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Abstract 

The objective of this thesis is to investigate the role of multiple lead underwriter (MLU) 

syndicates in initial public offerings (IPOs). Despite the increasing tendency among US 

issuers to employ MLUs to manage their offerings, the role of MLUs has not been widely 

recognised in the IPO literature. Using a sample of US IPOs from 1999–2012, this thesis 

explores several roles of MLUs in three related yet distinct empirical essays.  

In the first empirical essay, we investigate the information production role of underwriters 

in an MLU syndicate. We find that, compared to SLU-backed IPOs, MLU-backed IPOs 

contain more informative content in their IPO prospectuses. The level of informative 

content, which is a proxy for pre-filing the due diligence efforts of lead underwriters, 

suggests that MLUs produce more information during the pre-filing period. Further, we 

find that MLUs use a more readable writing style in IPO prospectuses to effectively 

communicate pre-filing information to investors. We also find that MLUs produce less 

information during bookbuilding and provide less support for partial adjustment 

phenomena. Together, our results suggest that MLUs replace the costly process of 

bookbuilding information production with their extensive pre-filing information 

production. 

The second empirical essay examines the role of MLUs in the pricing of IPOs from the 

underwriter’s perspective. Given that MLUs produce more information, we hypothesise 

that this information advantage should influence the underwriting standard of MLUs. 

Consistent with this notion, we find that MLUs price the offer closer to the intrinsic value 

of the firm. Our results also indicate that MLU-backed IPOs experience lower 

underpricing, lower variability of initial return, and better long-run performance. 
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Furthermore, MLU-backed IPOs exhibit a lower withdrawal risk and are more likely to 

conduct a larger secondary equity offering. Taken together, our results support the view 

that MLUs provide certification to the issue. 

The third empirical essay examines the impact of MLUs on post-listing investor 

behaviour. We hypothesise that MLUs, on account of better information production and 

dissemination, should reduce investors’ heterogeneous beliefs in the IPOs they manage. 

Using effective spread, return volatility, and dispersion in analyst estimates as proxies of 

heterogeneous belief, we find that IPOs backed by MLUs exhibit significantly lower 

divergence of opinion among investors than do IPOs backed by SLUs. Further, consistent 

with Miller’s theory (1977), we find that MLU backed IPOs are also associated with 

better lockup expiry returns.  

Key words: IPOs; Multiple Lead Underwriters; Syndicates; Information Production; 

Pricing; Certification; Heterogeneity. 

JEL Classification: G24 
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 : General Introduction 

1.1 Background 

The decision to go public via an initial public offering (IPO) is one of the landmark events 

in the life of a firm. Going public allows firms to raise equity finance to support the 

growth prospects or current financial obligations, as well as creating an opportunity for 

the investors and founders to realise returns on their investment (Jenkinson & Ljungqvist, 

2001). During this process,  most issuers are assisted by an “underwriter” that acts as an 

intermediary between the issuer and investors.1 The underwriter, which can be an 

investment bank or a commercial bank, provide a number of interrelated services that 

include, but are not limited to, legal and administrative advices, pricing, certification, 

securities distribution, and supporting the firms in the secondary market (Chen & Ritter, 

2000).2 However, the most notable service of an underwriter is risk sharing, whereby, 

under a firm commitment contract, they guarantee to purchase the entire offering at a pre-

determined price before re-selling back to investors within hours.  

While a single underwriter is capable of providing these services, it’s a common practice 

for issuers to employ a group of underwriters to manage their offering, which is referred 

as an “underwriter syndicate.” The roots of underwriting syndicates date back to the 

1 The US securities Act of 1933 permits qualified firms to issue securities to the public without the 

involvement of an underwriter through a direct public offering (DPO). However, DPOs are only popular 

among government organisations and smaller issuers.  
2 Section 2(11) of the US securities Act of 1933 defines the term "underwriter" as : “Any person who has 

purchased from an issuer with a view to, or offers or sells for an issuer in connection with, the distribution 

of any security, or participates or has a direct or indirect participation in any such undertaking,; but such 

term shall not include a person whose interest is limited to a commission from an underwriter or dealer not 

in excess of the usual and customary distributors' or sellers' commission.” 
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eighteenth century; however, the early underwriting syndicates were informal, and 

formed on an ad-hoc basis until the twentieth century (Carosso, 1970; Pichler & Wilhelm, 

2001). In 1906, Goldman, Sachs & Co and Lehman Brothers formulated the first known 

formal underwriting syndicates for equity offerings during the $20 million preferred stock 

issue of United Cigar Manufacturers (Pierce, 1975). This cooperation set the model for 

the modern underwriting syndicates, which has become an integral part of the global 

financial market.  

A conventional IPO underwriting syndicate consists of a lead manager, one or more co-

managers and several non-managing underwriters (Corwin & Schultz, 2005; Fernando, 

Gatchev, & Spindt, 2005). The lead manager (i.e., lead underwriter), as the name 

suggests, is accountable for the success of the offering, and responsible for due diligence 

investigations, maintaining the order book, pricing, and distributing the securities among 

syndicate members. Their name usually appears on the top left corner of the tombstone 

announcement, and receives full credit in the league rankings for their involvement in the 

IPO. The underwriting syndicate literature suggests that co-managers have a passive role 

and their involvement is mostly limited to providing post-listing analyst coverage, while 

non-managing members play an insignificant role (Corwin & Schultz, 2005; Loughran & 

Ritter, 2004).  

