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Two Essays on the Probability of Informed Trading 
 
 

Marius Popescu 
 
 

ABSTRACT 
 
This dissertation consists of two essays. The first essay develops a new methodology for 

estimating the probability of informed trading from the observed quotes and depths, by 

extending the Copeland and Galai (1983) model. This measure (PROBINF) can be 

computed for each quote and it represents the specialist’s ex-ante estimate of the probability 

of informed trading. I show that PROBINF exhibits a strong and robust relationship with 

the observed level of insider trading and with measures of the price impact of trades (λ) 

estimated based on the models of Glosten and Harris (1988), Madhavan and Smidt (1991) 

and Foster and Viswanathan (1993). In contrast, the alternative measure of the probability of 

informed trading (PIN) developed by Easley, Kiefer, O’Hara and Paperman (1996) exhibits a 

weaker and less robust relationship with insider trading and price impact of trades. The time 

series pattern of PROBINF in an intra-day analysis around earnings announcement is 

consistent with previous findings regarding informed trading. An important advantage of 

PROBINF over PIN and other measures of information asymmetry such as price impact of 

trades and adverse selection component of the spread is that, unlike these measures, it can be 

estimated for each quote, and thus can also be used to measure intra-day changes in informed 

trading and information asymmetry. 

 

In the second essay, I examine whether the underwriting syndicate composition influences 

the secondary market liquidity for initial public offerings (IPOs). Specifically, I argue that co-

managers improve the liquidity of IPOs through the other services they provide, besides 

market making. Using a comprehensive sample of initial public offerings completed between 

January 1993 and December 2005, I find that IPOs with a high number of co-managers in 

their syndicates have lower spreads and a lower level of information asymmetry in the 

aftermarket. I argue that the information produced during the premarket and the analyst 

coverage in the aftermarket are the main channels through which co-managers mitigate the 

information asymmetry risk in the secondary market.  



 iii

DEDICATION 
 
 
 
 

I DEDICATE THIS WORK  
TO MY FAMILY 

 
 

DRAGOŞ, ZOICA AND PAMFIL 
 
 

FOR ALL THEIR LOVE AND SUPPORT 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 iv

ACKNOWLEDGEMENTS 

 

 

My heartfelt appreciation goes out to Raman Kumar, the chair of my dissertation committee 

and my mentor, who believed in me when no one else did. I cannot thank him enough for 

guiding and helping me complete this work. I will always be grateful for the many late nights 

he spent in school, preparing me for the job market, and making sure that every detail of 

that process is carefully taken care of. He is one of the rare advisors that students dream they 

will find. 

 

I would also like to thank my three other committee members. I am indebted to Mike Cliff 

for his valuable insights, as well as for always being available to answer any research 

questions. I would like to thank Gregory B. Kadlec for his interest in working with me and 

for his constructive suggestions throughout this work. I am also grateful to Arthur J. Keown 

for all his help during the job market.  

 

I am also thankful to Vijay Singal, the department head, who provided the necessary support 

for a stimulating research environment and to Zhaojin, Ajay, Donnie, Gokhan, Jeff, 

Jungshik, Puneet, Shu-yi, Tunde, Vivek and Wei-Hsien for making my life in the Ph.D. 

program more enjoyable. 

 

I would also like to thank Christopher B. Barry, Steven C. Mann and especially Mo 

Rodriguez at Texas Christian University, all of whom encouraged and supported me in the 

decision to pursue a Ph.D. degree in Finance. 

 

Throughout the years, I had the privilege of receiving the support of many special friends 

from both the TCU and Virginia Tech communities. I especially want to thank two of them. 

I am indebted to Deidre Williams at the Center for Professional Communication at TCU, 

who has always treated me like a son, and who helped me adjust to the US academic 

environment in no time.  



 v

I am also deeply grateful to Kanako Kubota, who is one of the best pianists in the world. 

Her love, her spirit and her music have brightened many of my darkest moments and have 

made me a stronger and better person. She will always have a special place in my heart. 

 

Finally, this dissertation is dedicated to my parents, Zoica and Pamfil, and to my brother, 

Dragoş.  I embarked on an amazing journey seven years ago, and it has kept me away from 

them almost this entire time. I cannot capture in words the gratitude and love I have for 

them and for their full and unwavering support of my decision to come to the US and follow 

my dream. They have been my pillars of strength throughout this journey, and this work is 

entirely dedicated to them. 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 vi

TABLE OF CONTENTS 
 
 
 
ABSTRACT ……………………………………………………………………………….ii 
 
DEDICATION ………………………………………………….………………………..iii 
 
ACKNOWLEDGEMENTS …………………….……………………….……………….iv 
 
TABLE OF CONTENTS …………………………………………………………….......vi 
 
LIST OF TABLES …………………………………………………………………….....viii 
 
LIST OF FIGURES ……………………………………………….…………………...….x 
 
 
Chapter 1: 
The Probability of Informed Trading ……………………………………………1 
 
I. Introduction ……………………………………………………………………………..1 
 
II. Model …………………………………………………………………………………..4 
 
III. The Probability of Informed Trading – A Numerical Example ………………………...7 
 
IV. Data …………………………………………………………………………………....9 
 
V. Estimation of the Probability of Informed Trading …………………………………....10 
 
VI. The Probability of Informed Trading and Insider Trading …………………………....14 
 
VII. The Probability of Informed Trading and the Price Impact of Trades ……………….16 
 
VIII. Earnings Announcements and the Probability of Informed Trading ………………..18 
 
IX. Conclusions …………………………………………………………………………..19 
 
References …………………………………………………………………………..……20 
 
 
 
 
 
 
 



 vii

Chapter 2: 
Underwriting Syndicates, Information and the Secondary Market 
Liquidity of Initial Public Offerings …………………………………………….34 
 
I. Introduction ……………………………………………………………………………34 
 
II. Hypotheses ……………………………………………………………………………36 
 
III. Data and Sample Description ………………………………………………………...38 
 
IV. The Probability of Informed Trading ………………………………………………....40 
 
V. Estimation of the Level of Information Asymmetry …………………………….……..42 
 
VI. Underwriting Syndicate Structure and Liquidity ………………………………………44 
 
VII. Conclusions ……………………………………………………………………….....49 
 
References …………………………………………………………………………..……51 
 
Appendix …………………………………………………………………………………73 
 
Vita …………………………………………………………………………………….....76 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 



 viii

LIST OF TABLES 
 
 
Tables for Chapter 1: 
 
 
Table I 

Numerical Example ……………………………………………………………..……25 
 
Table II 

Summary Statistics …………………………………………………………………....26 
 
Table III 

Cross-sectional Correlations: The Probability of Informed Trading and the 
Level of Insider Trading ……………………………………………………………....27 

 
Table IV 

Determinants of the Probability of Informed Trading ……………………………..…28 
 
Table V 

Cross-sectional Correlations: The Probability of Informed Trading and the 
Price Impact of Trades ……………………………………………………………….29 

 
Table VI 

Regressions: The Probability of Informed Trading and the  
Price Impact of Trades ……………………………………………………………......30 

 
Table VII 

Analysis of Changes in the Probability of Informed Trading, Spread, Depth and  
Trading Volume around Earnings Announcements …………………………………..33 

 
 
 
 
 
Tables for Chapter 2: 
 
 
Table I 

Syndicate Composition of IPOs by Year, 1993 - 2005 ………………………….……..55 
 
Table II 

Summary Statistics for Offer and Syndicate Characteristics ………………………...…56 
 
Table III 

Syndicate Structure and Offer Price Revision ……………………………………....…57 
 



 ix

Table IV 
Aftermarket Services and Syndicate Size …………………………………………..….61 

 
Table V 

Percentage Bid - Ask Spread and Syndicate Structure …………………...…………….63 
 
Table VI 

Percentage Relative Bid - Ask Spread and Syndicate Structure ………………………..65 
 
Table VII 

The Probability of Informed Trading (PROBINF) and Syndicate Structure ……..…….67 
 
Table VIII 

The Adverse Selection Component of the Bid - Ask Spread (δ) and 
Syndicate Structure ………………………………………………………………..….71 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 



 x

LIST OF FIGURES 
 
 
Figures for Chapter 1: 
 
 
Figure 1 

The Intra-day Pattern in the Probability of Informed Trading (PROBINF) ……….…..25 
 
Figure 2 

Changes in the Probability of Informed Trading around Earnings Announcements ….32 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 1

Chapter 1 

 

The Probability of Informed Trading 

 

 

I. Introduction 

 

A common feature of many market microstructure theoretical models is the 

existence of a competitive, risk-neutral specialist who faces two types of traders: informed 

and liquidity (uninformed) traders (Glosten and Milgrom (1985), Kyle (1985), Easley and 

O’Hara (1987), Easley, Kiefer and O’Hara (1997) to name but a few). While several 

predictions of these models have been extensively tested, relatively less attention has been 

paid to estimating the probabilities of informed and uninformed trading. The only measure 

of the probability of informed trading (PIN) that is widely used in the existing literature is 

the one developed by Easley, Kiefer, O’Hara and Paperman (1996)1.  

The differences in the probability of informed trading across stocks and the changes 

in this probability for a given stock are likely to be related to the level of information 

asymmetry, and to have an important and significant effect on price discovery, pricing 

efficiency and other market microstructure characteristics for stocks. This paper proposes 

another approach for estimating the probability of informed trading (PROBINF) by 

extending and inverting the model developed by Copeland and Galai (1983). This new 

methodology does not suffer from some of the shortcomings of the Easley, Kiefer, O’Hara 

and Paperman (EKOP) technique, and unlike EKOP, can be used to estimate the 

probability of informed trading at any point in time. Moreover, when compared to PIN, the 

estimates of the probability of informed trading obtained using the new approach exhibit a 

stronger and more robust relationship with the actual level of insider trading and with the 

price impact of trades. At the very least, my approach provides another measure of the 

probability of informed trading for stocks, with the added advantage that it can be computed 

                                                 
1 Easley, Kiefer, O’Hara and Paperman (1996) is only the first paper that employs the sequential trade model of 
Easley and O’Hara (1987) to derive the probability of an information - based trade. Several subsequent papers 
that use the same metric for the probability of informed trading are Easley, Kiefer and O’Hara (1996), Easley, 
O’Hara and Paperman (1998), Easley, Hvidjkaer and O’Hara (2002), Easley and O’Hara (2004).   
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for each quote, and thus can be used to estimate changes in the level of information 

asymmetry over very short intervals. The importance and significance of such a measure are 

evident from the number of research papers that have used the EKOP measure (see Vega 

(2006), Odders-White and Ready (2006), Easley, O’Hara and Saar (2001)). 

The intuition behind my analysis is straightforward. The specialist sets the bid and 

ask quotes and the depth behind these quotes based on her assessment of the relative 

probabilities of informed and uninformed trading. My methodology uses the observed bid 

and ask quotes and depths in the context of the extended Copeland and Galai (1983) model 

in order to estimate the probability of informed trading. 

One positive feature of this approach is that PROBINF can be estimated at the 

intraday level. Specifically, the measure I propose can be computed for each quote that the 

specialist posts during the day, thus providing an instantaneous or point estimate of the 

probability of informed trading at any given time. This is in contrast to PIN, which provides 

the estimate of the probability of informed trading over a period of time. Moreover, 

PROBINF can also be easily aggregated over any time interval to provide the estimate of the 

average magnitude of informed trading for that time interval.   

Second, unlike EKOP, my method does not require the classification of trades into 

buyer or seller - initiated, and therefore avoids any errors caused by possible 

misclassification.  Ellis, Michaely and O’Hara (2000) show that in the case of NASDAQ 

trades, the Lee and Ready (1991) trade classification algorithm (used by EKOP) correctly 

classifies 81.05% of the trades, with the lowest rate of success among trades that take place 

inside the spread. Specifically, the authors acknowledge that “the success rate for classifying 

trades inside the quotes … is substantially lower, falling to approximately 60% for midpoint 

trades and to only 55% for trades that are inside the quotes but not at the midpoint”. In the 

case of NYSE trades, Odders-White (2000) reports a rate of success of 85% for the entire 

sample. Boehmer, Grammig and Theissen (2006) provide evidence suggesting that PIN may 

underestimate the “true” probability of informed trading because of such misclassification. 

The methodology I propose does not require us to distinguish between buyer - initiated and 

seller - initiated trades, thus avoiding any such criticism/errors.2   

                                                 
2 This particular advantage of my approach may be somewhat diminished depending on how the order 
processing costs per share (one of the inputs in my approach) are estimated. If the order processing costs are 
estimated using a model that requires classification of trades into buys and sells, then one of the inputs is 
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The third benefit of my approach is the ease of computation which will be illustrated 

with the help of a numerical example in Section III of the paper. My findings suggest that 

PROBINF performs better than PIN in cross sectional regressions, with the added advantage 

of providing point estimates of informed trading. Specifically, my measure of informed 

trading exhibits a significant positive relationship with insider trading volume for a cross 

section of stocks after controlling for firm size and turnover, while the EKOP measure does 

not exhibit this relationship. I also show that PROBINF is significantly negatively related to 

firm characteristics such as size and turnover, consistent with expectations. I would like to 

point out that the level of insider trading, firm size, and turnover do not directly enter into 

the computation of the probability of informed trading and therefore these relationships are 

not mechanically driven by this approach. My measure of the probability of informed trading 

also exhibits a significant positive relationship with measures of the price impact of trades (λ) 

estimated based on the models of Glosten and Harris (1988), Madhavan and Smidt (1991) 

and Foster and Viswanathan (1993), and this relationship is stronger and more robust for 

PROBINF as compared to PIN.  

Finally, an intra-day examination of my measure exhibits a time series pattern 

consistent with previous findings and expectations of informed trading around earnings 

announcements. Specifically, PROBINF exhibits an increase starting two days before the 

earnings announcement, exhibits a further increase on the day of the announcement, and 

returns to normal levels two days after the announcement.       

I present the extension of the Copeland and Galai (1983) model and develop the 

equations for estimating the probability of informed trading in section II. In section III, I 

present a numerical example to illustrate the ease of computation and the sensitivity of my 

measure to the input parameters. The details of the data used and the estimation 

methodology are provided in Section IV and V, respectively. The cross-sectional 

examinations of PROBINF are presented in sections VI and VII, and the intra-day analysis is 

presented in section VIII. Section IX provides the conclusions and limitations. 

 

 

 
                                                                                                                                                 
affected by any misclassification, and would thus have an indirect effect on PROBINF. I further discuss this 
topic in Section V. 
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II. Model 

 

In this section I extend the original Copeland and Galai (1983) model of the bid-ask 

spread3 and derive a formula for the probability of informed trading. I extend the model by 

incorporating the order processing costs incurred by the dealer and by relaxing the 

assumption of equal depths on both sides of the bid-ask spread.4 The setting of the analysis 

is similar to the one in the original paper, where a single, risk-neutral market maker faces two 

types of traders: informed and liquidity (uninformed) traders. The market is anonymous and 

both types of traders have price-elastic demands. Trading implies no transaction fees other 

than the bid-ask spread, which compensates the dealer for losses to informed traders, as well 

as for order processing costs. Particular realizations of the “true” value of each security are 

driven by exogenous events and are known only to informed traders who convey them to 

the marketplace through trading. Liquidity trading is also motivated by exogenous events, 

and as a result, the arrival of all traders at the dealer’s trading post is independent of the price 

change process.  

Based on the original assumptions in Copeland and Galai (1983), the dealer 

maximizes her profits by weighing expected gains from liquidity traders against expected 

losses to informed traders. Specifically, expected revenues from liquidity traders can be 

expressed as follows: 

]0)()()[1( 00 ⋅+−⋅+−⋅− NLSLBLI pBSpSApp           (1) 

where B is the bid price, A is the ask price, S0 is the dealer’s estimate of the “true” value of 

security Z (B< S0 <A), pI is the probability that the next trade originates from an informed 

trader, while pBL, pSL and pNL are the conditional probabilities that the next liquidity trader 

                                                 
3 The original paper considers two scenarios regarding the trading process (the “instantaneous quote” model 
and the “open quote interval” model), both of them generating essentially the same set of implications. Since 
the focus of this paper is on the empirical implementation of the model, I restrict the analysis to the “open 
quote interval” scenario. 
4 In my model, the spread compensates the specialist for information and order processing costs, but not for 
inventory costs. Previous studies that have looked at the specialist’s inventory risk found that it is not a major 
concern at the intraday, daily or even weekly level. Hasbrouck (1988) and Hasbrouck and Sofianos (1993) find 
that the autocorrelations in the specialists’ trades and inventory positions “are positive and persistent over long 
lags (in some cases weeks) suggesting slow inventory adjustments”. At the same time, Madhavan and Smidt 
(1991, 1993) find slow mean reversion in specialist inventories and that “it takes over 49 trading days, on 
average, for an imbalance in inventory to be reduced by 50 percent”. Moreover, Hasbrouck and Sofianos 
(1993) find that the specialist’s trading profits are realized at the short and medium term level. Since in this 
model, the specialist weighs expected revenues against expected costs for each quote, I believe the information 
and order processing costs are the two major components of the spread.       
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will buy, sell or not trade when he faces the market maker. The expected losses to informed 

traders can be expressed as follows: 

)],(),([ 00 BSPASCpI +            (2) 

where C(S0, A) is the value of an American call option on security Z with a strike price of A 

and P(S0, B) is the value of an American put option on the security with a strike price of B. 

The dealer’s commitment to complete trades at both the bid and the ask prices can be 

likened to writing a “free” American call option with a strike price of A and a “free” 

American put option with a strike price of B. From the point of view of the dealer, the 

options are issued “out-of-the money”, since her estimate of the “true” value of the security 

is within the boundaries of the bid-ask spread (B< S0 <A). From the point of view of 

informed traders, however, these options will be “in-the-money” when their estimate of the 

“true” value of security Z is outside the bid-ask spread. 

 I extend the above specification of the model in two ways. Copeland and Galai 

(1983) assume equal depth at both the bid and the ask. I relax this assumption by allowing 

the market maker to offer different depths at bid (DB) and ask (DA). Secondly, I extend the 

model by incorporating the costs incurred by the dealer in providing traders with quote 

information, order routing, execution and clearing (order processing costs). Based on these 

assumptions, the dealer weighs expected losses to informed traders against expected gains 

from liquidity traders net of order-processing costs. Relaxing the assumption of equal depth 

at the bid and at the ask, expected revenues from liquidity traders become5: 

]0)()()[1( 00 ⋅+−⋅⋅+−⋅⋅− NLBSLABLI pBSDpSADpp          (1`) 

Under the relaxed set of assumptions, the dealer’s costs come from two different sources. 

