range from under 1 to over 1000.  

We further test the significance of the GIS index by repeating regressions in the expanded 

model with all previously described control variables. The results are reported in Table 5. We 

first notice that the predictive power of the GIS index remains strong on future liquidity, even 

after including traditional market information asymmetry proxies, exchange dummy, domestic 

dummy, and year dummy variables. All coefficients of GIS are at least as significant as or more 

significant than previous results, with at least the same or even higher economical magnitude. 

This not only supports the idea that the GIS index is a solid indicator for future liquidity, but also 

shows that it can reflect some liquidity information that other traditional measures cannot capture. 

   Last but not least, we rerun all our regressions on a different sample, including all S&P 

600 Index stocks from 2004 to 2009, in which the average firm size is much smaller than in the 

S&P 500 Index. We report the results in Table 6. According to previous studies and our 

correlation test results, firms of smaller size tend to have more severe asymmetrical information 

problems than larger firms. Therefore, we expect to see all coefficients on liquidity indicators not 

only hold but also possibly show even stronger predictive power. The test results again support 

all of our previous findings.  Let‟s look at the Panel A results of the SP600 sample as an example. 

First, all liquidity indicators are now significant at the 1% level and show much stronger 

predictive power. While remaining at the 1% significance level, the coefficients of RS and ILR 

both increase by around 100% in the S&P 600 sample. Second, we find significant predictive 

power increases of 50% for GISt-1 on the ILR measure, and it is now significant at the 1% level. 

More importantly, this trend continues in Panel B of Table 6 with the expanded model. Overall, 

all results further confirm our previous findings.    
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In sum, in both primary and robustness check samples, we find significant predictive 

power for the GIS index on future stock market liquidity. The effects on all liquidity measures 

are significant at the 1% level and become much stronger with firms having more severe 

asymmetrical information problems. 

 

4.4.5 GIS on Future Stock Return 

In Table 7, we report the test results of GIS‟s predictive power on future stock returns 

with both the basic model and the expanded model. First looking at column 1 of Panel A, we 

cannot find a significant correlation between the sentiment tagged GIS index and future stock 

returns. Then looking at the test results in column 2 after we include ∆STGIS in the regression, 

we can see that the 1 unit increase in ∆STGIS leads to a 50 basis point increase in the next day‟s 

stock return. This effect is significant at the 10% level. Furthermore in columns 3 and 4, we use 

the Robust Regression to control for the possible outlier problem. The Robust Regression 

observes extreme Cook‟s D values and accordingly estimates the optimal weights on different 

factors after many times of iteration. As we can see from the results in the last two columns, 

although STGIS still cannot gain any predictive power over future returns, ∆STGIS remains 

almost the same economical magnitude and improves its significance to the 1% level.  

Then we report the robustness check results with the expanded model in Panel B.  In both 

OLS and the Robust Regression models, ∆STGIS remain strongly significant at the 1% level and 

the same magnitude as in table 5. 
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4.5 Conclusion and Future Research 

We find that GIS data is a reasonable proxy for information asymmetry and is 

significantly correlated with other traditional information asymmetry measures such as trading 

volume, turnover, and firm size. As an inverse measure of information asymmetry, GIS index is 

positively correlated with all of our illiquidity measures, including relative spread (RS), 

Lesmond, Ogden, and Trzcinka‟s (1999) LOT measure of transaction cost, and Amihud‟s (2002) 

ILR, a measure of the elasticity dimension of liquidity. All effects are significant at the 1% level 

and remain so in our robustness check. These results support our hypothesis that GIS can 

adequately reflect the information asymmetry and has predictive power on future stock market 

liquidity. This predictive power becomes stronger with a sample of smaller average firm size. By 

tagging our GIS index change with sentiment, we find it also has predictive power on the next 

day‟s stock return, significant at the 1% level. 

Overall, our study contributes a proxy which can predict the future level of market 

information asymmetry before actual trading takes place, and hence distinguishes itself from all 

other related existing studies by improving the time value of the liquidity indicator. This may 

become a timelier and more useful liquidity indicator for both investors and new equity issuers.  
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APPENDIX 

 
Figure 4.1 How Google Insight for Search Reflects Collective Attention 
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Table 4.1 Describing Information Asymmetry Measures 

This table shows the descriptive statistics for information asymmetry measures. This sample 

covers the period from the beginning of 2004 to the end of 2009. The traditional information 

asymmetry measures examined are trading volume (log value of trading volume), turnover 

(trading volume/number of shares outstanding), and firm size (log value of market cap). Panel A 

shows the mean and median of the information asymmetry measures, and the total number of 

observations. Panel B shows correlation coefficients between the information asymmetry 

measures. Panel C shows the statistics in each quintile of each information asymmetry measure. 