Since the late 1990s, there has been a significant structural change in the US IPO market. 

This structural change originated with the deregulation of investment banks’ activities 

following the enactment of the Gramm-Leach-Bliley Act of 1999, which abolished 
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separation between commercial banking and underwriting.3 The removal of underwriting 

barriers has created an era of intense competition in the underwriting market, as 

commercial banks entered into the lucrative market that was exclusively occupied by 

investment banks. The competition in the underwriting market was further reinforced by 

the significant decline in IPO volume subsequent to the burst of the dot-com bubble, and 

the introduction of strict security regulations such as the Sarbanes-Oxley Act of 2004.  

The lower IPO volume, together with the entry of the commercial banks, have brought 

fundamental changes to the structure of the underwriting syndicates. As several studies 

suggest, the use of underwriting syndicates with multiple lead underwriters (MLUs) has 

become the unwritten norm in the US underwriting industry (Hu & Ritter, 2007; Jeon, 

Lee, Nasser, & Via, 2015; Tunick, 2004a). For instance, our data in Table 4.1 suggest 

that almost half of the US IPOs were underwritten by syndicates with MLUs over the 

1999-2012 period. This is in sharp contrast to the previous decades (the 80s and 90s), 

during which almost all of the issuance were underwritten by syndicates with single lead 

underwriters (SLUs).  

As discussed in the preceding chapters, past studies on the underwriting syndicates have 

largely been confined to co-manager syndicates in IPOs, and very little prior research 

discusses the effects of MLUs on IPO outcomes.4 The purpose of this thesis is to address 

this important gap in the literature by assessing fundamental questions related to the role 

3 Section 2I of the US Banking Act of 1933, also known as the Glass-Steagall Act, prohibits any person or 

entity in the business of issuing, underwriting, selling, or distributing securities from accepting bank 

deposits. 
4 We refer to, among others, Corwin and Schultz (2005), Ellis, Michaely, and O'Hara (2000), Fernando et 

al. (2005), Krigman, Shaw, and Womack (2001), Loughran and Ritter (2004) or Popescu & Xu (2011). 
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of MLUs in IPOs from three distinct but related viewpoints, using a sample of 1,555 US 

IPOs conducted between January 1999 and December 2012.  

In our first study, we investigate how the decision to employ MLUs influences the 

information discovery process from the underwriter’s perspective. In our second study, 

we then examine the impact of the information production of MLUs on underwriting 

standards. Specifically, the second study examines how the involvement of MLUs 

dictates the IPO pricing process and the consequent impact on the secondary market 

performance. In the final study, we take the investors’ perspective and examine how 

information production and pricing influence investor heterogeneity in MLU-backed 

IPOs. In the following paragraphs, we will briefly discuss the findings of the empirical 

studies. 

1.2 Summary of Major Findings 

The first empirical study of this thesis (Chapter 4) examines how the MLUs influence the 

information production decisions of underwriters. The seminal work of Benveniste and 

Spindt (1989) suggest that underwriters primarily set IPO prices by extracting 

information from informed investors during the bookbuilding period. 

In contrast to this traditional view, Aussenegg, Pichler, and Stomper (2006), Hanley and 

Hoberg (2010), and Jenkinson, Morrison, and Wilhelm (2006) argue that underwriters 

could produce the bulk of pricing information during the pre-filing due diligences. Pre-

filing information production is advantageous to the issuers because such information can 

be less costly for the issuer, as underwriters are not required to excessively underprice the 

shares (Benveniste & Spindt, 1989). A key benefit of MLU syndicates is that they can 

produce additional information beyond the capacity of an individual lead underwriter 
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(Barzel, Habib, & Johnsen, 2000; Corwin & Schultz, 2005; Pichler & Wilhelm, 2001). 

For instance, by combining multiple underwriters’ resources, MLUs have access to a 

large resources pool, and have more administrative capabilities to conduct a rigorous pre-

filing due diligence process. Given this information production capacity, we hypothesise 

that MLUs should be able to produce more information during the pre-filing period, and 

therefore rely less on bookbuilding to estimate the offer price. 

Since the pre-market information production is not directly observable, we follow Hanley 

and Hoberg (2010) and use information content in the IPO prospectus as a proxy for 

underwriter’s prefiling information production. Hanley and Hoberg (2010) suggest that 

when underwriters put extra effort into the pre-filing period, they include more 

informative (i.e., unique) disclosures in the prospectus to demonstrate their effort. We 

also consider the readability of the prospectus, as underwriters may fine tune the writing 

style to communicate prospectus information effectively to investors. Our results show 

that the presence of MLUs in the underwriting syndicates significantly alters the 

information production decisions of underwriters. Specifically, we find that MLUs 

support the preliminary offer price by providing more informative disclosure in the 

prospectus, and by using a more readable language to communicate this information 

effectively, than do SLUs. Our findings also show that MLUs substitute the costly 

bookbuilding information production with extensive pre-filing information aggregation. 