First, the dealer loses to informed traders and these expected losses can be expressed as 

follows: 

)],(),([ 00 BSPDASCDp BAI ⋅+⋅          (2`) 

Equations (1`) and (2`) are different from their counterparts in the original Copeland and 

Galai specification, only in that they incorporate both the depth at the ask and at the bid. 

Secondly, the dealer incurs costs as a result of performing the role of market maker. 

Irrespective of whether an informed or liquidity trader is on the other side of the trade, the 

                                                 
5 There is a possibility that the effective depth for informed traders is different from the effective depth for the 
liquidity traders. However, I do not attempt to model such differences. 
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dealer incurs fixed costs for executing, routing, clearing trades etc. These expected order 

processing costs can be expressed as follows: 

]0)[1(]5.05.0[ ⋅+⋅⋅+⋅⋅−+⋅⋅+⋅⋅ NLSLBBLAIBAI pOPpDOPpDpOPDOPDp  (3) 

where OP represents the average order processing cost per traded share. The first term 

represents the cost of processing trades with informed traders, while the second term 

quantifies the processing costs from transactions with liquidity traders. Consistent with the 

Copeland and Galai (1983) framework, I assume that the conditional probabilities of 

informed trades occurring at the bid or the ask are equal (0.5)6.   

At this point, my analysis takes a different path from the one in Copeland and Galai 

(1983). They maximize the dealer’s objective function by setting the expected revenues 

earned from liquidity traders (equation (1)) equal to the expected losses from trading with 

informed traders (equation (2)). Assuming the probability of informed trading is 0.5, they 

test whether the magnitude of the observed quotes is consistent with their model. The 

results confirm their expectations and they conclude that the model is reliable and that “the 

bid-ask spread represented by a short-lived option is of the same order of magnitude as bid-

ask spreads observed on a stock exchange.”  

My implementation of the extended Copeland and Galai model has a different 

objective. Similar to Copeland and Galai (1983), I set the dealer’s expected revenues equal to 

her expected costs. However, in my framework, expected revenues from liquidity traders 

(equation (1`)) are set equal to the sum of the expected losses to informed traders (equation 

(2`)) and the expected order processing costs (equation (3)). Next, I compute the dealer’s 

estimate of the probability of informed trading by inverting the model and using the actual 

quotes and depths as inputs. Consistent with Copeland and Galai (1983), I make the 

additional assumption that all liquidity traders will trade (pNL = 0) and that a liquidity trader 

can be a buyer or a seller with the same probability (pBL = pSL = 0.5).  

 Under the original assumptions of Copeland and Galai (1983), the model implies the 

following measure for the probability of informed trading: 

)(5.0)()(
)(5.0

BABPAC
BAPI −⋅++

−⋅
=           (4) 

                                                 
6  If the dealer expects asymmetric probability of informed trading between the buy and sell side at a given level 
of bid and ask prices, she is very likely to respond by changing the quotes. For example, if the dealer expects a 
higher probability of informed buying vs. informed selling, she is likely to respond by increasing the bid and ask 
prices, thereby equating the two probabilities. 
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Under the relaxed set of assumptions, the probability of informed trading becomes: 

)()(25.0)()(
)()2(25.0

BABA

BA

DDBABPDACD
DDOPBAPROBINF

+⋅−⋅+⋅+⋅
+⋅−−⋅

=                    (4`) 

where S0 is the dealer’s estimate of the “true” value of the security, B, A, DB, DA, represent 

the observed bid, ask, depth at the bid and depth at the ask, respectively, OP represents the 

per share order processing cost, C(S0, A) is the value of an American call option on security 

Z with a strike price of A and P(S0, B) is the value of an American put option on the security 

with a strike price of B. Consistent with the original empirical implementation of the model, 

I assume that the dealer’s estimate of the “true” value of the security (S0) is at the midpoint 

of the spread. It can be observed that twice the per share order processing cost is subtracted 

from the quoted spread in computing the probability of informed trading. The intuition 

behind this observation is that the dealer earns one-half of the spread in each transaction, 

and will therefore incorporate the order processing cost on each side of the spread. As 

should be expected, the equation for PROBINF becomes identical to the one implied by the 

original Copeland and Galai model if I set the per share order processing costs equal to 0 

and the depth at the ask equal to the depth at the bid. In the next section, I demonstrate that 

PROBINF can be computed to provide the dealer’s ex-ante estimate of the probability of 

informed trading for each quote.  

 

III. The Probability of Informed Trading – A Numerical Example 

 

In this section I use the new procedure to estimate the probability of informed 

trading (PROBINF) for a set of 10 hypothetical quotes. This exercise reveals the relative ease 

of computation of PROBINF, and it also demonstrates how the new measure increases with 

spreads, holding everything else constant. The first step in the estimation of PROBINF is the 

computation of the value of the call and put options provided by the specialist at the ask and 

bid prices, respectively. In order to value these options, I use the Black-Scholes option 

pricing model. The required inputs are (1) the current stock price estimated as the midpoint 

of the bid and ask quotes (S0), (2) the strike prices of the call and the put options, which are 

the ask (A) and bid (B) prices, respectively, (3) the hypothetical stock’s annualized volatility 

of the continuously compounded daily returns, assumed at 44% (the average of this estimate 
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for our sample of stocks), (4) the time to maturity, assumed at 25.73 seconds (the average of 

the effective quote interval for our sample). Consistent with Copeland and Galai (1983), I 

assume that the risk-free rate (rf) is zero for such short quote intervals. In later analysis, I use 

the actual effective quote interval as the time to maturity and each stock’s annualized 

volatility computed on a 60-day rolling basis in order to value the call and put options and 

estimate PROBINF.  

Prior studies have suggested that the Black-Scholes option pricing model does not 

perform well in valuing options that have short maturities and are “away-from-the-money”. 

Specifically, Bakshi, Cao and Chen (1997) suggest that the volatility “smile” may be related to 

the systematic underpricing of options that are “away-from-the-money”, and that this 

underpricing increases with declining time to maturity. However, their analysis also suggests 

that this phenomenon does not pose a big problem for options that are “close-to-the-

money”. Since the strike prices of the options in this model differ from the estimate of the 

stock price by only one-half of the quoted spread (with a median value of 3 cents), they are 

very “close-to-the-money”. Therefore, I do not believe that the mispricing of options is a 

major concern for this study. To the extent the options may be marginally undervalued by 

the Black-Scholes model, PROBINF may be marginally overestimated.             

I use 1.2 cents as the per share order processing cost (OP) for the numerical example, 

an amount that represents 80% of one-half of the most common spread ($0.03) posted for 

the stocks in my sample.7 In later sections, I use different estimates of OP and discuss the 

justification and implications of using a constant per share order processing cost. I also use 

three different estimates of variable order processing costs across stocks, derived from the 

models of Glosten and Harris (1988), Madhavan and Smidt (1991) and Foster and 

Viswanathan (1993).   

Table I presents the probability of informed trading computed for the set of 10 

hypothetical quotes with varying spreads. When I increase the hypothetical spread from 3 

cents to 5 cents, PROBINF increases from 0.07 to 0.27. Further increases in spreads lead to 

increases in PROBINF, but at a declining rate. Figure 1 shows the pattern in the probability 

                                                 
7 Previous studies have suggested that order processing costs represent about 80% of the quoted spread (see 
George, Kaul and Nimalendran (1991)). Since the specialist earns one-half of the spread on each transaction, 
we assume an OP of 1.2 cents which represents 80% of one-half of the spread the specialist quotes most 
frequently for our sample stocks ($0.03). As I will demonstrate later, the results are not very sensitive to 
different values of OP.  
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of informed trading implied by the set of hypothetical quotes. PROBINF exhibits a similarly 

high sensitivity to changes in the order processing costs (OP), but a much weaker sensitivity 

to asymmetric depths at the bid and the ask.8     

 

IV. Data 

 

My sample consists of 100 stocks that were traded on the New York Stock Exchange 

between 01/02/2001 and 12/31/2001. The sample was selected randomly, following a 

partition into size deciles of all NYSE trading stocks. A detailed list of the sample is 

provided in the Appendix (see Table A.1).  

The data come from four different sources. The Trade and Quote (TAQ) database is 

used to retrieve trading volumes, quotes and depths for the stocks in my sample. Out of the 

entire universe of quotes, I retain only the NBBO quotes9 that were posted on the NYSE 

during a normal trading environment.10 In order to calculate the National Best Bids and 

Offers (NBBO), I used the algorithm provided by the Wharton Research Data Services 

(WRDS). I further impose the restriction that the quotes are time stamped between 9:30 AM 

and 16:00 PM. The final dataset contains 18,111,228 quotes posted on NYSE during my 

sample period.  

The data on trades performed by insiders between 01/02/2001 and 12/31/2001 is 

retrieved from the database administered by Thomson Financial. Corporate insiders are 

required to file SEC forms 3, 4 and 5 whenever they trade in their companies stock. 

Consistent with the previous literature, I focus my analysis on open-market sales and 

purchases, and exclude option exercises, grants and other private transactions.11 In order to 

remove private transactions and any coding errors, I perform a series of filters as suggested 

                                                 
8 The model is not sensitive to changes in depth, because their effect on the dealer’s costs and revenues 
offsetting each other. 
9 I decided to use only NBBO quotes in order to address the concern of autoquotes (passive quotes posted by 
market dealers) raised by Chordia, Roll and Subrahmanyam (2001). I also perform the analysis with all NYSE 
quotes and the results do not change.  
10 Specifically, I keep only the quotes that have a value of ‘N’ for the “EX” field and 1, 2, 6 or 12 for the 
“MODE” field. 
11 I retain only transactions that were reported on SEC form 4 and have a value of “P” or “S” for the 
“TRANCODE” field. 
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by Jeng, Metrick and Zeckhauser (2003).12 First, I remove all duplicate transactions, defined 

as observations with identical data in all the fields. Second, I purge all transactions where the 

number of shares traded exceeds the trading volume for that day. This filter will remove the 

largest private transactions, as they would not be included in the exchange reported volume. 

Third, I delete all transactions whose prices are not within the boundaries of the daily trading 

range as reported by CRSP. This filter will address the issue of both miscoding errors and 

private transactions executed at preferential prices. The final dataset contains 2,705 

transactions executed by insiders in my sample of 100 stocks.   

The Center for Research in Security Prices (CRSP) daily file is used to obtain the data 

on shares outstanding, closing prices and to compute the historical volatility of returns for 

the sample stocks. Compustat Industrial Quarterly is used to retrieve the quarterly earnings 

announcement dates. 

 

V.  Estimation of the Probability of Informed Trading  

 

In this section, I estimate PROBINF for my sample of stocks that were traded in 

2001 on the NYSE and discuss the implications of the assumptions. In estimating 

PROBINF, I follow essentially the same methodology used for the numerical example in 

section III. The only two differences are that I use the actual time the quote was effective (as 

the time to maturity), and each stock’s annualized volatility of continuously compounded 

returns as inputs in the computation of the call and put prices13. I obtain the estimates of 

PROBINF with two different assumptions regarding the per share order processing cost 

(OP). The first set of estimates is obtained using the same OP for all quotes and all stocks in 

our sample. The second set of PROBINF estimates is obtained using per share order 

processing costs that vary across stocks.  

The assumption of a constant per share order processing cost (OP) across quotes 

may appear to be counter-intuitive. By definition, order processing costs are fixed on a per 

                                                 
12 After May 1991, private transactions have received the same codes as open-market transactions did. Since my 
sample period is 01/02/2001-12/31/2001, I perform several filters to address the issue of private transactions. 
For more information on insider data issues, see Jeng, Metrick and Zeckhauser (2003). 
13 For every trading day, I use the previous 60 daily returns in order to compute each stock’s annualized 
volatility. I also conducted the analysis using the annualized volatility computed from intraday data and the 
results are qualitatively similar.  
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order basis, and therefore, should be declining on a per share basis as the order size 

increases. However, if the order size is not ex-ante predictable, the specialist will incorporate 

the average per share order processing cost in the spread. To the extent the specialist is able 

to predict the order size at the time of setting the quotes, the assumption of a constant dollar 

order processing cost would add noise to my estimate of PROBINF. However, as I average 

PROBINF (calculated for each quote) over time, the effect of this noise would become 

negligible. 

 

1. Same Order Processing costs for all stocks 

The assumption of a constant per share order processing cost (OP) across stocks 

may also appear counter-intuitive, since stocks that have a higher average order size should 

have a lower per share order processing cost when compared to stocks with lower average 

order size. Consequently, assuming the same per share order processing cost across stocks 

would introduce errors in the cross-sectional estimates of PROBINF. However, a possible 

justification for my assumption has already been offered in the literature. A New York Stock 

Exchange specialist acts as a market maker for several stocks simultaneously. Easley, Kiefer, 

O’Hara and Paperman (1996) suggest that the NYSE attempts to allocate stocks such that 

specialists receive a mix of high and low trading volume stocks. The apparent logic behind 

this allocation policy is that the specialist is able to recover more of her costs from the high 

trading volume stocks, and therefore, be compensated for the lower recovery of market 

making costs in the low trading volume stocks. The outcome of this cross-subsidization 

argument is that the recovery of the order processing costs would tend to be equated across 

the stocks in which the specialist makes the market.   

I use three estimates of the constant per share order processing costs (OP), ranging 

from 0.8 cents to 1.2 cents, which represent 54% to 80% of one-half of the most commonly 

quoted spread in our sample ($0.03)14. 

 

 2. Different Order Processing costs across stocks 

I also compute the probability of informed trading using estimates of the per share 

order processing costs that vary across stocks. Specifically, I employ the models of Glosten 

and Harris (1988), Madhavan and Smidt (1991) and Foster and Viswanathan (1993) to obtain 
                                                 
14 See footnote 8 for additional explanations on choosing these estimates. 
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three estimates of OP for each stock. These three models, in addition to providing estimates 

of OP, allow the estimation of the price impact of trades (λ). In subsequent analysis, I relate 

PROBINF and PIN to λ, and show that PROBINF is significantly related to the price impact 

of trades. 

In the Glosten and Harris (1988) model, the revision in trade price is modeled as 

follows: 

   ( ) tttGHtGHt DDqp εψλ +−+=∆ −1 ,           (5) 

where tp∆ is the revision in price at trade t , tq is the signed transaction size, tD equals +1 for 

a buy and -1 for a sell, and GHλ and GHψ are estimates of the price impact of trades and per 

share order processing costs (OP), respectively. Madhavan and Smidt (1991) model price 

revisions as follows: 

ttMSttMSt DDqp ηψθλα +−++=∆ −1 ,                     (6) 

tttt ζρεεη +−= −1 ,                                   (7) 

where tp∆ , tq , tD , MSλ and MSψ are defined as above, and the error tη follows an AR(1) 

process. In Foster and Viswanathan (1993), transaction size and price revisions are modeled 

as follows: 
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,          (8) 

ttFVttFVpt DDp ντλψα ++−+=∆ − )( 1 ,          (9) 

where all the variables are as previously defined. 

In order to classify orders into buys or sells, I used the technique proposed by Lee 

and Ready (1991). Specifically, I matched trades with the prevailing NBBO quote using a 5 

second differential. Trades that took place at prices above the midpoint of the spread were 

identified as buys, while those that took place at prices below the midpoint were considered 

as sells. For trades that occurred at the midpoint of the bid and ask spread, we used the “tick 

test”. In particular, trades executed at a price higher than the previous trade’s price are called 

buys, while those executed at a lower price are called sells. In case the transaction price did 

not change between trades, I successively applied the above algorithm until the order was 

classified. To the extent there are inaccuracies in the classification of trades into buys and 

sells, the errors may carry over to the estimation of PROBINF, through the estimates of the 
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per share order processing costs. However, these misclassification errors would not affect 

the estimates of PROBINF using the constant OP across stocks.    

Table II provides the descriptive statistics for PIN and the six estimates of 

PROBINF with fixed and variable levels for OP. As expected, the mean and the median 

estimates of the probability of informed trading obtained using constant OP decrease as I 

increase the order processing component of the spread. Moreover, their magnitude is similar 

to the estimates of PROBINF calculated using variable levels for OP. This is not surprising, 

however, since the means of the OP estimates are similar across the six PROBINF measures 

(see Table II). Nevertheless, all six estimates of PROBINF are on average 3 times greater 

than PIN. This could be due to the fact that PIN may be underestimating the “true” 

probability of informed trading, or that PROBINF may be overestimating it, or both. 

Boehmer, Grammig and Theissen (2006) provide evidence suggesting that PIN may 

underestimate the “true” probability of informed trading. Using proprietary order and 

transaction data, they show that an inaccurate classification of trades into buys and sells 

could lead to a systematic underestimation of PIN. 

I provide three possible explanations why PROBINF may be higher than the “true” 

probability of informed trading and discuss the implications and significance of such 

overestimation. Since my extended version of the Copeland and Galai (1983) model does 

not explicitly account for the inventory component of the spread, it is implicitly included in 

the adverse selection component, and would, therefore, overestimate the probability of 

informed trading. Another possible reason for the higher value of PROBINF could be that 

the Black-Scholes option pricing model may be underestimating the true value of these very 

short maturity calls and puts. As can be seen from equation (4`), this would lead to an 

overestimation of PROBINF. Holding the expected value of the loss to informed traders 

constant, if I were to underestimate the cost (value of calls and puts) conditional on an 

informed trade, I would be overestimating the probability of informed trading.  Third, if a 

greater proportion of informed trades are executed with the specialist as compared to being 

matched with other traders, then my measure of the probability of informed trading (which 

measures the ex-ante estimate of informed trading with the specialist) would be greater than 

the overall probability of informed trading across all trades, as measured by PIN.  

The three explanations mentioned above could result in scaling up of my estimate of 

the probability of informed trading. Nevertheless, the estimates of PROBINF should capture 
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the cross sectional differences in the probability of informed trading across stocks, as well as 

pick up changes in this probability over time. The results of the paper suggest that this is 

indeed the case. Despite the higher levels of PROBINF, I will show that it is highly 

correlated to PIN and appears to capture the differences in informed trading across stocks 

better than PIN. Moreover, it exhibits a stronger relationship with measures that estimate the 

price impact of trades. This result is especially important because the higher the probability 

of informed trading, the greater the price impact of trades should be. And finally, PROBINF 

also appears to capture changes in informed trading and the level of information asymmetry 

over short intervals.   

 

VI. The Probability of Informed Trading and Insider Trading 

 

In this section, I relate my estimates of the probability of informed trading 

(PROBINF) to the level of insider trading, firm size, and turnover. This exercise also 

represents an opportunity to compare PROBINF to PIN, and to see how they relate to 

insider trading, firm size, and turnover. 