Traditional measures are all daily values on the day t. GIS is the GIS index value on day t-1. 

 

Panel A: Descriptive Statistics 

Information Asymmetry 

Measures Number of Observations Mean Median 

GIS 360,240 0.1746 0.1141 

Volume 245,911 6.4452 6.4515 

Turnover 245,322 0.0111 0.0112 

Firm Size 245,839 16.1381 16.1582 

 

Panel B: Pearson Correlation Coefficients 

 Volume Turnover Firm Size 

GIS -.0594
***

 -.0712
***

 -.0517
***

 

 (<.0001) (<.0001) (<.0001) 

Volume       

       

Turnover .3993
***

     

 (<.0001)     

Firm Size .3778
***

 .1900
***

   

 (<.0001) (<.0001)   

 

Panel C: Quintile Statistics 

MEAN Quintiles by Search Frequencyt-1 (GISt-1) 

 Q1 (BOTTOM) 

 

Q2 

 

Q3 

 

Q4 

 Q5 

(TOP) 

GIS 0.0557  0.1029  0.1583  0.3144  1.4407 

VOL 7.2179  6.5088  6.4574  5.1344  4.2265 

Turnover 0.0146  0.0118  0.0114  0.0108  0.0093 

Firm Size 16.3747  16.2663  16.1311  16.0945  16.0319 
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Table 4.2 Describing Liquidity Measures 

This table shows the descriptive statistics liquidity measures. This sample covers the period from 

the beginning of 2004 to the end of 2009. The liquidity measures examined are the relative bid-

ask spread (RS), the Lesmond, Ogden, and Trzcinka (1999) LOT, and the Amihud (2002) ILR. 

RS is calculated for each stock on each trading day. LOT and ILR are calculated for each stock 

on a monthly basis. The S&P500 is the primary sample of this paper. Panel A shows the mean 

and median of the liquidity measures in our primary sample and the S&P600 sample, and the 

total number of observations. Panel B shows correlation coefficients between the information 

asymmetry measures.  

Panel A: Descriptive Statistics 

Information 

Asymmetry 

Measures 

Number 

of 

Observations 

S&P 500 S&P 600 

Mean Median Mean Median 

RS 245,322 0.0287 0.0219 0.0390 0.0309 

LOT 24,207 0.0084 0.0056 0.0126 0.0084 

ILR 24,842 0.4602 0.455 0.4606 0.456 

 

 

Panel B: Pearson Correlation Coefficients 

 ILR RS 

RS 0.1494***    

 (<0.0001)    

LOT 0.1183
***

 0.3866***  

 (0.0023) (<.0001) 
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Table 4.3 Granger Causality Tests 

The table shows Granger causality tests between the GIS index and liquidity measures, including 

daily measure as the RS and monthly measures as the LOT measure and the ILR measure. The 

cross-sectional liquidity measures are calculated as equally weighted averages across stocks. The 

test is performed for the whole S&P500 sample period. For each measure, we first test the null 

hypothesis that liquidity does not Granger cause the GIS index and then whether the GIS index 

does not Granger cause liquidity. We choose the optimal lag length for each test based on the 

Schwartz criterion. We report the χ
2
 and the p-value for each test.  

 

 RS LOT ILR 

H0: dLiquidity ≠> dGIS    

χ 2 2.74* 0.42 0.91 

p-value 0.0981 0.5189 0.3398 

H0: dGIS ≠> dLiquidity    

χ 2 13.26*** 4.88** 3.03* 

p-value 0.0003 0.0271 0.0816 
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Table 4.4 Regressions with Plain Antweiler & Frank’s (2004) Model 

 
The table shows regression results with the S&P500 sample. The dependent variables of the 

regression include three liquidity measures: the LOT measure, the ILR measure, and the RS. 