In our second empirical study (Chapter 5), we examine MLUs’ influence on pricing and 

secondary market performance of IPOs. By focusing on the information production 

ability of MLUs and building on the traditional certification role of underwriters, we posit 

that MLU syndicates should provide additional certification to the issues they manage. 
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Specifically, we hypothesise that IPOs managed by MLUs should price the IPO closer to 

intrinsic value, and should subsequently exhibit lower initial return, lower variability in 

the initial returns, and better long-term performance.5  

Using the comparable firms’ multiples method suggested by Purnanandam and 

Swaminathan (2004), our results indicate that, compared to SLU-backed IPOs, MLU-

backed IPOs are priced closer to the intrinsic value of the firm. Consistent with the 

argument that MLUs devote substantial effort to accurately pricing the offer and screen 

issuer quality, we also find that MLU-backed IPOs are associated with lower initial 

returns, lower variability of initial returns, and better long-term performance. Taken 

together, our empirical findings are consistent with the notion that MLUs provide 

additional certification to the IPO. Our results also indicate that issuers may employ 

underwriting syndicates with MLUs due to the low ex-ante withdrawal risk in IPOs 

managed by MLUs, and if they intend to conduct a larger secondary equity offering 

(SEO). Finally, we find that while MLUs charge a similar gross spread as SLUs for 

moderate size IPOs, they do require additional time to complete the offering.  

The third empirical study (Chapter 6) investigates the impact of MLUs on investor 

behaviour. The influence of investors’ heterogeneous beliefs about IPO performance has 

received much attention in the theoretical and empirical literature. Initially proposed by 

Miller (1977), this strand of research argues that under short-sales constraints, a higher 

divergence of investor opinion leads to short-term overvaluation of asset prices and lower 

long-run returns. Daniel, Hirshleifer, and Subrahmanyam (1998) suggest that investor 

5 We use the terms initial returns and underpricing interchangeably throughout the thesis. 
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heterogeneity occurs due to investors’ overconfidence in their private information. 

Hirshleifer (2001) argues that investor overconfidence in private information is greater 

either when information is scarce, or when accurate feedback on the firm’s fundamentals 

is unavailable. Consistent with this idea, Foster and Viswanathan (1990) and Verrecchia 

(1982) show that when more information is available in public channels, investors tend 

to rely more on public information and ascribe less value to their own private information. 

Thus, if more information production and dissemination indeed reduce investors’ 

overdependence on their private information, then this should consequently lead to a 

reduction in the divergence of opinion among investors. Therefore, given the ability of 

MLUs to produce and disseminate more information, we posit that MLU backed IPOs 

should be associated with lower heterogeneous beliefs. 

Our findings show that IPOs managed by MLUs exhibit significantly lower divergence 

of opinion among investors. Specifically, we find that MLU-backed IPOs have lower 

effective spreads, lower return volatility, and lower dispersion in analyst coverage. 

Second, consistent with Miller’s theory (1977), we find that MLU backed IPOs not only 

exhibit significantly lower underpricing, but also experience higher abnormal holding 

return once the short sale restrictions are relaxed. Moreover, we also find that the investor 

heterogeneity reduction during the first trading year can explain the long-run performance 

differences between SLU and MLU-backed IPOs.  

The choice of underwriting syndicate may not be exogenous, as issuers and underwriters 

may mutually select the syndicate structure to suit their relative characteristics, individual 

preferences and the operating environment (Corwin & Schultz, 2005; Jeon et al., 2015). 

For instance, Jeon et al. (2015) assert that larger firms are taken public by MLUs while 
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smaller firms are associated with SLUs. Therefore, it may be a concern that our empirical 

findings are vulnerable to endogeneity bias. To confirm the validity of our conclusions, 

in our empirical chapters, we employ matching methods and the instrumental variable 

method. Using these methods, we find that our results are robust to the potential 

endogenous determination of MLU syndicates. 

Despite the well-known benefits, syndication has its own weaknesses. An unavoidable 

outcome of syndicates compared to single member setting is that fees must be shared 

between the syndicate members. This creates moral hazard problems, and syndicate 

members have a strong motivation to free-ride the costly process of information 

production (Alchian & Demsetz, 1972; Bradach & Eccles, 1989; Isaac & Walker, 1988). 

In the context of underwriting syndicates, theoretical works by Pichler and Wilhelm 

(2001) and Morrison and Wilhelm (2008) demonstrate that larger underwriting syndicates 

suffer from information free-riding problems, leading to inefficiencies in information 

production. Our results in the empirical chapters also support that there is information 

free riding in underwriting syndicates. For instance, in Chapter 4, we find that the pre-

filing information production reduces when the lead manager syndicate size increases 

beyond an optimum level. Similarly, the findings in Chapter 5 and 6 indicate that the 

certification role and the reduction in investor heterogeneity in MLU-backed IPOs 

become weaker when the syndicate size becomes larger.  

1.3 Contribution  

The diverse explorations carried out in the three empirical essays provide interesting 

insights into the role of MLUs in IPOs. While each of our empirical papers discusses the 
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contributions made by the respective study, we briefly discuss the key contributions of 

the overall thesis in this sub-section. 