Studies of insider trading have shown that insiders are better informed than outsiders 

and that they earn abnormal profits (Jaffe (1974), Finnerty (1976), Seyhun (1986, 1988), 

Rozeff and Zaman (1988), Lin and Howe (1990), Lakonishok and Lee (2001), Jeng, Metrick, 

and Zeckhauser (2003)). The cross sectional differences in the informational advantage of 

insiders, as reflected in their propensity to trade, would directly affect the probability of 

informed trading and therefore, should be captured by PIN and PROBINF.     

  George, Kaul and Nimalendran (1994) show that if liquidity trading is elastic with 

respect to transaction costs, trading volume will decrease in the degree of information 

asymmetry. The intuition is that the existence of information asymmetry creates an adverse-

selection problem for the specialist, which leads to an increase in transaction costs and 

therefore, to a decrease in the willingness to trade by liquidity traders. This result is similar to 

Admati and Pfleiderer (1988) and Foster and Viswanathan (1990), who argue that liquidity 

trading will be concentrated during periods of low information asymmetry. In their model, 

the strategic liquidity traders choose to time their trades when the level of information 

asymmetry is low. Chae (2005) empirically shows that trading volume decreases before 

scheduled announcements and that this decrease is related to the increase in the level of 
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information asymmetry. Consistent with Milgrom and Stokey (1982), Black (1986) and Wang 

(1994), I expect that the higher the level of liquidity trading, proxied by share turnover, the 

lower will be the probability of informed trading. 

Another variable that is expected to have an effect on the level of information 

asymmetry and the probability of informed trading is market capitalization. Previous 

literature has advanced several reasons for the positive relationship between the size of the 

firm and the amount of information available to investors. First, it is possible that larger 

firms have economies of scale in producing and storing information (Stigler (1961), Zeghal 

(1984)). As a result, they allocate more resources to producing information, which leads to a 

lower level of information asymmetry across investors. Second, it is also possible that 

external producers of information have economies of scale in producing information on 

large firms. For example, brokers, financial analysts, institutional investors could earn higher 

returns from producing information on large firms, since the number of investors using that 

information is larger (West and Tinic (1971), Zeghal (1984)). Finally, it could be that 

information about small firms “gets out more slowly”. Hong, Lim and Stein (2000) argue 

that investors could incur fixed costs in acquiring information, and that makes them allocate 

more resources to learning about firms in which they can take large positions. Based on the 

above arguments, I expect that the probability of informed trading will be lower for larger 

firms.  

Table III presents the correlations between the estimates of the probability of 

informed trading, the level of insider trading, share turnover, and size. The estimates of 

PROBINF obtained using constant OP exhibit a significant correlation of about 0.73 with 

PIN. This relationship becomes even stronger in the case of the estimates computed using 

variable OP. Specifically, the correlation between PIN and PROBINF calculated using OP 

estimates based on Foster and Viswanathan (1993) is 0.81. Compared to PIN, all six 

estimates of PROBINF exhibit a higher correlation with share turnover and insider trading, 

and marginally lower correlations with market value. I would like to point out that share 

turnover, insider trading and size are not used to estimate PROBINF, and thus the high 

correlations between these variables and PROBINF are not a direct result of the estimation 

procedure. The estimates of PROBINF obtained using constant OP exhibit a higher 

correlation with insider trading as compared to the estimates obtained using variable OP. 

Taking into account that PIN is being widely used as a measure of informed trading in cross-
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sectional studies, the finding that PROBINF estimates have a high degree of correlation with 

PIN gives me confidence that the new measure also captures the same underlying variable. 

Moreover, PROBINF’s stronger relationship with insider trading suggests it may better 

capture the “true” probability of informed trading. I provide further evidence of this 

relationship with the help of cross-sectional regressions of PIN and PROBINF.  

Since different levels of OP do not appear to have any significant impact on the 

correlations of PROBINF with any of the other variables, and in order to avoid unnecessary 

repetition, I report regression results only for the measure of the probability of informed 

trading computed based on a 1¢/share order processing cost adjustment. Table IV presents 

the results of regressions of PIN and PROBINF on insider trading, while sequentially 

controlling for average turnover and size. The results show that while PIN is related to 

insider trading after controlling for turnover, there is no significant relationship between PIN 

and insider trading after controlling for both turnover and size.  However, PROBINF 

continues to be significantly related to insider trading even after controlling for turnover and 

size. The regression results for PROBINF computed with different levels of fixed order 

processing costs were very similar. However, they were weaker when PROBINF was 

computed with variable order processing costs. This could be a result of the noise 

introduced in PROBINF by errors in the estimation of the order processing costs. 

Lakonishok and Lee (2001) suggest that insider purchases may be more informative than 

insider sales. I repeat the regression analysis with only insider purchases, instead of insider 

trading which included both sales and purchases. The results are qualitatively similar. The 

observation that PROBINF exhibits a significant positive relationship with insider trading, 

even after controlling for turnover and size, while PIN does not, suggests that PROBINF 

may be better able to capture the “true” probability of informed trading.  

 

VII. The Probability of Informed Trading and the Price Impact of 

Trades 

 

In this section, I test whether the estimates of the probability of informed trading are 

correlated with measures that estimate the price impact of trades. The higher the probability 

of informed trading, the greater the price impact of trades should be. Specifically, I use the 

models of Glosten and Harris (1988), Madhavan and Smidt (1991) and Foster and 
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Viswanathan (1993) to estimate the price impact of trades (λ). According to Kyle (1985), this 

measure captures the extent of the information conveyed by a trade. I relate these three 

estimates of λ to PROBINF and compare the strength of these relationships with those of 

PIN, the measure computed based on the sequential trading model of Easley and O’Hara 

(1992).  

Table V presents the correlations between the three estimates of the price impact of 

trades and PIN, different estimates of PROBINF, share turnover and size. For the constant 

OP, I report only the results with the 1¢/share order processing cost adjustment. All of the 

price impact estimates are significantly positively correlated with all estimates of the 

probability of informed trading. However, the correlations between the three λ estimates and 

the PROBINF estimates are stronger than they are for PIN. Moreover, the estimate of 

PROBINF with the constant OP of 1¢/share shows the highest correlation with the price 

impact measures. As expected, all three price impact measures exhibit a negative relationship 

with share turnover and size.  

Table VI presents the regression results that relate the price impact of trades (λ) to 

the probability of informed trading, share turnover, and size. Panels A, B and C of the table 

report the results for λ based on the models of Glosten and Harris (1988), Madhavan and 

Smidt (1991) and Foster and Viswanathan (1993), respectively. Since the results are similar 

for the three measures, I discuss the Panel A results only. For PROBINF, I only report 

results with the 1¢/share OP adjustment. The results with the other constant and variable OP 

levels were similar. As could have been inferred from the correlation table, the estimate of 

the price impact of trades is significantly related to both PIN and PROBINF, with a stronger 

relationship for PROBINF. However, when I control for share turnover, the significance of 

PIN disappears, while PROBINF continues to be significantly related to λ. A possible 

interpretation of these results is that PIN captures the probability of informed trading but 

only to the extent it is related to turnover, and therefore, it does not have additional 

explanatory power after I control for it. In contrast, while my measure is also related to 

turnover and size, it appears to capture the probability of informed trading beyond what can 

be explained by these two variables. Specifically, it does not lose its significance in explaining 

the variation in the price impact measure (λ) after controlling for share turnover and size. 
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VIII. Earnings Announcements and the Probability of Informed Trading 

  

In order to examine whether my measure of the probability of informed trading 

captures the changes in the level of information asymmetry and the probability of informed 

trading over short time intervals, I perform an intra-day analysis of PROBINF over one hour 

time intervals in a five day window surrounding earnings announcements. The analysis is 

performed in a manner similar to the examination of depth, spreads, and volume done by 

Lee, Mucklow, and Ready (1993). 

 Specifically, I divide the five trading days from day -2 to day +2 around earnings 

announcement (day 0 is the day of the announcement) into six one hour time intervals 

(excluding the first and the last 15 minutes of trading), and calculate the average PROBINF 

for each time interval. I then calculate the change in PROBINF for each interval as the 

difference between PROBINF estimated for the time interval minus the average PROBINF 

for the stock for the same time interval of the day calculated over all non-event days. We 

illustrate in Figure 2 the results of this exercise using PROBINF with the 1¢/share order 

processing cost. Based on the changes in PROBINF, it appears that the probability of 

informed trading is 1 to 3 percentage points higher than normal in the two days before the 

earnings announcement, becomes 4 to 6 percentage points higher on the announcement day, 

and continues to be high on day +1. On day +2, PROBINF appears to return to normal 

levels.  

In order to test the statistical significance of the changes in the probability of 

informed trading around earnings announcements, I follow Lee, Mucklow and Ready (1993) 

and compare the event period average to an empirical distribution obtained by sampling 300 

random observations, with replacement, from the non-event period. This procedure allows 

me to test the hypothesis that the changes in PROBINF on each of the 5 days included in 

the event period are different form random draws from the non-event period. These results 

are presented in Table VII. PROBINF increases by about 0.025 on days -2 and -1, by about 

0.05 on day 0, and by about 0.033 on day +1. All of these increases are significant. 

PROBINF returns to normal levels on day +2. The evidence is consistent with the notion 

that the level of information asymmetry and informed trading is higher than normal in the 

days just prior to and immediately after an anticipated information event like earnings 

announcement. Table VII also presents the results of the similar analysis for changes in 
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spread, depth, and volume on these days. The results of the changes in the spread and 

trading volume are similar to those presented in Lee, Mucklow, and Ready (1993).   

 

IX. Conclusions 
 

The paper develops a methodology for estimating the ex-ante probability of 

informed trading from the observed quotes and depths using an extended version of the 

Copeland and Galai (1983) model. This methodology, like EKOP, can be used to estimate 

the probability of informed trading, a measure that can be used as a proxy for the level of 

information asymmetry for a cross-section of stocks. However, unlike EKOP, it can also be 

used to obtain estimates of this probability at any given point in time during the trading day, 

thus allowing for the estimation of changes in the probability and the level of information 

asymmetry over very short intervals. Moreover, since this methodology does not require 

classifying trades into buyer or seller initiated, it does not suffer from errors caused by any 

such misclassification.     

The results of the paper show that my measure of the probability of informed 

trading (PROBINF) is positively related to the level of insider trading, and negatively related 

to firm size and share turnover. However, unlike PIN, PROBINF exhibits a positive 

relationship with insider trading even after controlling for size and turnover. Moreover, 

PROBINF exhibits a positive relationship with the measures of the price impact of trades (λ) 

developed by Glosten and Harris (1988), Madhavan and Smidt (1991) and Foster and 

Viswanathan (1993), even after controlling for size and turnover, while PIN does not. And 

finally, the time series pattern of this measure in an intra-day analysis around earnings 

announcement is consistent with previous findings and with expectations regarding 

informed trading. 

One limitation of my approach is that it requires the estimate of the order processing 

cost per share. However, I show that the cross-sectional properties of the results are not very 

sensitive to different estimates of constant or variable measures of order processing cost. 

The results of the paper suggest that this new measure can be reliably used to estimate the 

levels of the probability of informed trading and information asymmetry, and that it also 

provides reliable estimates of the changes in these variables over time. 
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Table I 

Numerical Example 

This table presents 10 hypothetical quotes and the probability of informed trading 

(PROBINF) computed based on equation (4`).  

ASK 
(in dollars) 

BID 
(in dollars) 

SPREAD 
(in dollars) DEPTH ASK DEPTH BID PROBINF 

59.59 59.56 0.03 100 100 0.065708 
59.60 59.55 0.05 100 100 0.268143 
59.61 59.54 0.07 100 100 0.437190 
59.62 59.53 0.09 100 100 0.569789 
59.63 59.52 0.11 100 100 0.669161 
59.64 59.51 0.13 100 100 0.741437 
59.65 59.50 0.15 100 100 0.793157 
59.66 59.49 0.17 100 100 0.830002 
59.67 59.48 0.19 100 100 0.856402 
59.68 59.47 0.21 100 100 0.875599 

 

 

Figure 1  

The Intra-day Pattern in the Probability of Informed Trading (PROBINF) 

This graph presents the intra-day pattern in the probability of informed trading, computed 

based on the above set of hypothetical quotes. 
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Table II 
Summary Statistics 

This table presents the cross-sectional means, medians and standard deviations for the measures of the probability of informed trading 
used in the paper; PIN represents the probability of an informed trade as developed in Easley, Kiefer, O’Hara and Paperman (1996); 
PROBINF represents our model’s probability of informed trading, computed using all NBBO quotes posted on the NYSE between 
01/02/2001 and 12/31/2001 and assuming that OP are equal to $0.008/share, $0.010/share, and $0.012/share in columns (3), (4), (5), and 
estimated based on the models of Glosten and Harris (1988), Madhavan and Smidt (1991) and Foster and Viswanathan (1993), respectively, 
in columns (6), (7), (8). Last row contains the means of the OP estimates I used in computing the six measures of the probability of 
informed trading. 
 

 
 

PIN 
PROBINF 

($0.008/share)
PROBINF 

($0.010/share)
PROBINF 

($0.012/share) 
PROBINF 
(GH - OP) 

PROBINF 
(MS - OP) 

PROBINF 
(FV - OP) 

MEAN 0.1573 0.5389 0.4963 0.4625 0.4662 0.5410 0.4713 

MEDIAN 0.1348 0.5092 0.4699 0.4378 0.4619 0.5379 0.4653 

STANDARD 
DEVIATION 

0.0705 0.1073 0.1138 0.1157 0.0832 0.0841 0.0897 

AVERAGE OP - $0.0080 $0.0100 $0.0120 $0.0124 $0.0083 $0.0121 
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Table III 
Cross-sectional Correlations: The Probability of Informed Trading and the Level of Insider Trading 

This table presents the cross-sectional Pearson correlation coefficients for the following variables; PIN represents the probability of an 
informed trade as developed in Easley, Kiefer, O’Hara and Paperman (1996); PROBINF represents my model’s probability of informed 
trading, computed using all the NBBO quotes posted on the NYSE between 01/02/2001 and 12/31/2001 and assuming that OP are equal 
to $0.008/share, $0.010/share, and $0.012/share in columns (3), (4), (5), and estimated based on the models of Glosten and Harris (1988), 
Madhavan and Smidt (1991) and Foster and Viswanathan (1993), respectively, in columns (6), (7), (8); Ln(Insider Volume) is the natural log 
of the ratio between total number of shares traded by insiders and the total trading volume during 2001; Ln(Turnover) represents the natural 
log of the average daily ratio of total trading volume and shares outstanding; Ln(Market Value) is the natural log of the stock’s average 
market value during 2001. 
 

 PIN 
PROBINF 

($0.008/share)
PROBINF 

($0.01/share)
PROBINF 

($0.012/share) 
PROBINF 
(GH - OP) 

PROBINF 
(MS - OP) 

PROBINF 
(FV - OP) 

        

PIN 1.0000 
0.7337 

(<.0001) 
0.7349 

(<.0001) 
0.7303 

(<.0001) 
0.7849 

(<.0001) 
0.7657 

(<.0001) 
0.8084 

(<.0001) 
        

Ln(Insider Volume) 
0.4135 

(<.0001) 
0.4839 

(<.0001) 
0.5140 

(<.0001) 
0.5230 

(<.0001) 
0.4459 

(<.0001) 
0.4665 

(<.0001) 
0.4343 

(<.0001) 
        

Ln(Turnover) 
-0.5643 
(<.0001) 

-0.6551 
(<.0001) 

-0.6188 
(<.0001) 

-0.5967 
(<.0001) 

-0.6612 
(<.0001) 

-0.6898 
(<.0001) 

-0.6547 
(<.0001) 

        

Ln(Market Value) 
-0.7670 
(<.0001) 

-0.7376 
(<.0001) 

-0.7281 
(<.0001) 

-0.7149 
(<.0001) 

-0.7202 
(<.0001) 

-0.7018 
(<.0001) 

-0.7237 
(<.0001) 
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Table IV 
Determinants of the Probability of Informed Trading 

Ordinary least squares (OLS) estimates of coefficients from cross-sectional regressions of the following form: 
 

Probabilityj jjjj eMarketValuLnTurnoverLnumeInsiderVolLn εγγγγ ++++= )()()( 3210  
100,,1K=j  

where PINj represents the probability of an informed trade as developed in Easley, Kiefer, O’Hara and Paperman (1996); PROBINFj 
represents my model’s probability of informed trading, computed using all the NBBO quotes posted on the NYSE between 01/02/2001 
and 12/31/2001 and assuming that OP are $0.01/share; Ln(Insider Volume)j is the natural log of the ratio between total number of shares 
traded by insiders and the total trading volume during 2001; Ln(Turnover)j represents the natural log of the average daily ratio of total trading 
volume and shares outstanding; Ln(Market Value)j is the natural log of the stock’s average market value during 2001; The t-statistics are 
computed using White’s heteroskedastic standard errors and the p-values are presented in parentheses. 
 

 PIN 
PROBINF 

($0.01/share) 
       

Intercept 0.2536 
(<.0001) 

0.2664 
(<.0001) 

0.5454 
(<.0001) 

0.6897 
(<.0001) 

0.7115 
(<.0001) 

1.0759 
(<.0001) 

       

Ln(Insider volume) 
0.0150 

(<.0001) 
0.0100 

(0.0004) 
0.0009 

(0.6882) 
0.0302 

(<.0001) 
0.0215 

(<.0001) 
0.0097 

(0.0169) 
       

Ln(Turnover)  -0.0399 
(<.0001) 

-0.0277 
(<.0001)  -0.0681 

(<.0001) 
-0.0522 
(<.0001) 

       

Ln (Market Value)   -0.0249 
(<.0001)   -0.0325 

(<.0001) 
       

Adj R-square 16.25% 37.50% 68.15% 25.67% 49.63% 69.57% 
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Table V 
Cross-sectional Correlations: The Probability of Informed Trading and the Price Impact of Trades 

This table presents the cross-sectional Pearson correlation coefficients for the following variables; PIN represents the probability of an 
informed trade as developed in Easley, Kiefer, O’Hara and Paperman (1996); PROBINF represents my model’s probability of informed 
trading, computed using all the NBBO quotes posted on the NYSE between 01/02/2001 and 12/31/2001 and assuming that OP are equal 
to $0.010/share in columns (3), and estimated based on the models of Glosten and Harris (1988), Madhavan and Smidt (1991) and Foster 
and Viswanathan (1993), respectively, in columns (4), (5), (6); Ln(Turnover) represents the natural log of the average daily ratio of total 
trading volume and shares outstanding; Ln(Mkt Value) is the natural log of the stock’s average market value during 2001; λGH represents the 
measure of the price impact of trades based on the Glosten and Harris (1988) model; λMS represents the measure of the price impact of 
trades based on the Madhavan and Smidt (1991) model; λFV represents the measure of the price impact of trades based on the Foster and 
Viswanathan (1993) model. 
 