 LOTt ILRt RSt 

GISt-1 .00005** .00002* .0001*** 

GISt-2 -.0000 .0000 -.0000 

Holidayt .00003*** .00001*** .00002*** 

SPYt -.0019*** -.0025*** -.0033
***

 

Intercept .0009*** .0005*** .0006
***

 

    

N 244,178 244,288 244,642 

P-value .0000 .0000 .0000 
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Table 4.5 Regression with Traditional Information Asymmetry Variables Included 

The table shows regression results with the S&P500 sample and robustness check results with 

the S&P600 sample. The dependent variables of regression include three liquidity measures: the 

LOT measure, the ILR measure, and the RS. We report the coefficients of two traditional 

information asymmetry variables: turnover and market cap. Other control variables include 

exchange dummy, domestic dummy, and year dummies. 

 LOTt ILRt RSt 

GISt-1 .0004** .00002*** .0005*** 

GISt-2 .00006 .0000 -.0002 

Turnovert-1 -.0029*** -.00007*** -.0035*** 

MktCapt-1 -.0002*** -.000001*** -.0005*** 

Holidayt .00009*** .00001*** .00002*** 

SPYt -.0049*** -.0025*** -.0046*** 

Intercept .0048*** .0005*** .0014*** 

Other Vars YES YES YES 

    

N 244,178 244,288 244,642 

P-value .0000 .0000 .0000 
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Table 4.6 Robustness Check with S&P 600 Sample  

The table shows regression results with the S&P600, the small-cap firm sample. The dependent 

variables of regression include three liquidity measures: the LOT measure, the ILR measure, and 

the RS. In Panel A, we report regressions results of our basic model. In Panel B, regression 

results of the expanded model are shown. 

Panel A. Basic Model 

 LOTt ILRt RSt 

GISt-1 .0001*** .00003*** .0002*** 

GISt-2 .00001 .00001 -.0001 

Holidayt .00005*** .00001*** .00004*** 

SPYt -.0020*** -.0029*** -.0035
***

 

Intercept .0017*** .0009*** .0011
***

 

    

N 246,077 246,127 246,166 

P-value .0000 .0000 .0000 

 

Panel B. Expanded Model with More Control Variables 

 LOTt ILRt RSt 

GISt-1 .0006*** .00003*** .0009*** 

GISt-2 .00005 .00001 .0003 

Turnovert-1 -.0037*** -.00008*** -.0028*** 

MktCapt-1 -.0003*** -.000003*** -.0006*** 

Holidayt .00009* .00002*** .00002*** 

SPYt -.0039* -.0022*** -.0036
***

 

Intercept .0032*** .0004*** .0045
***

 

Other Vars YES YES YES 

    

N 246,077 246,127 246,166 

P-value .0000 .0000 .0000 
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Table 4.7 Predictive Power of GIS Index with Sentiment Tag 

The table shows the regression and robustness check results about the ΔSTGIS‟s predictive 

power on the next day‟s stock return. The robust regression controls for the outliers by observing 

extreme Cook‟s D value and assign optimal weights to each observation. Panel A reports the 

regression results in OLS (with clustering error controlled) and the robustness check results in 

the Robust regression. Panel B reports the regression results with the year trend controlled for 

robustness check.  

Panel A: Regression Results of Two Models 

Variables OLS (Clustering Error Controlled) Robust Regression 

 Model (1) Model (2) Model (1) Model (2) 

ΔSTGISt-1  .0050
*
  .0055

***
 

STGISt-1 .00002 .00002 .00001 .00001 

STGISt-2 -.00002 -.00002 -.0000 -.0000 

Holidayt .0030
*
 .0030

*
 .0021 .0022

*
 

SPYt 1.1287
***

 1.1290
***

 1.0079
***

 1.0088
***

 

Intercept .0006 .0006 -.0004 -.0005
*
 

     

N 4,160 4,155 4,160 4,155 

P-value .0000 .0000 .0000 .0000 

 

Panel B: Robustness Check with Expanded Model 

Variables OLS (Clustering Error 

Controlled) 

Robust Regression 

ΔSTGISt-1 .0053
***

 .0051
*
 

STGISt-1 -.0000 .00002 

STGISt-2 -.0000 -.00002 

Holidayt 1.0056
**

 1.1287
***

 

SPYt .0027
***

 .0033
*
 

Other Variables Yes Yes 

Intercept .0002 .0006 

   

N 4,155 4,155 

P-value .0000 .0000 

 

 