Our broad contribution is to the growing body of literature that discusses the functional 

role of syndicates in IPO underwriting. While the previous literature on co-manager 

syndicates in IPOs is rich (Corwin & Schultz, 2005; Ellis, Michaely, & O'Hara, 2000; 

Fernando et al., 2005; Krigman, Shaw, & Womack, 2001; Loughran & Ritter, 2004; 

Popescu & Xu, 2011), limited research has been conducted on the role of lead manager 

syndicates in IPOs. The sparse literature that exists suggests that by employing MLUs, 

firms can achieve higher bargaining power (Hu & Ritter, 2007), and improve visibility in 

the investor community (Jeon et al., 2015). We extend this strand of literature by showing 

several additional roles of MLUs in IPOs. We show that MLUs improve pre-filing 

information production, provide certification, and reduce the heterogeneity of investor 

belief. They also assist to reduce withdrawal risk, and facilitate investors to conduct larger 

SEOs. 

To the best of our knowledge, our first empirical essay is the first to investigate the pre-

filing information production role of MLUs. We show that MLUs are involved in more 

pre-filing information production, which leads to an accurate estimate of the preliminary 

offer price. Our findings complement those of Hanley and Hoberg (2010), who suggest 

that the underwriters’ pre-filing due diligence serves as a substitute for information 

aggregation during the bookbuilding. Going beyond Hanley and Hoberg (2010), we 

demonstrate that the effect of information substitution is more prominent among IPOs 

backed by MLUs. Further, this study extends the application of natural language 

processing techniques in the finance literature.  
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Our second empirical study on the IPO pricing also makes several important contributions 

to the literature. Previous studies have long demonstrated that the quality of the 

underwriter can influence pricing and market performance of the IPO firms (Beatty & 

Ritter, 1986; Carter, Dark, & Singh, 1998; Chemmanur & Krishnan, 2012; Carter, 

Michel, & Pandes, 2011; Loughran & Ritter, 2004; Neupane & Thapa, 2013). We 

complement and extend this strand of literature by providing evidence that the structure 

of the lead underwriting syndicate significantly influences the pricing decisions and the 

secondary market performance. We add to this literature by showing that size of the lead 

manager syndicate favourably influences valuation, underpricing, variability of initial 

return, and long-run performance. Taken together, our study confirms the certification 

role of MLUs, showing that MLU syndicate reduces uncertainty in the market.  

Our third empirical study adds to the relatively sparse literature that examines factors 

influencing the level of investor heterogeneity across firms. The existing literature 

explores this issue mainly in the context of seasoned firms (Chatterjee, John, & Yan, 

2012; Jiao, Qiu, & Yan, 2013; Jiao & Yan, 2015; Moeller, Schlingemann, & Stulz, 2007). 

The only notable exception in the IPO literature is the work by Chemmanur and Krishnan 

(2012), in which the authors demonstrate that highly reputed underwriters increase the 

level of heterogeneity of investor beliefs. In contrast, we provide evidence that issuers 

reduces the heterogeneity of investor beliefs on firm value by employing an underwriting 

syndicate with MLUs. Further, this study provides empirical support for Miller’s theory 

(1977) on the impact of the heterogeneity of investor belief on asset pricing in the 

relatively less explored IPO setting.  
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One additional contribution of our thesis is that cross-sectional variation in underpricing 

is explained using two different schools of thought. For instance, our findings in the 

second essay are based on information revelation theories, which support the notion that 

information production can reduce IPO underpricing (Beatty & Ritter, 1986). In contrast, 

our findings in the third essay support behavioural theories that the short-run performance 

of IPOs is driven by the cognitive biases of investors (Miller, 1977). Given that there is 

no dominant explanation for underpricing, our findings demonstrate that IPO outcomes 

need to be viewed as a joint consequence of asymmetric information and cognitive 

factors.  

This thesis also has important economic implications for issuers and the wider financial 

community. These findings confirm to potential issuers that MLUs are able to add value 

to their equity offerings in multiple facets. For instance, on average, while MLUs charge 

similar underwriting gross-spread compared to SLUs, issuers can minimise indirect costs 

due to the lower underpricing that is associated with offerings. Further, MLUs help 

issuers to reduce the likelihood of IPO withdrawals. Furthermore, these results confirm 

to IPO investors that the presence of MLUs in the underwriting syndicate will, on average, 

lead to lower IPO underpricing and better long-run market performance. In other words, 

investors need to take into account the structure of the lead underwriting syndicate when 

making decisions related to IPOs.  

1.4 Organisation of the Thesis 

The thesis consists of seven chapters: A general introduction (Chapter 1); background 

literature review (Chapter 2); data and methodology (Chapter 3); three empirical studies 

(Chapters 4–6); and conclusion (Chapter 7). The empirical chapters are self-contained, as 



 

 

29 

each one of them has its own literature review and addresses unique questions. This thesis 

is in accordance with the Griffith University policy on inclusion of papers within the 

thesis.6 This structure allows thesis chapters to be presented in a format suitable for 

submission and publication in peer-reviewed academic journals. As a result, there is some 

repetition in the empirical chapters, including the sections for introduction, data, 

methodology, discussion and reported tables. Chapter 5 is published by the International 

Review of Financial Analysis and has been formatted to that journal style. The citation is 

as follows: 

Vithanage, K., Neupane, S., & Chung, R. (2016). Multiple lead underwriting syndicate 

and IPO pricing. International Review of Financial Analysis, 48(December 2016), 193–

208. 