 
 

PIN 
PROBINF 

($0.01/share)
PROBINF 
(GH - OP) 

PROBINF 
(MS - OP) 

PROBINF 
(FV - OP) Ln(Turnover) Ln(Mkt Value)

        

GH (1988) - λGH 
0.3742 

(0.0001) 
0.5219 

(<.0001) 
0.4813 

(<.0001) 
0.4610 

(<.0001) 
0.4813 

(<.0001) 
-0.4325 
(<.0001) 

-0.2551 
(0.0104) 

        

MS (1991) – λMS 
0.3810 

(<.0001) 
0.5010 

(<.0001) 
0.4908 

(<.0001) 
0.4559 

(<.0001) 
0.4939 

(<.0001) 
-0.4224 
(<.0001) 

-0.2645 
(0.0078) 

        

FV (1993) – λFV 
0.3643 

(0.0002) 
0.5093 

(<.0001) 
0.4742 

(<.0001) 
0.4512 

(<.0001) 
0.4761 

(<.0001) 
-0.4239 
(<.0001) 

-0.2454 
(0.0139) 
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Table VI 
Regressions: The Probability of Informed Trading and the Price Impact of Trades 

Ordinary least squares (OLS) estimates of coefficients from cross-sectional regressions of the following form: 
λj jjjj eMarketValuLnTurnoverLnobability εγγγγ ++++= )()(Pr 3210  

100,,1K=j  
where PINj represents the probability of an informed trade as developed in Easley, Kiefer, O’Hara and Paperman (1996); PROBINFj 
represents my model’s probability of informed trading, computed using all the NBBO quotes posted on the NYSE between 01/02/2001 
and 12/31/2001 and assuming that OP are $0.01/share; Ln(Turnover)j represents the natural log of the average daily ratio of total trading 
volume and shares outstanding; Ln(Market Value)j is the natural log of the stock’s average market value during 2001; λGH represents the 
measure of the price impact of trades based on the Glosten and Harris (1988) model; λMS represents the measure of the price impact of 
trades based on the Madhavan and Smidt (1991) model; λFV represents the measure of the price impact of trades based on the Foster and 
Viswanathan (1993) model. The t-statistics are computed using White’s heteroskedastic standard errors and the p-values are presented in 
parentheses. 
 

Panel A. Dependent Variable: Glosten and Harris (1988) – λGH 

 

Intercept -1.0370 
(0.3559) 

3.3437 
(0.1423) 

-4.8916 
(0.4549) 

2.9396 
(0.3767) 

-8.5725 
(0.0023) 

-4.8435 
(0.0412) 

-23.8157 
(0.0094) 

-19.1606 
(0.0202) 

PIN 
27.7680 
(0.0019) 

14.1690 
(0.1037) 

32.1846 
(0.0154) 

14.6590 
(0.3018) 

    

PROBINF 
($0.01/share) 

    
23.9842 
(0.0002) 

18.9387 
(0.0004) 

32.8806 
(0.0006) 

27.9493 
(0.0009) 

Ln(Turnover)  -1.9783 
(0.0392)  -1.9721 

(0.0471)  -1.0810 
(0.0849)  -0.8343 

(0.1719) 

Ln (Market Value)   0.2243 
(0.5109) 

0.0227 
(0.9510)   0.7686 

(0.0340) 
0.6790 

(0.0520) 
Adj R-square 13.12% 19.56% 12.48% 18.73% 26.50% 27.72% 29.13% 29.54% 
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Panel B. Dependent Variable: Madhavan and Smidt (1991) – λMS 

 

Intercept -1.0880 
(0.1017) 

2.0135 
(0.2306) 

-3.6162 
(0.3187) 

1.9412 
(0.7047) 

-6.3608 
(0.0027) 

-3.4702 
(0.0667) 

-15.6058 
(0.0245) 

-11.7238 
(0.0689) 

PIN 
21.3585 
(0.0002) 

11.7309 
(0.0487) 

24.2554 
(0.0011) 

11.8185 
(0.1834) 

    

PROBINF 
($0.01/share) 

    
17.3937 
(0.0004) 

13.4825 
(0.0013) 

22.7894 
(0.0016) 

18.6771 
(0.0043) 

Ln(Turnover)  -1.4006 
(0.0541)  -1.3995 

(0.0641)  -0.8380 
(0.0692)  -0.6958 

(0.1248) 

Ln (Market Value)   0.1471 
(0.4524) 

0.0041 
(0.9862)   0.4662 

(0.0907) 
0.3915 

(0.1456) 
Adj R-square 13.64% 19.19% 12.94% 18.35% 24.34% 25.64% 25.74% 26.36% 

 
 

Panel C. Dependent Variable: Foster and Viswanathan (1993) – λFV 

 

Intercept -0.9249 
(0.3617) 

3.1589 
(0.1410) 

-4.8050 
(0.4082) 

2.4768 
(0.7275) 

-7.8813 
(0.0029) 

-4.3809 
(0.0484) 

-22.3383 
(0.0101) 

-17.9843 
(0.0213) 

PIN 
25.5412 
(0.0019) 

12.8638 
(0.1104) 

29.9871 
(0.0118) 

13.6910 
(0.2869) 

    

PROBINF 
($0.01/share) 

    
22.1116 
(0.0003) 

17.3753 
(0.0005) 

30.5491 
(0.0006) 

25.9368 
(0.0009) 

Ln(Turnover)  -1.8443 
(0.0438) 

0.2258 
(0.4580) 

-1.8338 
(0.0528)  -1.0148 

(0.0905)  -0.7803 
(0.1821) 

Ln (Market Value)    0.0383 
(0.9086)   0.7290 

(0.0354) 
0.6452 

(0.0530) 
Adj R-square 12.38% 18.62% 11.77% 17.78% 25.18% 26.36% 27.82% 28.19% 
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Figure 2 

Changes in the Probability of Informed Trading around Earnings Announcements 

This graph presents the change in the probability of informed trading around earnings announcements. The variable is computed as the 

difference between each interval’s probability of informed trading and the average for the same interval calculated excluding the 5 days 

surrounding the event. All intervals are one-hour intervals. PROBINF for each interval is estimated using all the NBBO quotes posted on 

the NYSE between 01/02/2001 and 12/31/2001 and assuming that OP are $0.01/share. 
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Table VII 
Analysis of Changes in the Probability of Informed Trading, Spread, Depth and Trading Volume around Earnings 

Announcements 
This table reports the deviation during the event period of each variable from the mean of its corresponding reference distribution 

determined based on non-event periods. The numbers in the parentheses represent the p-values in tests of whether these differences are 

statistically different from zero. PROBINF is estimated using all the NBBO quotes posted on the NYSE between 01/02/2001 and 

12/31/2001 and assuming that OP are $0.01/share; Spread represents the percentage spread computed as the ratio of the quoted spread (A 

– B) and the midpoint of the spread ((A + B)/2); Depth represents the natural logarithm of the dollar-depth computed as the product of the 

average depth ( 2/)( BA DD + ) and the midpoint of the spread ((A + B)/2); Volume represents trading volume standardized by the number 

of shares outstanding.  

 PROBINF 
($0.01/share) 

Spread Depth Volume 

     
Day -2 0.0246 0.0234 -0.0302 -0.0152 

 (0.00) (0.14) (0.15) (0.05) 
     

Day -1 0.0263 0.0440 0.0000 -0.0016 
 (0.00) (0.04) (0.48) (0.50) 
     

Day 0 0.0507 0.0418 0.0019 0.1172 
 (0.00) (0.04) (0.44) (0.00) 
     

Day 1 0.0331 0.0103 0.0657 0.1288 
 (0.00) (0.29) (0.00) (0.00) 
     

Day 2 -0.0011 -0.0181 0.0850 0.0451 
 (0.42) (0.58) (0.00) (0.00) 
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Chapter 2 

 

Underwriting Syndicates, Information and the 

Secondary Market Liquidity of Initial Public Offerings 

 

 

I. Introduction 

 

A recent trend in IPO activity has been the increase in the number of managing 

underwriters in IPO syndicates. For example, Loughran and Ritter (2004) report that the 

mean number of managing underwriters increased from 1.5 in the 1980s to 4.4 during 2001-

2003. Despite this evidence, there has been little research on the roles that syndicate 

members play, or on the implications that arise from having an underwriting syndicate with a 

particular size and/or composition. One exception is Corwin and Schultz (2005), who 

propose four hypotheses (information production, certification, analyst coverage and market 

making) with respect to the roles played by the members of the underwriting syndicate.  

Previous literature has found that the market making services represent a channel 

through which the underwriting syndicate can influence the secondary market liquidity of 

IPOs. Using a sample of NASDAQ firms, Ellis, Michaely and O’Hara (2000) find that the 

lead underwriter always becomes the dominant market maker, while the co-managers have a 

relatively minor role in the aftermarket. This phenomenon leads to an increase in the level of 

spreads, and thus to higher transaction costs for the customers (Ellis, Michaely and O’Hara 

(2002)).  

In this paper, I examine whether the underwriting syndicate composition influences 

the secondary market liquidity for IPOs. I provide evidence that co-managers improve the 

liquidity of IPOs through the other services they provide, besides market making. 

Specifically, I find that IPOs with a high number of co-managers in their syndicates have 

lower spreads and a lower level of information asymmetry in the aftermarket. I argue that the 

information produced during the premarket and the analyst coverage in the aftermarket are 
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the main channels through which co-managers mitigate the information asymmetry risk in 

the secondary market.  

Corwin and Schultz (2005) advance four hypotheses with respect to the roles played 

by the underwriting syndicate. The information production hypothesis posits that the co-

managers in the syndicate can provide additional information regarding the market demand 

for an IPO. Moreover, an increase in the number of co-managers in the syndicate could also 

improve the certification of the issue (certification hypothesis), lead to an increase in analyst 

coverage (analyst coverage hypothesis), or lead to an increase in the number of market 

makers in the aftermarket (market making hypothesis). Consistent with Corwin and Schultz 

(2005), I find that an increase in the number of co-managers in the syndicate leads to an 

increase in the magnitude of the offer price revision, as well as to an increase in the number 

of analyst recommendations and in the number of market makers in the secondary market. 

At this point, I extend the hypotheses of Corwin and Schultz (2005) and examine 

whether the services provided by co-managers can influence the market liquidity of IPOs. I 

find evidence in favor of the information production and analyst coverage hypotheses. 

Specifically, I find that an increase in the offer price revision and in the number of analyst 

recommendations lead to a reduction in the level of spreads and of the magnitude of the 

adverse selection component of the spread. Furthermore, I find that an increase in the 

number of analyst recommendations leads to a reduction in the probability of informed 

trading, while an increase in the offer price revision has no impact. I interpret these findings 

as evidence that revisions in the offer price in the premarket lead to a decrease in the 

magnitude or size of private information in the aftermarket, while an increase in analyst 

coverage leads to a decrease in the percentage of informed investors. 

 The paper contributes to several strands of literature. The result that the magnitude 

of private information in the aftermarket is lower for firms with revisions in the offer price 

in the premarket can also be interpreted as evidence in favor of the “bookbuilding” 

hypothesis of Benveniste and Spindt (1989). They argue that underwriters use share 

allocations to compensate investors that reveal private information during the bookbuilding 

period. Consequently, if the bookbuilding process succeeds in collecting private information, 

I expect a lower magnitude of private information in the aftermarket. The finding that high 

offer price revisions result in a lower adverse selection costs supports the above contention.  
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The finding that the number of analyst recommendations influences aftermarket 

liquidity can also be interpreted as evidence in favor of the “analyst lust” hypothesis of 

Loughran and Ritter (2004). They argue that issuers have increasingly chosen their lead 

underwriter and formed their underwriting syndicates on the basis of expected analyst 

coverage. If issuers are willing to allocate resources in exchange for research coverage, it 

follows that they find this coverage to have certain benefits. I find that one benefit of this 

increase in analyst coverage is the reduction in the percentage of informed traders in the 

secondary market, which leads to an improvement in liquidity. 

Finally, the paper can be linked to the literature on liquidity and required return. The 

finding that IPOs with a high number of co-managers enjoy lower spreads seems to suggest 

an easy way for firms to reduce their cost of capital. However, while it appears that issuers 

should have as many co-managers in their syndicate as possible, Corwin and Schultz (2005) 

provide several limiting factors. Whether it is an increase in underwriting fees for the issuer, 

or the allocation and competition concerns for the lead underwriter, an increase in the 

number of co-managers may not always be optimal. Nevertheless, the finding that issuers 

can reduce their cost of capital through increasing the number of co-managers in the 

syndicate is something worth exploring more. 

In conclusion, the paper complements the previous literature15 on the underwriters’ 

stabilization activities and provides evidence that the other services provided by underwriting 

syndicates, such as information production and analyst coverage can also influence the 

secondary market liquidity for IPOs. 

The rest of the article is organized as follows. Section II describes the four 

hypotheses of Corwin and Schultz (2005). The details of the data, the methodology used and 

the estimation are discussed in Section III, Section IV and Section V, respectively. Section 

VI presents the results and Section VII concludes. 

 

II. Hypotheses 

  

This section describes the four hypotheses proposed by Corwin and Schultz (2005) 

with respect to the roles played by the members of the underwriting syndicate. I empirically 

                                                 
15 See Aggarwal (2000), Aggarwal and Conroy (2000), Aggarwal (2003), Ellis, Michaely and O’Hara (2000), Ellis, 
Michaely and O’Hara (2002), Ellis (2006). 
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test these hypotheses as possible avenues for underwriting syndicates to reduce the level of 

information asymmetry and improve the liquidity in the aftermarket. 

 

a. Information production hypothesis 

The first hypothesis regarding the role of underwriting syndicate members posits that 

syndicate members can provide additional information regarding the market demand for an 

IPO. Because their customer bases may be different from the lead underwriter’s, syndicate 

members may be able to collect and convey additional data on the investors’ interest in the 

new issue. In support of this hypothesis, Corwin and Schultz (2005) find that offer prices are 

more likely to be revised away from the midpoint of the initial filing range for IPOs 

underwritten by large syndicates, and particularly so for IPOs with a lot of co-managers. I 

argue that another prediction of the information production hypothesis is that the magnitude 

of private information will be lower and the liquidity will be higher in the aftermarket for 

firms with revisions in the offer price away from the midpoint of the filing range. 

 

b. Certification hypothesis 

A second reason for including underwriters in a syndicate is to provide additional 

certification of the issuer’s quality. According to this hypothesis, the participation in the 

syndicate of highly reputable underwriters reduces the level of uncertainty regarding the 

issue, thus leading to a lower level of underpricing (see Rock (1986), Beatty and Ritter 

(1986)). An additional prediction of this hypothesis is that level of information asymmetry in 

the secondary market will be lower and the liquidity will be higher for firms with reputable 

syndicate members. 

 

c. Analyst coverage hypothesis 

The third hypothesis advanced by Corwin and Schultz (2005) is the analyst coverage 

hypothesis. Academics, as well as practitioners (see Cable (2001)), have argued that 

underwriters are often times selected on the expectation that they will provide research 

coverage following the IPO. For example, Krigman, Shaw and Womack (2001) find that in 

the mid-1990s, 44% of the executives that switch underwriters between the company’s IPO 

and its subsequent seasoned equity offering (SEO) cite “more or improved research 

coverage” as their top reason. This result is confirmed by Cliff and Denis (2004), who find 
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that the probability of switching underwriters between the IPO and the follow-on SEO is 

negatively related to the level of unexpected post-IPO analyst coverage. Loughran and Ritter 

(2004) advance the “analyst lust hypothesis”, which posits that issuers have increasingly 

chosen their lead underwriter on the basis of expected analyst coverage, and that “co-

managers are included in a syndicate almost exclusively to provide research coverage”. 

Consistent with this hypothesis, Corwin and Schultz (2005) find that an increase in the 

number of co-managers leads to an increase in the number of analysts issuing 

recommendation in the three months following the offer date. 

If issuers are willing to allocate resources in exchange for research coverage (Cliff 

and Denis (2004)), it follows that they find this coverage to have certain benefits. I 

conjecture that analyst coverage following the public offering reduces the level of 

information asymmetry in the secondary market, thereby improving the liquidity of newly 

listed firms.  

 

d. Market making hypothesis  

The final hypothesis proposed by Corwin and Schultz (2005) is the market making 

hypothesis. Following conversations with underwriters, they argue that “co-managers, and 

even non-managing syndicate members with market-making operations are expected to 

make a market in the stock, once trading begins”. They find that larger syndicates are 

associated with a larger number of market makers for NASDAQ firms. I extend this 

argument and propose that market making competition leads to an improvement in liquidity 

in the aftermarket. 

 

III. Data and Sample Description 

 

A. Data 

The data involved in our analysis comes from several sources. The sample of issuing 

firms is provided by Thomson Financial’s Securities Data Corporation (SDC) New Issues 

Database. I begin by selecting all the firms that completed an initial public offering between 

January 1993 and December 2005. Consistent with previous literature, I exclude real estate 

investments trusts (REITs), spinoffs, closed-end funds, partnerships, unit issues, IPOs on 

the SmallCap Market or on the OTC Bulletin Board, reverse leveraged buyouts and 
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depositary shares. I follow Bradley, Jordan and Ritter (2003) and eliminate issues with 

original file range midpoints under eight dollars. I follow Corwin and Schultz (2005) to 

assign to each underwriter in the syndicate one the following three designations: book 

manager, co-manger and syndicate member. To measure the quality of the syndicate 

members, I use Jay Ritter’s updated Carter-Manaster (1990) underwriter rankings16. 

I then match the SDC sample firms against the Center for Research and Securities 

Prices (CRSP) database and exclude those that have missing stock return data. The final 

sample consists of 3,003 firms that went public during our sample period. I also use CRSP to 

identify the number of market makers on the first trading day.   