The remainder of the thesis is structured as follows. Chapter 2 presents a brief summary 

of the background literature. Chapter 3 presents the data and methodology. Chapter 4 

investigates whether MLUs influence the information production decisions of 

underwriters. Chapter 5 examines the role of MLU in pricing of IPOs. Chapter 6 examines 

the impact of MLU on the heterogeneity of investor beliefs in IPOs. Finally, Chapter 7 

concludes the thesis by reporting our contributions, limitations and areas for further 

research. The references for all chapters are combined at the back of the thesis. 

   

                                                 

6 Griffith University policy on inclusion of papers within the thesis is available at 

https://www.griffith.edu.au/higher-degrees-research/current-research-students/thesis/ 

preparation/inclusion-of-papers-within-the-thesis 

https://www.griffith.edu.au/higher-degrees-research/current-research-students/thesis/%20preparation/inclusion-of-papers-within-the-thesis
https://www.griffith.edu.au/higher-degrees-research/current-research-students/thesis/%20preparation/inclusion-of-papers-within-the-thesis
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 : Literature Review 

2.1 Introduction 

There has been extensive theoretical and empirical research on initial public offerings 

(IPOs). In this chapter, we briefly review four strands of the literature that are of direct 

relevance to the empirical chapters of this thesis. The first strand (Section 2.2) focuses on 

an overview of literature on the first day market performance of IPOs, while the second 

strand (Section 2.3) discusses studies of the long-run performance of IPOs. The third 

strand (Section 2.4) reviews the literature on the primary functions of underwriters in 

IPOs, and the final strand (Section 2.5) reviews the literature on the underwriting 

syndicates in IPOs.  

2.2 Short-run IPO Underpricing 

Many studies in the financial economics literature present convincing evidence that 

underpricing is a persistent phenomenon in the IPO market. Following early reports by 

Reilly and Hatfield (1969), Stoll and Curley (1970), and Logue (1973), further studies 

suggest that the first day trading prices of IPO firms are generally higher than the offer 

prices. The underpricing phenomenon is not restricted to the US IPO market. By 

examining IPO activity in 25 different countries across the globe, Loughran and Ritter 

(1995) report that the IPO underpricing phenomenon persists throughout the global 

financial markets. Underpricing has important implication to the issuers, as they 

essentially leave money on the table for the benefit of those who are willing to invest in 

the offer (Jenkinson & Ljungqvist, 2001). Theoretical explanations for the underpricing 
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phenomenon can be broadly classified into two main schools of thought: asymmetric 

information, theories, and symmetric information theories (Ritter & Welch, 2002). In the 

following sub-sections, we briefly discuss several popular theories that attempt to explain 

the underpricing phenomenon. 

2.2.1 Asymmetric Information Theories 

One of the best-known asymmetric information models is Rock’s (1986) “winner’s 

curse,” which attempts to explain underpricing in terms of information asymmetry 

between the issuing firm and investors. Building upon Akerlof’s (1970) lemons problem, 

Rock classifies investors into two subsets; informed and uninformed investors. The 

informed investors have better information about the prospects of the firm, thus they only 

invest in offerings that are priced below their fair value and avoid the overpriced issues. 

Uninformed investors, on the other hand, are not able to differentiate between overpriced 

and underpriced IPOs, and thus are more likely to get a full allocation of overpriced IPOs, 

while they are likely to get only a partial allocation of underpriced IPOs, due to 

competition from informed investors. Accordingly, the winner's curse theory argues that 

all IPOs must be underpriced in order to retain uninformed investors in the IPO market. 

Another popular theory based on asymmetric information is the 

information revelation theory of bookbuilding proposed by Benveniste and Spindt (1989) 

and Benveniste and Wilhelm (1990). They assume that both the underwriter and the 

issuing firm are uninformed about the firm's true value in the market; however, the 

individual investors may hold information on the firm’s true value. They argue that 

underwriters use a bookbuilding mechanism to elicit private information from the 

informed investors. The model also predicts that underwriters must compensate informed 
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investors by allocating underpriced shares for truthfully conveying favourable 

information to the underwriters. Therefore, underpricing acts as an incentive. Consistent 

with the predictions of information revelation theories, Hanley (1993) initially 

demonstrated that IPOs with final offer prices that exceeded the mid-point of the offer range 

were associated with greater levels of underpricing.  

Bookbuilding theories have been widely critiqued in terms of the potential principle 

agency conflicts between underwriter and the IPO firm (Loughran & Ritter, 2004). In 

principal agent underpricing theories, investment banks are assumed to be better informed 

than issuers are. Baron and Holmström (1980) and Baron (1982) argue that when an 

investment bank is better informed than the issuer and the issuer is not able to access or 

monitor this information, underwriters attempt to price the issue below the market 

equilibrium value in order to prevent losses due to unsold stocks.  