The Trade and Quote (TAQ) database is used to retrieve the trades, quotes and 

depths for the stocks in our sample. In order to address the concern of autoquotes (passive 

quotes posted by market dealers) raised by Chordia, Roll and Subrahmanyam (2001), I retain 

only the NBBO quotes posted during a normal trading environment. In order to calculate 

the National Best Bids and Offers (NBBO) for our sample, I used the algorithm provided by 

the Wharton Research Data Services (WRDS). I further impose the restriction that the 

quotes are time stamped between 9:30 AM and 16:00 PM. In order to classify orders into 

buys or sells, I used the technique proposed by Lee and Ready (1991). Consistent with 

Chordia, Roll and Subrahmanyam (2005), I use a variable delay rule to match trades with the 

prevailing NBBO quote17. Trades that took place at prices above the midpoint of the spread 

were identified as buys, while those that took place at prices below the midpoint were 

considered as sells. For trades that occurred at the midpoint of the bid and ask spread, I used 

the “tick test”. In particular, trades executed at a price higher than the previous trade’s price 

are called buys, while those executed at a lower price are called sells. In case the transaction 

price did not change between trades, I successively applied the above algorithm until the 

order was classified. 

Data on analyst recommendations is provided by I/B/E/S. I collect all 

recommendations issued for our sample stocks within 50 trading days of the offer date and I 

                                                 
16 I thank Jay Ritter for making these and other data available on his website (http://bear.cba.ufl.edu/ritter/). If 
there are multiple lead underwriters, I use the average reputation rank. 
 
17 Chordia, Roll and Subrahmanyam (2005) argue that the five-second delay rule decreased dramatically over 
the recent sample period. Consequently, we use a five-second delay rule for quotes posted between 1993 and 
1998, a three-second delay rule for quotes posted between 1999 and 2003, a one-second delay rule for quotes 
posted in 2004 and we use no delay rule to match trades with quotes posted in 2005. 



 40

use Mike Cliff’s broker identification data to identify whether the recommendation was 

issued by the lead underwriter or by another syndicate member. 

 

B. Sample Description 

 Table I presents summary statistics on the syndicate composition of IPOs for each 

calendar year between 1993 and 2005. Consistent with Loughran and Ritter (2004), the 

number of co-managers steadily increased over this period. The median number of co-

managers in the underwriting syndicate increased three times between 1993 and 2005. Table 

II presents summary statistics regarding the offer characteristics and the underwriting 

syndicate structure for the entire sample period. The average firm in the sample raised offer 

proceeds in the amount of $80.17 million. At the same time, the mean and median values of 

underpricing are 27.32 and 11.11%. These numbers are slightly less than the numbers 

reported by Corwin and Schultz (2005) for their sample. One explanation could be the fact 

that our sample also includes companies that went public following 2001, a time period with 

levels of underpricing lower than those during the “bubble” period of 1999-2000. 

 At the same time, however, the underwriting syndicate structure of our sample is 

similar to the structure described in Corwin and Schultz (2005). For example, the mean 

number of book managers and co-managers are 1.13 and 1.84, respectively. These statistics 

are very close to 1.04 and 2.01, which are reported by Corwin and Schultz (2005) for their 

sample. Consequently, I believe that my sample is similar to the one in Corwin and Schultz 

(2005) and that it is also representative for the universe of IPO firms. 

 

IV. The Probability of Informed Trading 

  

This section describes the expanded Copeland and Galai (1983) model of the bid-ask 

spread, which was developed by Popescu and Kumar (2006) to estimate the probability of 

informed trading. This measure (PROBINF) is one of the two proxies for the level of 

information asymmetry I use in the empirical tests. 

Consistent with the original paper, Popescu and Kumar (2006) assume a single, risk-

neutral market maker, who faces two types of traders: informed and liquidity (uninformed) 

traders. They extend the Copeland and Galai model by incorporating the order processing 
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costs incurred by the specialist, and by relaxing the assumption of equal depths on both sides 

of the bid-ask spread.18  

Based on the new set of assumptions, the dealer weighs expected losses to informed 

traders against expected gains from liquidity traders net of order-processing costs. 

Specifically, expected revenues from liquidity traders can be expressed as follows: 

         ]0)()()[1( 00 ⋅+−⋅⋅+−⋅⋅− NLBSLABLI pBSDpSADpp          (1) 

where B is the bid price, A is the ask price, DB is the depth at the bid, DA is the depth at the 

ask, S0 is the dealer’s estimate of the “true” value of security Z (B< S0 <A), pI is the 

probability that the next trade originates from an informed trader, while pBL, pSL and pNL are 

the conditional probabilities that the next liquidity trader will buy, sell or not trade when he 

faces the market maker. The expected losses to informed traders can be expressed as 

follows: 

)],(),([ 00 BSPDASCDp BAI ⋅+⋅                      (2) 

where C(S0, A) is the value of an American call option on security Z with a strike price of A 

and P(S0, B) is the value of an American put option on the security with a strike price of B. 

The dealer’s commitment to complete trades at both the bid and the ask prices can be 

likened to writing DA “free” American call options with a strike price of A and DB “free” 

American put options with a strike price of B. From the point of view of the specialist, the 

options are issued “out-of-the money”, since her estimate of the “true” value of the security 

is within the boundaries of the bid-ask spread (B< S0 <A). From the point of view of 

informed traders, however, these options will be “in-the-money” when their estimate of the 

“true” value of security Z is outside the bid-ask spread. 

Secondly, the specialist incurs costs as a result of performing the role of market 

maker. Irrespective of whether an informed or liquidity trader is on the other side of the 

trade, the dealer incurs fixed costs for providing traders with quote information, order 

routing, execution and clearing etc. These expected order processing costs can be expressed 

as follows: 

                                                 
18 In their approach, the spread compensates the specialist for information and order processing costs, but not 
for inventory costs. Previous studies that have looked at the specialist’s inventory risk found that it is not a 
major concern at the intraday, daily or even weekly level. Hasbrouck (1988) and Hasbrouck and Sofianos 
(1993) find that the autocorrelations in the specialists’ trades and inventory positions “are positive and 
persistent over long lags (in some cases weeks) suggesting slow inventory adjustments”. At the same time, 
Madhavan and Smidt (1991, 1993) find slow mean reversion in specialist inventories and that “it takes over 49 
trading days, on average, for an imbalance in inventory to be reduced by 50 percent”.      
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where OP represents the average order processing cost per traded share. The first term 

represents the cost of processing trades with informed traders, while the second term 

quantifies the processing costs from transactions with liquidity traders. Consistent with the 

Copeland and Galai (1983) framework, Popescu and Kumar (2006) assume that the 

conditional probabilities of informed trades occurring at the bid or the ask are equal (0.5)19, 

that all liquidity traders will trade (pNL = 0) and that a liquidity trader can be a buyer or a 

seller with the same probability (pBL = pSL = 0.5).  

The specialist’s estimate of the probability of informed trading is derived by setting 

the expected revenues from liquidity traders (equation (1)) equal to the sum of the expected 

losses to informed traders (equation (2)) and the expected order processing costs (equation 

(3)). Solving for the probability of informed trading, they arrive at the following formula: 
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where S0 is the dealer’s estimate of the “true” value of the security (assumed at the midpoint 

of the bid-ask spread), B, A, DB, DA, represent the observed bid, ask, depth at the bid and 

depth at the ask, respectively, OP represents the per share order processing cost, C(S0, A) is 

the value of an American call option on security Z with a strike price of A and P(S0, B) is the 

value of an American put option on the security with a strike price of B. 

 

V. Estimation of the Level of Information Asymmetry 

 

In this section, for our sample of stocks, I estimate PROBINF and the adverse 

selection component of the spread (δ), as in Lin, Sanger and Booth (1995). Both measures 

are used in the analysis as proxies for the level of information asymmetry, though they 

capture different facets of the same phenomenon. While the probability of informed trading 

captures the percentage of informed traders in the total population of traders, the adverse 

selection component of the spread is a function of both the probability of informed trading 

                                                 
19 If the dealer expects asymmetric probability of informed trading between the buy and sell side at a given level 
of bid and ask prices, she is likely to respond by changing the quotes. For example, if the dealer expects a 
higher probability of an informed buying vs. informed selling, she is likely to respond by increasing the bid and 
ask prices, thereby tending to equate the two probabilities. 
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and the size or magnitude of private information. This difference allows me to conduct a 

finer analysis of the impact of the syndicate services on market liquidity.  

I modify the methodology proposed by Popescu and Kumar (2006) in order to 

render it applicable not only to stocks traded on a specialist market (e.g. NYSE, AMEX), but 

also to stocks traded on a dealer market (e.g. NASDAQ). Specifically, in the case of 

NASDAQ firms, I use only aggregate CAES quotes in the computation of PROBINF. 

CAES (acronym for “Computer Assisted Execution System”) quotes generally represent the 

best NASDAQ quotes for that issue. 

The first step in the estimation of PROBINF is the computation of the value of the 

call and put options provided at the ask and bid prices, respectively. In order to value these 

options, I use the Black-Scholes option pricing model. The required inputs are (1) the 

current stock price estimated as the midpoint of the bid and ask quotes (S0), (2) the strike 

prices of the call and the put options, which are the ask (A) and bid (B) prices, respectively, 

(3) the stock’s annualized volatility of the continuously compounded daily returns, estimated 

over the first 25 trading days20, (4) the time to maturity, which is the actual quote interval and 

(5) the risk-free rate (rf), which I assume to be zero for such short quote intervals.  

Then, I compute the probability of informed trading using estimates of the per share 

order processing costs based on the models of Glosten and Harris (1988), Madhavan and 

Smidt (1991) and Foster and Viswanathan (1993).  

In the Glosten and Harris (1988) model, the revision in trade price is modeled as 

follows: 

   ( ) tttGHtGHt DDqp εψλ +−+=∆ −1 ,           (5) 

where tp∆ is the revision in price at time t , tq is the signed transaction size, tD equals +1 for 

a buy and -1 for a sell, and GHλ and GHψ are estimates of the price impact of trades and per 

share order processing costs (OP), respectively. Madhavan and Smidt (1991) model price 

revisions as follows: 

ttMSttMSt DDqp ηψθλα +−++=∆ −1 ,                     (6) 

tttt ζρεεη +−= −1 ,                                   (7) 

                                                 
20 I also use an annualized volatility estimated over the first 50 trading days and the results are qualitatively 
similar. 
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where tp∆ , tq , tD , MSλ and MSψ are defined as above, and the error tη follows an AR(1) 

process. In Foster and Viswanathan (1993), transaction size and price revisions are modeled 

as follows: 
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where all the variables are as previously defined. 

 The model of Lin, Sanger and Booth (1995) estimates the adverse selection 

component (δ) of the spread as follows:  

ttt zq εδ +=∆ −1 ,          (10) 

where tq∆ is the revision at time t of the natural log of the quote midpoint, 

111 −−− −= ttt qpz and 1−tp is the natural log of the price at time t-1. 

 

VI. Underwriting Syndicate Structure and Liquidity 

  

In this section, I examine the four hypotheses proposed by Corwin and Schultz 

(2005) as potential channels through which co-managers can influence aftermarket liquidity. 

 First, I confirm the results in Corwin and Schultz (2005), with respect to the roles 

played by the members of the underwriting syndicate. Table III examines the information 

production and certification hypotheses. Specifically, if syndicate members produce relevant 

information during the filing period, this information should be captured by the revision in 

the offer price. Panels A and B report estimates of probit regressions to test whether 

syndicate structure affects the likelihood of positive and negative offer price revisions, while 

Panel C reports estimates of OLS regressions, where the dependent variable is the 

percentage change in the offer price. The proxy for the information uncovered during the 

filing period is the return from the filing price to the closing price on the first day of trading. 

The results are consistent with those reported by Corwin and Schultz (2005). In Panel A, the 

probability of an upward price revision increases as the number of co-managers in the 

syndicate increases, but it is significantly negatively related with the number of non-

managers. If I distinguish between co-managers based on their reputation, it is the co-
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managers with an underwriting ranking of at least 8 that produce the valuable information. 

The results in Panel B are similar. Co-managers increase the probability of a downward 

revision in price when the demand for the IPO weak. However, in the case of cold IPOs, all 

co-managers in the syndicate produce valuable information during the filing period. The 

results in Panel C are consistent with the first two sets of results. The first regression shows 

that the offer price is revised downwards by an average of 16.47% after controlling for other 

factors, in case the total return is negative. If the total return is higher than 20%, the offer 

price is revised upwards by an average of 7.49% and by an additional amount equal to 

12.62% of the total return on average, after controlling for other factors. In order to 

distinguish which members of the syndicate are contributing to the price revision, the 

second regression adds interaction terms between the total return dummies and the number 

of non-managing and co-managing underwriters. The results show that if the total return is 

higher than 20%, the offer price is revised upwards on average by 0.94% for each co-

manager, after controlling for other factors. The third regression distinguishes between co-

managers that have an underwriting rank of at least 8 and those that do not. I find that the 

addition of one co-manager with an underwriting rank of at least 8 leads to a revision in the 

offer price of 1.53%. These results are consistent with Corwin and Schultz (2005), who 

suggest that high-quality co-managers are either better at producing information, or that they 

are better at conveying that information to the book runners. 

Table IV reports estimates from 2SLS and Poisson regressions of the number of 

market makers and the number of analyst recommendations on measures of syndicate size 

and a set of control variables. Consistent with Corwin and Schultz (2005), the results show 

that an increase in the number of co-managers leads to an increase in the number of market 

makers in the aftermarket, as well as to an increase in the number of analyst 

recommendations issued within 50 trading days from the offer date. The latter finding is 

consistent with the “analyst lust hypothesis” of Loughran and Ritter (2004), who argue that 

“co-managers are included in a syndicate almost exclusively to provide research coverage”. 

Specifically, the addition of a co-manager to the underwriting syndicate leads on average to a 

1.29 increase in the number of analyst recommendations. This result is economically 

significant, as the average number of recommendations issued for an IPO in the 50 days 

following the issuance is 2.6, with a standard deviation of 1.27. 
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At this point, I extend the analysis of Corwin and Schultz (2005) and ask whether the 

premarket services (information production, certification) and aftermarket services (analyst 

coverage, market making) provided by the underwriting syndicate have an impact on the 

secondary market liquidity of the firm. 

In order to distinguish between the four hypotheses, and controlling for endogeneity, 

I perform 2SLS estimations of the impact of 1) the offer price revision, 2) the number of co-

managers with an underwriting rank of at least eight, 3) the number of analyst 

recommendations and 4) the number of market makers on the aftermarket liquidity. 

Table V reports coefficients from 2SLS regression, where the dependent variable in 

the second stage is the percentage bid-ask spread. The number of co-managers is the 

dependent variable in the first stage, and it is explained by the expected proceeds, 

aftermarket standard deviation, the level of underpricing, a dummy variable that equals one 

for book managers with Carter – Manaster rankings greater than or equal to eight, a dummy 

variable that equals one if the issue had venture capital financing, a dummy variable that 

equals one for NYSE/AMEX listing and by year and industry dummy variables. The 

industries are defined as in Fama and French (1997) and Edelen and Kadlec (2005). 

Consistent with expectations, the results of the first regression show that the percentage 

spread increases as the trading volume decreases and as the standard deviation of the 

continuously compounded returns increases. As hypothesized, an increase in the number of 

co-managers leads to a decrease in the level of the spread. Specifically, the addition of one 

co-manager in the underwriting syndicate leads to a 0.41% decrease in the magnitude of the 

spread. This decrease is economically significant, as the average magnitude of the spread for 

the stocks in our sample is 2.1%. The next set of regressions show the individual and 

combine impact on the level of the spread of each of the four variables used to distinguish 

between our hypotheses. The offer price revision, the number of analyst recommendations 

and the number of market makers have a negative impact on the magnitude of the bid-ask 

spread. However, the number of co-managers with an underwriting rank of at least eight 

does not have a significant impact of the percentage spread. This implies that the 

certification services provided by highly ranked underwriters do not have any additional 

impact on the secondary market liquidity of the firm, after controlling for other factors. The 

impact of the revision in the offer price and the increase in the number of analyst 

recommendations are economically significant. One standard deviation increase in the offer 
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price during the filing period (25%) leads to a 6.5% reduction in the level of the spread, 

while an increase of one standard deviation in the number of analyst recommendations 

issued (1.27) leads to a 2.4% reduction in the spread. Table VI reports the results with the 

percentage relative spread as the dependent variable. I find that the number of analyst 

recommendations is no longer related to the variation in the spread, while both the offer 

price revision and the underwriting rank have statistically significant impacts on the 

magnitude of transaction costs. Furthermore, the impact of the offer price revision on the 

transaction costs is economically significant. Specifically, one standard deviation increase in 

the offer price leads to a decrease in transaction costs of 7.4%. The last regression in Table 

VI provides two additional interesting results. First, the number of co-managers in the 

syndicate remains significantly related to the magnitude of transaction costs, after controlling 

for other factors. I believe there could be two explanations for this result. Either the co-

managers provide additional services that I do not account for in my analysis, or the 

variables I use as proxies for the services provide by co-managers do not fully capture their 

effect. I lean towards the first explanation, as the variables I use in my analysis are standard 

proxies in the literature for the services provided by the underwriting syndicate. Finally, the 

second interesting result in the sixth regression in Table VI is the positive significant 

relationship between transaction costs and underwriting rank during “the bubble” period. 

This result is contrary to the certification hypothesis and to the argument of Beatty and 

Ritter (1986), but it is consistent with Loughran and Ritter(2004), who show that the effect 

of underwriting ranking on underpricing flipped sign during the 1990s. The argument is that 

stocks with reputable underwriters in their syndicate were expected to have a high level of 

underpricing, caused in part by the level of information asymmetry in the market. 

Consequently, we would observe a positive relationship between underwriter rankings and 

the level of the spreads posted by the dealer, who would increase them as compensation for 

the increase in information risk. 

The evidence shown so far is in favor of the argument that co-managers reduce the 

level of information asymmetry in the aftermarket, thus improving the liquidity of IPOs, and 

that the channels used to achieve this goal are mainly the information production during the 

premarket, and the analyst coverage in the aftermarket. At this point, my goal is to further 

explore how these services mitigate the information risk. As previously mentioned, the level 

of information asymmetry has two dimensions: the probability of informed trading 
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(percentage of informed traders in the population of traders) and the size or magnitude of 

the private information. If the services provided by the underwriters reduce the level 

information asymmetry, do they lower the probability of informed trading, or the size of 

private information. The following tests attempt to answer this question that I attempt to 

answer is whether the services provided by the Table I will use the methodologies of  

I use the methodology of Popescu and Kumar (2006) to estimate the probability of 

informed trading. Panels A, B and C in Table VII report the results of 2SLS regressions, 

where the dependent variable in the first stage is the number of co-managers and the 

dependent variable in the second stage is the probability of informed trading (PROBINF), 

estimated using the per share order processing costs as in Glosten and Harris (1988), 

Madhavan and Smidt (1991) and Foster and Viswanathan (1993). Since the results are similar 

for the three measures, I discuss the Panel A results only. The results show that the 

underwriting rank of co-managers and the number of analyst recommendations have a 

statistically significant impact on the probability of informed trading. Consistent with 

Loughran and Ritter (2004), co-managers with an underwriting rank of at least 8 increased 

the probability of informed trading during the “bubble” period, while the same, reputable 

co-managers certified the IPOs during the rest of the sample years. On the other hand, the 

analyst recommendations issued by the underwriting syndicate reduced the percentage of 

informed traders over the entire sample period. This is evidence in favor of the contention 

that analyst reports contain information and that they mitigate the information asymmetry 

risk.  