Allen and Faulhaber (1989), Grinblatt and Hwang (1989), and Welch (1989) propose a 

signalling model of underpricing. These models assume an information asymmetry 

between the issuers and outside investors, where issuers have better knowledge about the 

present value and risk of their future cash flows. The basic idea behind 

the signalling model is that high quality issuers use underpricing as a costly signal that 

differentiates high quality firms from low quality ones. Though signalling is costly for 

the issuer at the IPO level, successful signalling will “leave a good taste 

in investors' mouths” which allow them to sell more stocks at a higher price in secondary 

equity offerings (Eckbo, 2008). 
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2.2.2 Symmetric Information Based Theories 

In addition to asymmetric information models, the underpricing phenomenon may be 

explained by several theories based on institutional aspects. One popular explanation is 

the “law suit avoidance” hypothesis proposed by Ibbotson (1975), where issuers 

deliberately sell their IPOs at a discount to avoid future legal liabilities. Tinic (1988) 

extends and develops this theoretical framework, and argues that both issuers and 

underwriters underprice the IPOs deliberately as an insurance policy in order to avoid 

lawsuits from investors. However, it is worth noting that there is weak empirical support 

for the law suit avoidance hypothesis beyond the US IPO market, where legislation 

permits investors to seek damages from issuers and underwriters (Lin, Pukthuanthong, & 

Walker, 2013). 

IPO literature also proposes several theories based on behavioural finance to explain 

underpricing of IPOs. For instance, Shiller (1990) proposes the impresario hypothesis, 

where the underwriters purposely low-ball the offer price below the market-clearing price 

to create the appearance of excess demand and avoid the offering being undersubscribed. 

Loughran and Ritter (2002) propose an explanation for IPO underpricing based on 

prospect theory and mental accounting. They argue that issuers do not mind leaving 

money on the table during the first day of trading, as the sum of the wealth loss due to 

underpricing is offset by the unanticipated wealth gain on retained shares.  

Given the vast IPO underpricing literature, it would be practically impossible to discuss 

all the theories that have attempted to explain the underpricing phenomenon. In their 

concluding statement, Ritter and Welch (2002, p. 1816) summarize the state of the 

literature:  
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while asymmetric information models have been popular among academics, we 

feel that these models have been overemphasized. In our view, there is no single 

dominant theoretical cause for underpricing. Thus, it is not so much a matter of 

which model is right, but more a matter of the relative importance of different 

models. 

2.3 Long-Run IPO Underperformance  

The long-term performance of IPOs has puzzled academics for decades due to the 

conflicting results and debatable findings. Most of the studies have concluded that IPOs 

tend to underperform in the initial three- to five-year period (Aggarwal & Rivoli, 1990; 

Lee, Taylor, & Walter, 1996; Levis, 1993; Levis & Thomas, 1995; Loughran & Ritter, 

1995; Ritter, 1991).  

Ritter (1991) documents that IPOs statistically and economically underperform in the 

three-year holding period compared to a seasoned market portfolio. Based on a sample of 

US IPOs from 1975 and 1984, he reports 34.47 percent raw return from the IPOs in the 

three years after going public, versus the industry matched portfolio buy and hold return 

of 61.86 percent, hence IPOs underperform the market by 27.29 percent. Using a similar 

methodology, Levis (1993) finds that UK IPOs also underperformed in the long run 

during 1980 to 1988. The findings by Aggarwal, Leal, and Hernandez (1993), Loughran, 

Ritter, and Rydqvist (1994), and Lee et al. (1996) suggest that the long-run 

underperformance phenomenon is not limited to US institutional settings, but also 

endures around the world.  

IPO literature provides several popular explanations for the long-run underperformance 

of IPOs. Among others, Ritter (1991) argues that investors are irrationally over-optimistic 

about the future outlooks of the IPO firms. Jain and Kini (1994) attribute inferior financial 

performance post listing as one possible cause for long term under performance. They 
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report that the financial performance of IPO firms declines after the IPO, as if the IPO 

was planned for when the firm performance was at its peak.  

Miller (1977) explains the divergence of investor opinion by suggesting that, under short 

sale constraints, immediate post-issue stock prices will be determined by the most 

optimistic investors. This would cause upward bias in the offer price. Over time, when 

the divergence of view narrows down with the information flows and relaxation of short 

sale restrictions, share price corrects towards the intrinsic value of the firm, resulting in 

greater long run underperformance. Consistent with this view, Purnanandam and 

Swaminathan (2004) document that IPOs tend to be overvalued compared to the seasoned 

industry peers, and overvalued IPO firms tend to underperform their industry benchmarks 

in the long-run.  

The “windows of opportunity” theory suggests that IPOs become more overvalued during 

”Hot” rather than “Cold” market conditions, when issuers try to take advantage of 

opportunities in the IPO market (Loughran & Ritter, 1995; Ritter, 1991). Aggarwal and 

Rivoli (1990) and Loughran, Ritter, and Rydqvist (1994) report that IPOs issued during 

hot markets exhibit higher negative market-adjusted long run returns and perform 

significantly worse than the rest of the IPOs, which suggests that investors are more 

optimistic during market peaks and hence overvalue the issues. However, over the longer 

term, IPO firms underperform in the market and compared to their industry peers.  