The results of 2SLS regressions using the adverse selection component of the spread 

as the dependent variable in the second stage are presented in Table VIII. In the last 

regression, we can see that the revision in the offer price contributes to a reduction in the 

level of the adverse selection component of the spread, while the number of analyst 

recommendations does not have any impact. Corroborating this result with the fact that the 

offer price revision is not related to the probability of informed trading, I argue that the 

information produced during the filing period and the analyst coverage issued by co-

managers in the aftermarket reduce the level of information asymmetry in different ways. 

While the information uncovered during the filing period reduces the size of private 

information, the analyst coverage reduces the percentage of informed traders in the market. 
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The result that the level of information asymmetry is lower for firms with high 

revisions in the offer price can also be interpreted as evidence in favor of the “bookbuilding” 

hypothesis of Benveniste and Spindt (1989). They argue that underwriters use share 

allocations to compensate investors that reveal private information during the bookbuilding 

period. Consequently, if the bookbuilding process succeeds in collecting private information, 

I expect a lower level of information asymmetry in the aftermarket. The finding that high 

offer price revisions predict lower levels of information asymmetry supports the above 

contention. 

Moreover, the finding that the number of analyst recommendations influences 

aftermarket liquidity can also be interpreted as evidence in favor of the “analyst lust” 

hypothesis of Loughran and Ritter (2004). They argue that issuers have increasingly chosen 

their lead underwriter and formed their underwriting syndicates on the basis of expected 

analyst coverage. If issuers are willing to allocate resources in exchange for research coverage 

(Cliff and Denis (2004)), it follows that they find this coverage to have certain benefits. I find 

that one benefit of this increase in analyst coverage is the reduction in the level of 

information asymmetry in the secondary market. 

 

VII. Conclusions 

 

This paper examines whether the underwriting syndicate composition influences the 

secondary market liquidity for IPOs. Corwin and Schultz (2005) propose four hypotheses 

(information production, certification, analyst coverage and market making) with respect to 

the roles played by the members of the underwriting syndicate. I extend the hypotheses of 

Corwin and Schultz (2005) and examine whether the services provided by co-managers can 

influence the market liquidity of IPOs. I find evidence in favor of the information 

production and analyst coverage hypotheses. Specifically, I find that an increase in the offer 

price revision and in the number of analyst recommendations lead to a reduction in the level 

of spreads and of the magnitude of the adverse selection component of the spread. 

Furthermore, I find that an increase in the number of analyst recommendations leads to a 

reduction in the probability of informed trading, while an increase in the offer price revision 

has no impact. I interpret these findings as evidence that the information produced during 

the filing period and the analyst coverage issued by co-managers in the aftermarket reduce 
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the level of information asymmetry in different ways. While the information uncovered 

during the filing period reduces the size of private information, the analyst coverage reduces 

the percentage of informed traders in the market. 

The paper contributes to several strands of literature. The result that the magnitude 

of private information in the aftermarket is lower for firms with revisions in the offer price 

in the premarket can also be interpreted as evidence in favor of the “bookbuilding” 

hypothesis of Benveniste and Spindt (1989). They argue that underwriters use share 

allocations to compensate investors that reveal private information during the bookbuilding 

period. Consequently, if the bookbuilding process succeeds in collecting private information, 

I expect a lower magnitude of private information in the aftermarket. The finding that high 

offer price revisions result in a lower adverse selection costs supports the above contention.  

The finding that the number of analyst recommendations influences aftermarket 

liquidity can also be interpreted as evidence in favor of the “analyst lust” hypothesis of 

Loughran and Ritter (2004). They argue that issuers have increasingly chosen their lead 

underwriter and formed their underwriting syndicates on the basis of expected analyst 

coverage. If issuers are willing to allocate resources in exchange for research coverage, it 

follows that they find this coverage to have certain benefits. I find that one benefit of this 

increase in analyst coverage is the reduction in the percentage of informed traders in the 

secondary market, which leads to an improvement in liquidity. 

Finally, the paper can be linked to the literature on liquidity and required return. The 

finding that IPOs with a high number of co-managers enjoy lower spreads seems to suggest 

an easy way for firms to reduce their cost of capital. However, while it appears that issuers 

should have as many co-managers in their syndicate as possible, Corwin and Schultz (2005) 

argue that an increase in underwriting fees for the issuer, or the allocation and competition 

concerns for the lead underwriter may curtail this behavior. Nevertheless, the finding that 

issuers can reduce their cost of capital through increasing the number of co-managers in the 

syndicate is something worth exploring more. 

In conclusion, the paper complements the previous literature on the underwriters’ 

stabilization activities and provides evidence that the other services provided by underwriting 

syndicates, such as information production and analyst coverage can also influence the 

secondary market liquidity for IPOs. 
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Table I 
Syndicate Composition of IPOs by Year, 

1993 to 2005 
 

The sample includes 3,003 IPOs completed between January 1993 and December 2005, excluding real estate investments trusts (REITs), 
spinoffs, closed-end funds, partnerships, unit issues, reverse leveraged buyouts and depositary shares. All syndicate characteristics represent 
median values computed across all the firms that performed an IPO during the year.  
 

No. of Book managers per issue No. of Co-managers per issue No. of Non-managers per issue Total underwriters per issue 
Year No. of IPOs 

Mean Median Mean Median Mean Median Mean Median 

1993 301 1.01 1.00 1.10 1.00 0.27 0.00 2.38 2.00 

1994 232 1.00 1.00 1.03 1.00 0.55 0.00 2.58 2.00 

1995 310 1.01 1.00 1.39 1.00 0.50 0.00 2.90 2.00 

1996 509 1.01 1.00 1.48 1.00 0.59 0.00 3.08 2.00 

1997 324 1.01 1.00 1.49 1.00 14.97 16.00 17.46 18.00 

1998 220 1.04 1.00 1.69 2.00 13.07 13.00 15.80 16.00 

1999 386 1.09 1.00 2.40 2.00 12.66 11.00 16.15 15.00 

2000 292 1.17 1.00 2.54 2.00 10.84 10.00 14.55 13.00 

2001 54 1.48 1.00 2.80 2.00 10.11 10.00 14.39 13.00 

2002 50 1.43 1.00 3.10 3.00 7.10 8.00 11.63 12.00 

2003 57 1.54 1.00 2.74 3.00 4.40 4.00 8.68 8.00 

2004 148 1.72 2.00 3.03 3.00 1.99 1.00 6.74 5.00 

2005 120 1.85 2.00 2.85 3.00 1.38 0.00 5.93 5.00 
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Table II 
Summary Statistics for Offer and Syndicate Characteristics 

The sample includes 3,003 IPOs completed between January 1993 and December 2005, excluding real estate investments trusts (REITs), 
spinoffs, closed-end funds, partnerships, unit issues, reverse leveraged buyouts and depositary shares. Offer proceeds are defined as the 
product of the offer price and the number of issued shares. Underpricing represents the percentage return from the offer price to the first 
day’s closing price. The adjustment from the filing price is the percentage return from the midpoint of the initial filing range to the offer 
price. The Carter – Manaster rank is based on the relative placement of the book manager’s name in the tombstone ad (Carter and 
Manaster (1990)); adjusted Carter-Manaster ranks are obtained from Jay Ritter’s webpage: http://bear.cba.ufl.edu/ritter/ipodata.htm. The 
summary statistics for the book manager’s Carter – Manaster rank and the syndicate characteristics are based only on the observations that 
have non-missing and valid data for these fields. 
 

 MEAN MIN 25th PCTILE MEDIAN 75th PCTILE MAX N 

Offer Proceeds ($mil) 80.17 3.26 27.23 44.00 80.00 5,470.00 3,003 

Underpricing (%) 27.32 -54.10 1.19 11.11 29.17 697.50 3,003 

Adjustment from filing price (%) 2.89 -98.44 -10.00 0.00 12.50 220.00 3,003 

Book mngr’s Carter – Manaster rank 7.84 1.1 7.10 8.10 9.10 9.10 2,997 

No. of Book managers per issue 1.13 1.00 1.00 1.00 1.00 6.00 3,003 

No. of Co-managers per issue 1.84 0.00 1.00 2.00 2.00 36.00 3,003 

No. of Non-managers per issue 6.01 0.00 0.00 0.00 11.00 116.00 3,003 

Total underwriters per issue 8.93 1.00 2.00 4.00 14.00 129.00 3,003 
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Table III 
Syndicate Structure and Offer Price Revision 

Panels A and B of the table report estimates of probit regressions for the likelihood of offer 
price revisions. Panel C reports estimates of OLS regressions, where the dependent variable 
is the percentage change from the midpoint of the filing range to the offer price. The sample 
includes 2,999 IPOs completed between January 1993 and December 2005, excluding real 
estate investments trusts (REITs), spinoffs, closed-end funds, partnerships, unit issues, 
reverse leveraged buyouts and depositary shares. In Panel A, the dependent variable takes a 
value of 1 if the offer price is greater than the midpoint of the initial filing range and 0 
otherwise. In Panel B, the dependent variable takes a value of 1 if the offer price is less than 
the midpoint of the initial filing range and 0 otherwise. Expected offer proceeds are defined 
as the product of the total number of shares issued and the midpoint of the initial filing 
range. Total return if > 20% represents the return from the midpoint of the filing range to 
the first day’s closing price, if greater than 20%, and zero otherwise. The Negative total 
return dummy is equal to 1 if the return from the midpoint of the filing range to the first 
day’s closing price is zero or negative, and equal to 0 otherwise. Days in registration is the 
number of days between the date of the filing and the date of actual public offering. Positive 
(negative) market return is the return on the CRSP equal-weighted index from the filing date 
to the offer date if it is positive (negative) and zero otherwise. The No. of Co-managers ≥ 
(<) 8 is the number of co-managers with Carter – Manaster rankings of at least (below) 8. 
Underwriting ranks are obtained from Jay Ritter’s webpage. Market return is the return on 
the CRSP equal-weighted index from the filing date to the offer date. The model also 
includes a dummy variable for NYSE/AMEX listing, as well as dummy variables for each 
offer year and for industries defined as in Fama and French (1997) and Edelen and Kadlec 
(2005). The p-values are reported under the coefficients. 
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Panel A: Probit Regressions with Upward Price Revision Dummy as Dependent Variable 

Intercept -19.3879 
(0.9646) 

-19.3595 
(0.9647) 

-19.1391 
(0.9651) 

-18.0239 
(0.9671) 

-17.5765 
(0.9679) 

Ln (Expected proceeds) 0.2299 
(0.0001) 

0.2336 
(0.0001) 

0.2088 
(0.0007) 

0.2095 
(0.0010) 

0.1744 
(0.0079) 

Dummy for 
total return > 20% 

1.2996 
(<.0001) 

1.1718 
(<.0001) 

1.2832 
(<.0001) 

1.1497 
(<.0001) 

1.2845 
(<.0001) 

Total return if > 20% 0.6781 
(<.0001) 

0.8943 
(0.0007) 

0.4792 
(0.0653) 

0.9703 
(0.0008) 

0.4655 
(0.0856) 

Negative total 
return dummy 

-1.9530 
(<.0001) 

-1.9504 
(<.0001) 

-1.9495 
(<.0001) 

-1.9400 
(<.0001) 

-1.9384 
(<.0001) 

Days in registration -0.0006 
(0.2408) 

-0.0005 
(0.3214) 

-0.0006 
(0.2868) 

-0.0027 
(0.0002) 

-0.0029 
(<.0001) 

Market Return if > 0    2.3366 
(0.0053) 

2.6804 
(0.0007) 

Total return if > 20% x 

No. of Co-managers  0.1719 
(0.0994)  0.1629 

(0.1417)  

No. of Non-managers  -0.0341 
(0.0002)  -0.0373 

(0.0002)  

No. of Co-managers ≥ 8   0.2432 
(0.0586)  0.2437 

(0.0689) 

No. of Co-managers < 8   0.0122 
(0.9221)  0.0265 

(0.8431) 

Market Return if > 0 x 

No. of Co-managers    0.2273 
(0.3488)  

No. of Non-managers    0.0408 
(0.3694)  

No. of Co-managers ≥ 8     0.4803 
(0.1110) 

No. of Co-managers < 8     -0.0772 
(0.8381) 

Pseudo-R² 0.5737 0.5759 0.5745 0.5798 0.5787 
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Panel B:Probit Regressions with Downward Price Revision Dummy as Dependent Variable 

Intercept 18.7210 
(0.9447) 

18.2848 
(0.9455) 

18.4531 
(0.9450) 

17.4437 
(0.9480) 

17.5133 
(0.9478) 

Ln (Expected proceeds) -0.0431 
(0.4493) 

-0.1175 
(0.0530) 

-0.1117 
(0.0683) 

-0.1423 
(0.0220) 

-0.1338 
(0.0335) 

Dummy for 
total return > 20% 

-1.2615 
(<.0001) 

-1.2392 
(<.0001) 

-1.2402 
(<.0001) 

-1.2344 
(<.0001) 

-1.2337 
(<.0001) 

Total return if > 20% -0.2427 
(0.0984) 

-0.2264 
(0.1270) 

-0.2329 
(0.1180) 

-0.2585 
(0.1034) 

-0.2542 
(0.1031) 

Negative total 
return dummy 

2.0256 
(<.0001) 

1.4927 
(<.0001) 

1.5070 
(<.0001) 

1.4840 
(<.0001) 

1.5001 
(<.0001) 

Days in registration 0.0006 
(0.1887) 

0.0006 
(0.2857) 

0.0006 
(0.2711) 

0.0008 
(0.1404) 

0.0008 
(0.1328) 

Market Return if < 0    -6.4561 
(0.0446) 

-7.3127 
(0.0183) 

Total return if < 0 x 

No. of Co-managers  -2.8105 
(<.0001)  -2.8001 

(<.0001)  

No. of Non-managers  -0.1142 
(0.0780)  -0.1110 

(0.0916)  

No. of Co-managers ≥ 8   -2.7759 
(<.0001)  -2.7926 

(<.0001) 

No. of Co-managers < 8   -3.4307 
(<.0001)  -3.3669 

(<.0001) 

Market Return if < 0 x 

No. of Co-managers    -0.7300 
(0.5410)  

No. of Non-managers    -0.2563 
(0.2457)  

No. of Co-managers ≥ 8     -0.5126 
(0.6851) 

No. of Co-managers < 8     -2.0698 
(0.3657) 

Pseudo-R² 0.5573 0.5698 0.5694 0.5741 0.5735 
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Panel C: OLS Regressions with % Offer Price Revision as Dependent Variable 

Intercept -0.0148 
(0.8428) 

0.0144 
(0.8585) 

0.0848 
(0.3084) 

-0.0626 
(0.4278) 

-0.0250 
(0.7559) 

Ln (Expected proceeds) 0.0025 
(0.5288) 

0.0008 
(0.8513) 

-0.0031 
(0.4835) 

0.0050 
(0.2323) 

0.0030 
(0.4806) 

Dummy for 
total return > 20% 

0.0749 
(<.0001) 

0.0586 
(<.0001) 

0.0574 
(<.0001) 

0.0724 
(<.0001) 

0.0741 
(<.0001) 

Total return if > 20% 0.1262 
(<.0001) 

0.1254 
(<.0001) 

0.1252 
(<.0001) 

0.1411 
(<.0001) 

0.1307 
(<.0001) 

Negative total 
return dummy 

-0.1647 
(<.0001) 

-0.1614 
(<.0001) 

-0.1662 
(<.0001) 

-0.1570 
(<.0001) 

-0.1625 
(<.0001) 

Days in registration -0.0003 
(<.0001) 

-0.0003 
(<.0001) 

-0.0003 
(<.0001) 

-0.0003 
(<.0001) 

-0.0003 
(<.0001) 

Market return 0.2942 
(<.0001) 

0.2929 
(<.0001) 

0.2965 
(<.0001) 

0.2917 
(<.0001) 

0.2906 
(<.0001) 

Negative total return dummy x 

No. of Co-managers  0.0002 
(0.9542)  -0.0016 

(0.5599)  

No. of Non-managers  -0.0006 
(0.1984)  -0.0009 

(0.0768)  

No. of Co-managers ≥ 8   0.0042 
(0.3149)  0.0006 

(0.8754) 

No. of Co-managers < 8   -0.0022 
(0.5485)  -0.0031 

(0.4021) 

Dummy for total return > 20% x 

No. of Co-managers  0.0094 
(0.0086)    

No. of Non-managers  -0.0002 
(0.7454)    

No. of Co-managers ≥ 8   0.0153 
(0.0002)   

No. of Co-managers < 8   0.0033 
(0.4597)   

Total return if > 20% x 

No. of Co-managers    -0.0024 
(0.3962)  

No. of Non-managers    -0.0010 
(0.0042)  

No. of Co-managers ≥ 8     -0.0025 
(0.4310) 

No. of Co-managers < 8     -0.0006 
(0.8486) 

Adjusted R² 0.7392 0.7397 0.7402 0.7399 0.7390 
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Table IV 
Aftermarket Services and Syndicate Size 

The table reports coefficient estimates from 2SLS regressions of the number of market 
makers and the number of analyst recommendations on measures of syndicate size and a set 
of control variables. The shown results are based on both 2SLS and Poisson regressions. 
The sample includes 2,999 IPOs completed between January 1993 and December 2005, 
excluding real estate investments trusts (REITs), spinoffs, closed-end funds, partnerships, 
unit issues, reverse leveraged buyouts and depositary shares. The number of market makers 
is obtained from CRSP and is defined only for the IPOs listed on NASDAQ. The number 
of analyst recommendations within the first 50 trading days is obtained from I/B/E/S. 
Aftermarket σ represents the stock’s annualized standard deviation of the continuously 
compounded daily returns, estimated over the first 50 trading days. Underpricing is the 
return from the offer price to the closing price on the first trading day. The model also 
includes dummy variables for each offer year and for industries defined as in Fama and 
French (1997) and Edelen and Kadlec (2005). In the 2SLS regressions, the number of 
underwriters (co-managers) is estimated in a first-stage regression (not reported) using as 
dependent variables the expected proceeds, aftermarket standard deviation, the level of 
underpricing, a dummy variable that equals one for book managers with Carter – Manaster 
rankings greater than or equal to eight, a dummy variable that equals one if the issue had 
venture financing, as well as year and industry dummy variables. The first-stage regression 
for the number of analysts also includes a dummy variable for NYSE/AMEX listing. The p-
values are reported under the coefficients. 
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 Number of Market Makers Number of Analyst Recommendations 