2.4 IPO Underwriters 

Although it is not mandated by security legislations, most issuers use the service of an 

underwriter (investment bank) during their IPOs. A substantial body of IPO literature 
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examines the role of underwriter from a number of different perspectives. In this section, 

we briefly examine three key economic roles of underwriters that are relevance to the 

remaining empirical chapters. 

The certification role proposed by Booth and Smith (1986) holds that the main advantage 

of hiring highly reputed underwriters is the external certification provided to the issuers. 

External certification is important in IPOs given that insiders are not able to credibly 

certify an offering themselves, as they possess more information than the external 

investors do. Therefore, highly reputed underwriters act as intermediaries that assist in 

reducing information asymmetry and value uncertainty, and therefore decrease the need 

for underpricing (Beatty & Ritter, 1986; Smith, 1986; Titman & Trueman, 1986). In other 

words, underwriters pledge their reputation capital to the issuer in order to improve 

investor confidence. The certification role also assumes that underwriters develop their 

reputation over time by adopting rigorous evaluation standards, and bring low risk firms 

to the market (Chemmanur & Fulghieri, 1994b).  

There are many IPO studies that support the existence of the underwriter’s certification 

role in the IPO market. IPO studies during the 1970s and 1980s provide evidence that the 

certification hypothesis has a direct empirical relation to the IPO firm’s first day and long-

term performance. For instance, Carter and Manaster (1990), Ibbotson and Jaffe (1975), 

and Megginson and Weiss (1991) find that IPOs backed by highly reputed underwriters 

are associated with lower levels of underpricing compared to counterparts of lower 

repute. Michaely and Shaw (1994), Carter et al. (1998), Chan, Cooney, Kim, and Singh 

(2008), and Dong et al. (2011) find that IPOs managed by highly reputed underwriters 

exhibit better long-term performance during the three-year trading horizon. They argue 
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that underwriters’ screening ability may be responsible for superior performance, as they 

market IPOs with a good business model. Furthermore, Wang and Yung (2009) report 

that IPOs underwritten by highly reputed underwriters have lower variability in the 

secondary market price run-up. 

Several empirical studies using IPO data from the 1990s indicate that the underwriter’s 

main objective has shifted from certifying the issue quality to maximising the 

underwriters’ benefit (Chemmanur & Krishnan, 2012; Jenkinson & Jones, 2007; 

Loughran & Ritter, 2004). This alternative hypothesis is known as the market power 

hypothesis, which posits that highly reputed underwriters hold more market power due to 

their long-term relationships with a greater number of high quality market participants. 

Chemmanur and Fulghieri (1994b) argue that, as the underwriters incurred high costs in 

the past to build up the reputation, they may be willing to abuse their reputation by 

lowering underwriting standards, which authors describe as “reputation milking.”  

Several authors suggest that market power may alter underwriters’ behaviour in several 

ways, including the weakening of underwriting standards, and pricing the offers to their 

own benefit. For instance, empirical studies by Beatty and Welch (1996), Cooney, Singh, 

Carter, and Dark (2001), and Loughran and Ritter (2004) suggest a positive relation 

between underpricing and the underwriter’s reputation since the late 1990s, which is 

contrary to the predictions of the certification hypothesis. Moreover, using IPO data from 

1980-2000, Chemmanur and Krishnan (2012) report that highly reputed underwriters tend 

to overvalue the IPOs by pricing the offer further away from the intrinsic value. They 

suggest that underwriters with large market shares can attract more market participants, 
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which leads to higher valuations by increasing the general belief in the heterogeneity of 

the market.  

Another noteworthy dimension of underwriter services is the marketing role. Huang and 

Zhang (2009) define the role of marketing as the actions that could influence investor 

demand without discovering new value related information on security. Marketing 

activities of IPO underwriters may consist of, but are not limited to, pre-listing 

promotional activities during investor road shows, media coverage, aftermarket price 

support, and post listing analyst coverage (Demers & Lewellen, 2003; Dong et al., 2011). 

The pre-IPO marketing effort can flatten the downward sloping demand curve for IPO 

shares, and thus decrease the offer price discounts (Cook, Kieschnick, & Van Ness, 2006; 

Merton, 1987). Barber and Odean (2002) find that marketing activities help underwriters 

to attract retail investors and improve their optimism about IPO. In addition, Aggarwal, 

Krigman, and Womack (2002) and Ritter (2003) suggest that analyst coverage can 

improve the secondary market investor’s awareness and thus positively influence the 

post-listing market performance.  

2.4.1 Underwriter Reputation Measures 

The literature uses several measures to represent underwriter quality; they can be grouped 

into three distinct segments: tombstone based, market share based, and underpricing 

based.  
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Hayes (1971) introduces the underwriter reputation classification based on the tombstone 

advertisements placed in the financial press.7 He suggests that the investment banking 

industry is subject to a rigid hierarchy, in which some underwriters are more prestigious 

than others are. Building upon Hayes (1971), Carter and Manaster (1990) developed a 

ranking by examining the location of each underwriter in tombstone advertisements in 

the Investment Dealer's Digest. Underwriters who appear at the top left corner of the 

tombstone advertisements are considered to be the most prestigious and would receive 

the highest ranking of nine. Similarly, underwriters located at the bottom of the tombstone 

advertisements receive the lowest ranking of zero. The final Carter and Manaster ranking 

consists of 19 different levels in 0.5 increments. In the US empirical IPO literature, Carter 

and Manaster ranking is often considered to be the most popular underwriter reputation. 