 2SLS Regressions Poisson Regressions 2SLS Regressions Poisson Regressions 

Intercept -36.4278 
(<.0001) 

-17.6509 
(<.0001) 

3.9214 
(0.0549) 

3.9233 
(0.0502) 

-22.8792 
(0.0001) 

4.3106 
(0.0315) 

-0.0950 
(0.9817) 

-0.6502 
(0.8760) 

Expected Proceeds 0.0015 
(<.0001) 

0.0008 
(<.0001) 

0.0000 
(0.1930) 

0.0000 
(0.2284) 

0.0003 
(0.0051) 

-0.0001 
(<.0001) 

0.0000 
(0.9914) 

-0.0000 
(0.0882) 

Ln (Expected Proceeds) 2.5989 
(<.0001) 

1.4302 
(<.0001) 

0.1624 
(<.0001) 

0.1525 
(<.0001) 

1.4660 
(<.0001) 

-0.2280 
(0.0548) 

0.2322 
(<.0001) 

0.1628 
(<.0001) 

Aftermarket σ 3.7130 
(<.0001) 

2.8925 
(<.0001) 

0.2014 
(<.0001) 

0.1923 
(<.0001) 

0.8510 
(0.1018) 

0.1166 
(0.5480) 

0.1848 
(0.0014) 

0.1444 
(0.0103) 

Underpricing 2.4958 
(<.0001) 

2.8948 
(<.0001) 

0.1141 
(<.0001) 

0.1136 
(<.0001) 

-0.1149 
(0.5728) 

0.2221 
(<.0001) 

0.0777 
(<.0001) 

0.0808 
(<.0001) 

No. of underwriters -0.5158 
(0.0518) - -0.0001 

(0.9210) - -0.4953 
(0.0069) - -0.0019 

(0.1900) - 

No. of co-managers - 0.8633 
(0.0491) - 0.0227 

(0.0007) - 1.2900 
(<.0001) - 0.1085 

(<.0001) 

Number of observations 2,586 2,586 2,586 2,586 2,282 2,282 2,282 2,282 

Adj. R² (pseudo - R²) 0.6942 0.8056    0.0263 0.2636   
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Table V 
Percentage Bid-Ask Spread and Syndicate Structure 

The table reports coefficient estimates from 2SLS regressions, where the dependent variable 
in the second stage is the percentage bid-ask spread, estimated over the first 50 trading days. 
The sample includes 2,999 IPOs completed between January 1993 and December 2005, 
excluding real estate investments trusts (REITs), spinoffs, closed-end funds, partnerships, 
unit issues, reverse leveraged buyouts and depositary shares. The number of co-managers is 
estimated in a first-stage regression (not reported) using as dependent variables the expected 
proceeds, aftermarket std. deviation, the level of underpricing, a dummy variable that equals 
one for book managers with Carter – Manaster rankings greater than or equal to eight, a 
dummy variable that equals one if the issue had venture financing, a dummy variable for 
NYSE/AMEX listing, as well as year and industry dummy variables. Ln (Trading Volume) 
represents the natural log of the average trading volume, estimated over the first 50 trading 
days. Aftermarket σ represents the stock’s annualized standard deviation of the continuously 
compounded daily returns, estimated over the first 50 trading days. Days in registration is the 
number of days between the date of the filing and the date of actual public offering. VC 
Dummy is a dummy variable that equals one if the issue had venture capital financing, and 
zero otherwise. EX Dummy is a dummy variable that equals one if the issue was listed on 
NYSE or AMEX, and zero otherwise. The adjustment from the filing price is the percentage 
return from the midpoint of the initial filing range to the offer price. The No. of Co-
managers ≥ 8 is the number of co-managers with Carter – Manaster rankings of at least 8. 
The No. of Co-managers ≥ 8 * Bubble_dum is the number of co-managers with Carter – 
Manaster rankings of at least 8 multiplied by a dummy variable that equals one if the IPO 
was completed during the bubble period (see Loughran and Ritter (2004)). Underwriting 
ranks are obtained from Jay Ritter’s webpage. % Market Makers is the ratio of the number of 
market makers and the total number of underwriters in the syndicate. The number of market 
makers is obtained from CRSP. The number of analyst recommendations within the first 50 
trading days is obtained from I/B/E/S. The model also includes dummy variables for each 
tick size regime (16th and decimal), and dummy variables for industries defined as in Fama 
and French (1997) and Edelen and Kadlec (2005). The p-values are reported under the 
coefficients. 
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2SLS Regressions with The Percentage Bid-Ask Spread as Dependent Variable 
(2nd Stage) 

Intercept 0.0791 
(<.0001) 

0.0832 
(<.0001) 

0.0794 
(<.0001) 

0.1003 
(<.0001) 

0.1180 
(<.0001) 

0.1265 
(<.0001) 

Expected Proceeds 0.0019 
(<.0001) 

0.0018 
(<.0001) 

0.0019 
(<.0001) 

0.0016 
(<.0001) 

0.0020 
(<.0001) 

0.0009 
(0.0002) 

Ln (Expected Proceeds) 0.0022 
(0.0045) 

0.0012 
(0.1151) 

0.0022 
(0.0056) 

0.0008 
(0.2467) 

0.0005 
(0.4609) 

-0.0009 
(0.2665) 

Ln (Trading Volume) -0.0088 
(<.0001) 

-0.0076 
(<.0001) 

-0.0088 
(<.0001) 

-0.0086 
(<.0001) 

-0.0096 
(<.0001) 

-0.0082 
(<.0001) 

Aftermarket σ 0.0237 
(<.0001) 

0.0228 
(<.0001) 

0.0238 
(<.0001) 

0.0217 
(<.0001) 

0.0252 
(<.0001) 

0.0211 
(<.0001) 

Days in registration * 210−  
0.0004 

(0.0480) 
0.0002 

(0.2581) 
0.0004 

(0.0497) 
0.0003 

(0.1028) 
0.0006 

(0.0087) 
0.0002 

(0.2670) 

VC Dummy -0.0004 
(0.3603) 

-0.0004 
(0.3808) 

-0.0004 
(0.3683) 

-0.0009 
(0.0592) 

-0.0005 
(0.2635) 

-0.0010 
(0.0231) 

EX Dummy -0.0094 
(<.0001) 

-0.0090 
(<.0001) 

-0.0095 
(<.0001) 

-0.0092 
(<.0001) - - 

No. of co-managers -0.0041 
(<.0001) 

-0.0037 
(0.0001) 

-0.0043 
(<.0001) 

-0.0027 
(0.0042) 

-0.0027 
(0.0034) 

-0.0008 
(0.4227) 

Adjustment from filing price (%)  -0.0062 
(<.0001)    -0.0055 

(<.0001) 

No. of Co-managers ≥ 8   0.0002 
(0.4666)   -0.0002 

(0.4470) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0001 

(0.8019)   0.0004 
(0.2865) 

No. of Analyst Recommendations    -0.0002 
(0.1599)  -0.0004 

(0.0327) 

% Market Makers     -0.0002 
(0.0699) 

0.0000 
(0.9043) 

Number of observations 2,705 2,705 2,705 2,220 2,299 1,929 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.6306 0.6471 0.6275 0.6535 0.6795 0.6870 
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Table VI 
Percentage Relative Bid-Ask Spread and Syndicate Structure 

The table reports coefficient estimates from 2SLS regressions, where the dependent variable 
in the second stage is the percentage relative bid-ask spread, estimated over the first 50 
trading days. The sample includes 2,999 IPOs completed between January 1993 and 
December 2005, excluding real estate investments trusts (REITs), spinoffs, closed-end 
funds, partnerships, unit issues, reverse leveraged buyouts and depositary shares. The 
number of co-managers is estimated in a first-stage regression (not reported) using as 
dependent variables the expected proceeds, aftermarket std. deviation, the level of 
underpricing, a dummy variable that equals one for book managers with Carter – Manaster 
rankings greater than or equal to eight, a dummy variable that equals one if the issue had 
venture financing, a dummy variable for NYSE/AMEX listing, as well as year and industry 
dummy variables. Ln (Trading Volume) represents the natural log of the average trading 
volume, estimated over the first 50 trading days. Aftermarket σ represents the stock’s 
annualized standard deviation of the continuously compounded daily returns, estimated over 
the first 50 trading days. Days in registration is the number of days between the date of the 
filing and the date of actual public offering. VC Dummy is a dummy variable that equals one 
if the issue had venture capital financing, and zero otherwise. EX Dummy is a dummy 
variable that equals one if the issue was listed on NYSE or AMEX, and zero otherwise. The 
adjustment from the filing price is the percentage return from the midpoint of the initial 
filing range to the offer price. The No. of Co-managers ≥ 8 is the number of co-managers 
with Carter – Manaster rankings of at least 8. The No. of Co-managers ≥ 8 * Bubble_dum is 
the number of co-managers with Carter – Manaster rankings of at least 8 multiplied by a 
dummy variable that equals one if the IPO was completed during the bubble period (see 
Loughran and Ritter (2004)). Underwriting ranks are obtained from Jay Ritter’s webpage. % 
Market Makers is the ratio of the number of market makers and the total number of 
underwriters in the syndicate. The number of market makers is obtained from CRSP. The 
number of analyst recommendations within the first 50 trading days is obtained from 
I/B/E/S. The model also includes dummy variables for each tick size regime (16th and 
decimal), and dummy variables for industries defined as in Fama and French (1997) and 
Edelen and Kadlec (2005). The p-values are reported under the coefficients. 
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2SLS Regressions with The Percentage Relative Bid-Ask Spread as Dependent Variable 
(2nd Stage) 

Intercept 0.0503 
(0.0242) 

0.0555 
(0.0122) 

0.0292 
(0.2403) 

0.0753 
(0.0035) 

0.0690 
(<.0001) 

0.0674 
(<.0001) 

Expected Proceeds 0.0017 
(0.0002) 

0.0015 
(0.0005) 

0.0021 
(<.0001) 

0.0011 
(0.0220) 

0.0020 
(<.0001) 

0.0008 
(<.0001) 

Ln (Expected Proceeds) 0.0015 
(0.2646) 

0.0006 
(0.6665) 

0.0031 
(0.0462) 

-0.0002 
(0.9265) 

0.0013 
(0.0124) 

0.0005 
(0.3680) 

Ln (Trading Volume) -0.0058 
(<.0001) 

-0.0048 
(<.0001) 

-0.0059 
(<.0001) 

-0.0057 
(<.0001) 

-0.0070 
(<.0001) 

-0.0057 
(<.0001) 

Aftermarket σ 0.0212 
(<.0001) 

0.0203 
(<.0001) 

0.0202 
(<.0001) 

0.0186 
(<.0001) 

0.0222 
(<.0001) 

0.0184 
(<.0001) 

Days in registration * 210−  
0.0000 

(0.9673) 
-0.0001 
(0.7151) 

0.0000 
(0.9507) 

-0.0000 
(0.9477) 

0.0005 
(0.0034) 

0.0003 
(0.0977) 

VC Dummy 0.0012 
(0.1510) 

0.0012 
(0.1514) 

0.0016 
(0.0662) 

0.0008 
(0.4265) 

0.0000 
(0.9200) 

-0.0003 
(0.2843) 

EX Dummy -0.0032 
(0.0074) 

-0.0028 
(0.0153) 

-0.0025 
(0.0587) 

-0.0026 
(0.0954) - - 

No. of co-managers -0.0046 
(0.0149) 

-0.0041 
(0.0263) 

-0.0077 
(0.0003) 

-0.0028 
(0.1840) 

-0.0037 
(<.0001) 

-0.0027 
(0.0001) 

Adjustment from filing price (%)  -0.0053 
(0.0004)    -0.0049 

(<.0001) 

No. of Co-managers ≥ 8   -0.0001 
(0.9020)   -0.0001 

(0.7697) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0028 

(<.0001)   0.0005 
(0.0648) 

No. of Analyst Recommendations    0.0003 
(0.3630)  -0.0002 

(0.2076) 

% Market Makers     -0.0000 
(0.5011) 

-0.0000 
(0.8337) 

Number of observations 2,971 2,971 2,971 2,263 2,565 1,972 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.1934 0.1999 0.1731 0.1654 0.5665 0.6248 
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Table VII 
The Probability of Informed Trading (PROBINF) and Syndicate Structure 

Panels A, B and C report coefficient estimates from 2SLS regressions, where the dependent 
variable in the second stage is the probability of informed trading (PROBINF), estimated 
over trading days +25 through +50, using the methodology of Popescu and Kumar (2006) 
and the order processing cost per share estimated as in Glosten and Harris (1988), 
Madhavan and Smidt (1991) and Foster and Viswanathan (1993), respectively. The sample 
includes 2,999 IPOs completed between January 1993 and December 2005, excluding real 
estate investments trusts (REITs), spinoffs, closed-end funds, partnerships, unit issues, 
reverse leveraged buyouts and depositary shares. The number of co-managers is estimated in 
a first-stage regression (not reported) using as dependent variables the expected proceeds, 
aftermarket std. deviation, the level of underpricing, a dummy variable that equals one for 
book managers with Carter – Manaster rankings greater than or equal to eight, a dummy 
variable that equals one if the issue had venture financing, a dummy variable for 
NYSE/AMEX listing, as well as year and industry dummy variables. Ln (Trading Volume) 
represents the natural log of the average trading volume, estimated over the first 50 trading 
days. Aftermarket σ represents the stock’s annualized standard deviation of the continuously 
compounded daily returns, estimated over the first 50 trading days. Days in registration is the 
number of days between the date of the filing and the date of actual public offering. VC 
Dummy is a dummy variable that equals one if the issue had venture capital financing, and 
zero otherwise. EX Dummy is a dummy variable that equals one if the issue was listed on 
NYSE or AMEX, and zero otherwise. The adjustment from the filing price is the percentage 
return from the midpoint of the initial filing range to the offer price. The No. of Co-
managers ≥ 8 is the number of co-managers with Carter – Manaster rankings of at least 8. 
The No. of Co-managers ≥ 8 * Bubble_dum is the number of co-managers with Carter – 
Manaster rankings of at least 8 multiplied by a dummy variable that equals one if the IPO 
was completed during the bubble period (see Loughran and Ritter (2004)). Underwriting 
ranks are obtained from Jay Ritter’s webpage. % Market Makers is the ratio of the number of 
market makers and the total number of underwriters in the syndicate. The number of market 
makers is obtained from CRSP. The number of analyst recommendations within the first 50 
trading days is obtained from I/B/E/S. The model also includes dummy variables for each 
tick size regime (16th and decimal), and dummy variables for industries defined as in Fama 
and French (1997) and Edelen and Kadlec (2005). The p-values are reported under the 
coefficients. 
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Panel A: 2SLS Regressions with The Probability of Informed Trading (PROBINFGH) as Dependent Variable (2nd Stage) 

Intercept 0.6491 
(<.0001) 

0.6483 
(<.0001) 

0.5685 
(<.0001) 

0.6471 
(<.0001) 

0.6197 
(<.0001) 

0.6589 
(0.0002) 

Expected Proceeds -0.0069 
(0.0031) 

-0.0068 
(0.0033) 

-0.0060 
(0.0097) 

-0.0050 
(0.0218) 

-0.0117 
(0.0050) 

-0.0074 
(0.0104) 

Ln (Expected Proceeds) 0.0212 
(0.0151) 

0.0217 
(0.0140) 

0.0259 
(0.0030) 

0.0222 
(0.0086) 

0.0228 
(0.0074) 

0.0234 
(0.0244) 

Ln (Trading Volume) -0.0574 
(<.0001) 

-0.0579 
(<.0001) 

-0.0564 
(<.0001) 

-0.0595 
(<.0001) 

-0.0546 
(<.0001) 

-0.0576 
(<.0001) 

Aftermarket σ -0.0628 
(<.0001) 

-0.0624 
(<.0001) 

-0.0698 
(<.0001) 

-0.0497 
(0.0014) 

-0.0485 
(0.0026) 

-0.0464 
(0.0062) 

Days in registration * 210−  
0.0019 

(0.4285) 
0.0020 

(0.4069) 
0.0020 

(0.4082) 
0.0007 

(0.7926) 
0.0002 

(0.9553) 
-0.0006 
(0.8392) 

VC Dummy -0.0104 
(0.0603) 

-0.0104 
(0.0595) 

-0.0088 
(0.1069) 

-0.0095 
(0.0948) 

-0.0134 
(0.0247) 

-0.0110 
(0.0666) 

EX Dummy 0.0567 
(<.0001) 

0.0564 
(<.0001) 

0.0607 
(<.0001) 

0.0663 
(<.0001) - - 

No. of co-managers 0.0144 
(0.1537) 

0.0143 
(0.1569) 

0.0113 
(0.2753) 

0.0103 
(0.2882) 

0.0139 
(0.1818) 

0.0093 
(0.3850) 

Adjustment from filing price (%)  0.0031 
(0.7169)    0.0101 

(0.3038) 

No. of Co-managers ≥ 8   -0.0077 
(0.0038)   -0.0095 

(0.0169) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0078 

(0.0102)   0.0144 
(0.0011) 

No. of Analyst Recommendations    -0.0050 
(0.0101)  -0.0074 

(0.0017) 

% Market Makers     -0.0022 
(0.0521) 

-0.0026 
(0.0425) 

Number of observations 1,779 1,779 1,779 1,442 1,374 1,152 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.4949 0.4948 0.5041 0.5288 0.4456 0.4816 
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Panel B: 2SLS Regressions with The Probability of Informed Trading (PROBINFMS) as Dependent Variable (2nd Stage) 

Intercept 0.7038 
(<.0001) 

0.7033 
(<.0001) 

0.6263 
(<.0001) 

0.7710 
(<.0001) 

0.6777 
(<.0001) 

0.7572 
(<.0001) 

Expected Proceeds -0.0053 
(0.0242) 

-0.0052 
(0.0254) 

-0.0044 
(0.0607) 

-0.0046 
(0.0386) 

-0.0109 
(0.0094) 

-0.0071 
(0.0149) 

Ln (Expected Proceeds) 0.0240 
(0.0063) 

0.0243 
(0.0062) 

0.0286 
(0.0013) 

0.0208 
(0.0161) 

0.0238 
(0.0053) 

0.0217 
(0.0389) 

Ln (Trading Volume) -0.0647 
(<.0001) 

-0.0651 
(<.0001) 

-0.0639 
(<.0001) 

-0.0665 
(<.0001) 

-0.0587 
(<.0001) 

-0.0615 
(<.0001) 

Aftermarket σ -0.0537 
(0.0003) 

-0.0534 
(0.0003) 

-0.0604 
(<.0001) 

-0.0472 
(0.0030) 

-0.0487 
(0.0025) 

-0.0477 
(0.0055) 

Days in registration * 210−  
0.0028 

(0.2488) 
0.0029 

(0.2398) 
0.0028 

(0.2364) 
0.0011 

(0.6712) 
0.0006 

(0.8436) 
-0.0004 
(0.9133) 

VC Dummy -0.0083 
(0.1395) 

-0.0083 
(0.1385) 

-0.0067 
(0.2269) 

-0.0095 
(0.1015) 

-0.0130 
(0.0296) 

-0.0115 
(0.0576) 

EX Dummy 0.0963 
(<.0001) 

0.0961 
(<.0001) 

0.1001 
(<.0001) 

0.1033 
(<.0001) - - 

No. of co-managers 0.0076 
(0.4545) 

0.0075 
(0.4593) 

0.0044 
(0.6778) 

0.0100 
(0.3131) 

0.0119 
(0.2559) 

0.0110 
(0.3126) 

Adjustment from filing price (%)  0.0022 
(0.7980)    0.0091 

(0.3596) 

No. of Co-managers ≥ 8   -0.0073 
(0.0072)   -0.0085 

(0.0359) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0077 

(0.0131)   0.0125 
(0.0051) 

No. of Analyst Recommendations    -0.0049 
(0.0142)  -0.0072 

(0.0028) 

% Market Makers     -0.0028 
(0.0126) 

-0.0030 
(0.0201) 

Number of observations 1,779 1,779 1,779 1,442 1,374 1,152 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.5536 0.5535 0.5589 0.5699 0.4518 0.4804 
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Panel C: 2SLS Regressions with The Probability of Informed Trading (PROBINFFV) as Dependent Variable (2nd Stage) 

Intercept 0.6564 
(<.0001) 

0.6556 
(<.0001) 

0.5734 
(0.0001) 

0.6504 
(<.0001) 

0.6442 
(<.0001) 

0.6955 
(<.0001) 

Expected Proceeds -0.0066 
(0.0051) 

-0.0066 
(0.0055) 

-0.0057 
(0.0153) 

-0.0047 
(0.0335) 

-0.0112 
(0.0087) 

-0.0069 
(0.0182) 

Ln (Expected Proceeds) 0.0224 
(0.0121) 

0.0228 
(0.0112) 

0.0272 
(0.0024) 

0.0235 
(0.0061) 

0.0232 
(0.0076) 

0.0234 
(0.0268) 

Ln (Trading Volume) -0.0591 
(<.0001) 

-0.0597 
(<.0001) 

-0.0581 
(<.0001) 

-0.0610 
(<.0001) 

-0.0564 
(<.0001) 

-0.0598 
(<.0001) 

Aftermarket σ -0.0663 
(<.0001) 

-0.0660 
(<.0001) 

-0.0736 
(<.0001) 

-0.0539 
(0.0006) 

-0.0518 
(0.0016) 

-0.0492 
(0.0043) 

Days in registration * 210−  
0.0020 

(0.4176) 
0.0021 

(0.3947) 
0.0020 

(0.3978) 
0.0006 

(0.8238) 
-0.0003 
(0.9268) 

-0.0010 
(0.7648) 

VC Dummy -0.0110 
(0.0525) 

-0.0110 
(0.0517) 

-0.0094 
(0.0950) 

-0.0099 
(0.0852) 

-0.0143 
(0.0197) 

-0.0117 
(0.0549) 

EX Dummy 0.0530 
(<.0001) 

0.0527 
(<.0001) 

0.0571 
(<.0001) 

0.0617 
(<.0001) - - 

No. of co-managers 0.0131 
(0.2023) 

0.0130 
(0.2066) 

0.0100 
(0.3454) 

0.0088 
(0.3695) 

0.0127 
(0.2330) 

0.0082 
(0.4549) 

Adjustment from filing price (%)  0.0034 
(0.6973)    0.0103 

(0.3049) 

No. of Co-managers ≥ 8   -0.0080 
(0.0034)   -0.0098 

(0.0162) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0080 

(0.0098)   0.0149 
(0.0009) 

No. of Analyst Recommendations    -0.0054 
(0.0065)  -0.0076 

(0.0016) 

% Market Makers     -0.0022 
(0.0561) 

-0.0026 
(0.0477) 

Number of observations 1,779 1,779 1,779 1,442 1,374 1,152 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.4966 0.4965 0.5052 0.5323 0.4570 0.4957 
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Table VIII 
The Adverse Selection Component of the Bid-Ask Spread (δ) and Syndicate Structure 
The table reports coefficient estimates from 2SLS regressions, where the dependent variable 
in the second stage is the adverse selection component of the bid-ask spread (δ), estimated 
based on the model of Lin, Sanger and Booth (1995). The sample includes 2,999 IPOs 
completed between January 1993 and December 2005, excluding real estate investments 
trusts (REITs), spinoffs, closed-end funds, partnerships, unit issues, reverse leveraged 
buyouts and depositary shares. The number of co-managers is estimated in a first-stage 
regression (not reported) using as dependent variables the expected proceeds, aftermarket 
std. deviation, the level of underpricing, a dummy variable that equals one for book 
managers with Carter – Manaster rankings greater than or equal to eight, a dummy variable 
that equals one if the issue had venture financing, a dummy variable for NYSE/AMEX 
listing, as well as year and industry dummy variables. Ln (Trading Volume) represents the 
natural log of the average trading volume, estimated over the first 50 trading days. 
Aftermarket σ represents the stock’s annualized standard deviation of the continuously 
compounded daily returns, estimated over the first 50 trading days. Days in registration is the 
number of days between the date of the filing and the date of actual public offering. VC 
Dummy is a dummy variable that equals one if the issue had venture capital financing, and 
zero otherwise. EX Dummy is a dummy variable that equals one if the issue was listed on 
NYSE or AMEX, and zero otherwise. The adjustment from the filing price is the percentage 
return from the midpoint of the initial filing range to the offer price. The No. of Co-
managers ≥ 8 is the number of co-managers with Carter – Manaster rankings of at least 8. 
The No. of Co-managers ≥ 8 * Bubble_dum is the number of co-managers with Carter – 
Manaster rankings of at least 8 multiplied by a dummy variable that equals one if the IPO 
was completed during the bubble period (see Loughran and Ritter (2004)). Underwriting 
ranks are obtained from Jay Ritter’s webpage. % Market Makers is the ratio of the number of 
market makers and the total number of underwriters in the syndicate. The number of market 
makers is obtained from CRSP. The number of analyst recommendations within the first 50 
trading days is obtained from I/B/E/S. The model also includes dummy variables for each 
tick size regime (16th and decimal), and dummy variables for industries defined as in Fama 
and French (1997) and Edelen and Kadlec (2005). The p-values are reported under the 
coefficients. 
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2SLS Regressions with The Adverse Selection Component of the Bid-Ask Spread (δ) as Dependent Variable (2nd Stage) 

Intercept 0.2442 
(0.0010) 

0.2445 
(0.0010) 

0.2255 
(0.0030) 

0.2576 
(0.0002) 

0.1035 
(0.0048) 

0.1638 
(0.0003) 

Expected Proceeds 0.0015 
(0.2791) 

0.0015 
(0.2829) 

0.0016 
(0.2608) 

-0.0012 
(0.3312) 

0.0017 
(0.2023) 

-0.0009 
(0.3110) 

Ln (Expected Proceeds) 0.0090 
(0.0518) 

0.0089 
(0.0572) 

0.0099 
(0.0365) 

0.0084 
(0.0522) 

0.0103 
(<.0001) 

0.0062 
(0.0270) 

Ln (Trading Volume) -0.0323 
(<.0001) 

-0.0322 
(<.0001) 

-0.0319 
(<.0001) 

-0.0321 
(<.0001) 

-0.0207 
(<.0001) 

-0.0213 
(<.0001) 

Aftermarket σ 0.0492 
(<.0001) 

0.0491 
(<.0001) 

0.0481 
(<.0001) 

0.0349 
(<.0001) 

0.0175 
(0.0002) 

0.0180 
(0.0001) 

Days in registration * 210−  
0.0044 

(0.0013) 
0.0044 

(0.0014) 
0.0044 

(0.0013) 
0.0013 

(0.3588) 
0.0014 

(0.0961) 
0.0007 

(0.4552) 

VC Dummy 0.0053 
(0.0503) 

0.0053 
(0.0502) 

0.0057 
(0.0390) 

0.0032 
(0.2312) 

0.0048 
(0.0020) 

0.0029 
(0.0585) 

EX Dummy 0.3754 
(<.0001) 

0.3754 
(<.0001) 

0.3763 
(<.0001) 

0.3648 
(<.0001) - - 

No. of co-managers -0.0140 
(0.0196) 

-0.0140 
(0.0199) 

-0.0134 
(0.0324) 

-0.0024 
(0.6672) 

-0.0092 
(0.0054) 

0.0006 
(0.8701) 

Adjustment from filing price (%)  -0.0004 
(0.9333)    -0.0058 

(0.0371) 

No. of Co-managers ≥ 8   -0.0026 
(0.0822)   0.0027 

(0.0067) 

No. of Co-managers ≥ 8 * 
Bubble_dum   0.0010 

(0.5767)   -0.0067 
(<.0001) 

No. of Analyst Recommendations    -0.0021 
(0.0359)  0.0005 

(0.4742) 

% Market Makers     -0.0006 
(0.0306) 

-0.0005 
(0.1523) 

Number of observations 2,731 2,731 2,731 2,235 2,325 1,944 

Industry Dummies Yes Yes Yes Yes Yes Yes 

Tick size Dummies Yes Yes Yes Yes Yes Yes 

Adj. R² 0.8552 0.8552 0.8549 0.8648 0.4495 0.5108 
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APPENDIX 
 

 

NYSE Stocks Included in Sample 
 
This table presents the stocks included in the testing of our model. Each size decile contains 
10 stocks randomly chosen based on their average market value during 2001. PIN represents 
the probability of informed-based trade as described in Easley, Kiefer, O’Hara and 
Paperman (1996). PROBINF represents the probability of informed trading based on our 
model. 
 

PERMNO Ticker Company Name PROBINF PIN Decile
10225 FO FORTUNE BRANDS INC 0.5028 0.1158 7 
10302 CY CYPRESS SEMICONDUCTOR CORP 0.3750 0.0877 6 
10657 AD ADVO INC 0.4938 0.1247 3 
11159 DVI D V I INC 0.5915 0.2521 1 
11478 BRY BERRY PETROLEUM CO 0.5829 0.2045 2 
11533 FIC FAIR ISAAC & CO INC 0.5651 0.1972 4 
11599 ACO AMCOL INTERNATIONAL CORP 0.6479 0.1962 1 
12008 DY DYCOM INDUSTRIES INC 0.3858 0.1111 3 
16890 BN BANTA CORP 0.4574 0.1416 3 
17478 MHP MCGRAW HILL COS INC 0.4244 0.0964 8 
19992 BBR BUTLER MANUFACTURING CO DE 0.5972 0.2697 1 
20482 ABT ABBOTT LABS 0.3754 0.0800 9 
21055 GCO GENESCO INC 0.4398 0.1263 3 
21231 WGL W G L HOLDINGS INC 0.5724 0.1227 5 
21573 IP INTERNATIONAL PAPER CO 0.3537 0.0746 9 
22066 NSI NATIONAL SERVICE INDUSTRIES INC 0.5270 0.1307 4 
22921 CKP CHECKPOINT SYSTEMS INC 0.4953 0.1787 2 
23026 FE FIRSTENERGY CORP 0.4052 0.1467 8 
23114 PGN PROGRESS ENERGY INC 0.4699 0.1095 8 
23309 HLT HILTON HOTELS CORP 0.3024 0.0947 7 
23536 WEC WISCONSIN ENERGY CORP 0.4400 0.0901 6 
23916 CYN CITY NATIONAL CORP 0.4169 0.1332 6 
24256 MTP MONTANA POWER CO 0.4103 0.1055 4 
24803 WIN WINN DIXIE STORES INC 0.3146 0.1183 6 
25419 WHR WHIRLPOOL CORP 0.4081 0.1370 7 
25953 DOV DOVER CORP 0.4383 0.0975 8 
26614 SJI SOUTH JERSEY INDS INC 0.7146 0.2021 2 
28222 APD AIR PRODUCTS & CHEMICALS INC 0.4118 0.0990 8 
34121 FCP FALCON PRODUCTS INC 0.6897 0.3608 0 
34841 COV COVANTA ENERGY CORP 0.6068 0.0726 3 
35991 ROG ROGERS CORP 0.5900 0.1012 2 
36898 SCL STEPAN CO 0.7759 0.3664 1 
37699 FMT FREMONT GENERAL CORP 0.5119 0.1804 2 
38420 CK CROMPTON CORP 0.4181 0.1341 4 
42200 PKI PERKINELMER INC 0.4503 0.1201 7 
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42796 MDP MEREDITH CORP 0.4843 0.1089 5 
43721 LZ LUBRIZOL CORP 0.4465 0.1304 5 
44206 NU NORTHEAST UTILITIES 0.3449 0.1355 6 
45487 NSH NASHUA CORP 0.6951 0.3581 0 
45583 AGL ANGELICA CORP 0.7444 0.2114 0 
46149 JLG J L G INDUSTRIES INC 0.4517 0.1341 2 
48274 GAS NICOR INC 0.5534 0.1177 5 
48514 IKN IKON OFFICE SOLUTIONS INC 0.3862 0.1746 4 
48696 TTN TITAN CORP 0.3499 0.1158 4 
50286 LEE LEE ENTERPRISES INC 0.5374 0.2129 4 
51692 PIR PIER 1 IMPORTS INC DE 0.4032 0.1020 4 
52936 MCY MERCURY GENERAL CORP NEW 0.4569 0.1717 6 
59192 CB CHUBB CORP 0.4686 0.1178 9 
61399 LOW LOWES COMPANIES INC 0.3007 0.0992 9 
62034 PNR PENTAIR INC 0.4647 0.1079 5 
62498 WST WEST PHARMACEUTICAL SERVICES INC 0.5577 0.2349 2 
63503 CV CENTRAL VERMONT PUB SVC CORP 0.6531 0.2124 1 
64390 PGR PROGRESSIVE CORP OH 0.4783 0.0945 8 
65138 ONE BANK ONE CORP 0.3328 0.1074 9 
65294 RLI R L I CORP 0.7344 0.1936 2 
66093 SBC S B C COMMUNICATIONS INC 0.3203 0.0903 9 
71909 FNF FIDELITY NATIONAL FINANCIAL INC 0.4700 0.1272 6 
72980 STC STEWART INFORMATION SVCS CORP 0.6491 0.2247 1 
73940 SBL SYMBOL TECHNOLOGIES INC 0.3757 0.0873 7 
75034 BHI BAKER HUGHES INC 0.3791 0.0804 9 
75101 TBL TIMBERLAND CO 0.4739 0.1468 5 
75162 FED FIRSTFED FINANCIAL CORP 0.5562 0.1398 2 
75215 PWN CASH AMERICA INTERNATIONAL INC 0.5891 0.2033 1 
75261 MNI MCCLATCHY NEWSPAPERS 0.5165 0.1634 3 
75825 EOG EOG RESOURCES INC 0.3683 0.0935 7 
76127 TTI TETRA TECHNOLOGIES INC 0.5527 0.1798 1 
76226 VIA VIACOM INC 0.5283 0.1167 9 
76757 ABK AMBAC FINANCIAL GROUP INC 0.4329 0.0885 8 
76804 MTG M G I C INVESTMENT CORP WIS 0.4333 0.1205 8 
77018 LFG LANDAMERICA FINANCIAL GROUP INC 0.5566 0.1626 3 
77366 ELY CALLAWAY GOLF CO 0.3757 0.0953 5 
77453 JBX JACK IN THE BOX INC 0.4666 0.1014 4 
77605 BSX BOSTON SCIENTIFIC CORP 0.3580 0.1075 8 
77637 FC FRANKLIN COVEY CO 0.6865 0.2709 0 
77708 UDS ULTRAMAR DIAMOND SHAMROCK CORP 0.4457 0.1489 7 
77855 FBN FURNITURE BRANDS INTL INC 0.4101 0.1394 5 
78038 RDN RADIAN GROUP INC 0.3676 0.1077 7 
79670 CO CORRPRO COS INC 0.6573 0.2972 0 
79903 HHS HARTE HANKS INC 0.4646 0.1467 5 
80076 PAR COASTCAST CORP 0.6934 0.2647 0 
80796 MDA MEDIA ARTS GROUP INC 0.6353 0.2033 0 
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80864 RS RELIANCE STEEL & ALUMINUM CO 0.6142 0.2118 3 
80913 ACS AFFILIATED COMPUTER SERVICES INC 0.4729 0.1408 7 
82643 LXK LEXMARK INTERNATIONAL INC NEW 0.4004 0.1188 8 
82959 WLL WILLAMETTE INDUSTRIES INC 0.4953 0.1024 7 
83596 EDS ELECTRONIC DATA SYS CORP NEW 0.4268 0.0987 9 
83976 ANF ABERCROMBIE & FITCH CO 0.3298 0.1012 6 
84023 CRN CORNELL COMPANIES INC 0.6474 0.2643 0 
84375 TEN TENNECO AUTOMOTIVE INC 0.4872 0.1515 0 
84779 JRC JOURNAL REGISTER CO 0.4519 0.1945 3 
85255 CPS CHOICEPOINT INC 0.5258 0.1383 6 
85336 IDG INDUSTRIAL DISTRIBUTION GRP INC 0.6075 0.4461 0 
85629 TCC TRAMMELL CROW CO 0.5996 0.1786 2 
85763 WPC W P CAREY & CO LLC 0.6864 0.1936 3 
85768 IES INTEGRATED ELECTRCAL SRVCS INC 0.6251 0.2202 1 
86021 LLL L 3 COMMUNICATIONS HLDGS INC 0.4253 0.1610 6 
86868 GS GOLDMAN SACHS GROUP INC 0.4450 0.0992 9 
86876 WCC WESCO INTERNATIONAL INC 0.6654 0.2550 1 
88235 PRS PURE RES INC 0.5340 0.2139 4 
88661 COH COACH INC 0.4225 0.2136 5 
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