One key weakness of Carter and Manaster ranking is that it can be applied to the lead 

manager and ignore the remaining syndicate members (Barry, Muscarella, & Vetsuypens, 

1991). Since the Carter and Manaster ranking does not account for the quality of the 

offering, underwriters can obtain relatively high ranking by securing the lead bracket of 

penny IPOs (i.e., IPOs with offer price less than $5). Further, Carter and Manaster 

measure only applies to the markets with hierarchical tombstone announcements.  

Another frequently used proxy for underwriter quality is the market share of the 

underwriter, as introduced by Simon (1989) and Megginson and Weiss (1991). In this 

ranking, underwriters are tiered according to their relative market share by considering 

                                                 

7 In a tombstone advertisement, the lead underwriters are listed at the top left corner, and the co-lead is 

listed on the top right. Non-managing syndicate members are listed below in the order of allocation size.  
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market activity over the past several years. The principal assumption of this ranking is 

that the higher the market shares, the greater the quality of the underwriter. This measure 

has been popular among academics, due to the ease of construction and the flexibility to 

use it in any market. Carter et al. (1998) investigate the relationship between Carter and 

Manaster’s (1990) and Megginson and Weiss’s measures (1991). They point out that 

although each underwriter reputation measure is significantly related to IPO underpricing, 

only the Carter-Manaster measure can statistically explain the variations in the 

Megginson and Weiss measures.  

In order to address the time variant relationship between IPO underpricing and 

underwriter reputation (Beatty & Welch, 1996; Loughran & Ritter, 2004), Hoberg (2007) 

introduces a new reputation measure (UWpremium), which captures underwriter 

persistence in underpricing by using each underwriter’s past underpricing. One unique 

advantage of this measure is the capability of predicting future underpricing. Hoberg 

(2007) further argues that underwriter quality may be two-dimensional and each 

underwriter reputation method is distinct. He demonstrates that both Carter and 

Manaster’s (1990) ranking and Megginson and Weiss’s (1991) ranking reflect the 

underwriter’s ability to attract large issuers; however, both the measures fail to predict 

variations in underpricing.  

2.5 Underwriting Syndicates 

Wilson (1968, p. 119) defines a syndicate as “group of individual decision makers who 

must make a common decision under uncertainty, and who, as a result, will receive jointly 

a payoff to be shared among them.” Historical evidence suggests that syndication among 

underwriter’s dates back as far as the late eighteenth century, when syndicates were used 
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to sell Anglo-French war bonds; however, the early underwriting syndicates were 

informal, and formed on an ad-hoc basis until the twentieth century (Carosso, 1970; 

Pichler & Wilhelm, 2001). The first known underwriting syndicate in the US was 

introduced by Jay Cooke & Co. in 1870 for the debt financing of Pennsylvania Railroad. 

In 1906, Goldman, Sachs & Co and Lehman Brothers formulated the first underwriting 

syndicates for equity offering during the $20 million preferred stock issue of United Cigar 

Manufacturers. This cooperation set the model for the modern underwriting syndicates, 

which has become the standard for equity and debt offering (Pierce, 1975).  

2.5.1 Formation and Structure of IPO Underwriting Syndicates 

Underwriting syndicate members are generally classified into several roles (or brackets), 

namely: lead manager, book manager, co-managers, global lead, and non-managing 

underwriting (Corwin & Schultz, 2005). The term lead manager and book manager are 

interchangeably used in the literature; however, although all book managers are lead 

managers, some of the lead managers may not act as book managers (Hu & Ritter, 2007; 

Lee, 2012). Corwin and Schultz (2005) and Jenkinson and Jones (2009) suggest that 

global leads are also included under lead managers, and responsible for the co-ordination 

of different activities. IPOs that offer shares outside of the US include a global 

coordinator in the underwriting syndicate; however, in almost all the cases, one of the 

lead managers act as the global coordinator. Typical underwriting syndicates take a 

pyramidal structure in which the lead manager(s) sits at the top of the pyramid, with 

several co-managers in the intermediate roles, and a number of non-managing members 

at the bottom of the pyramid. For instance, Cooney Jr, Madureirav, Singh, and Yang 

(2015) report that, during the period between 2000 and 2009, an average IPO 
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underwriting syndicate consists of 1.51 lead managers, 2.97 co-managers, and 4.69 non-

managing underwriters.  

Underwriting syndicates formulate with the appointment of a lead manager(s). Lead 

managers are selected through a “beauty contest” or “bake sale,” where the underwriters 

pitch their initial valuation estimate, cost, and auxiliary services to the issuer (Draho, 

2004). The appointment of lead underwriters usually takes place at least six months before 

the expected listing date. Chen and Ritter (2000) and Cooney Jr et al. (2015) suggest that 

underwriter prestige, reputation of analysts, and prior business and social relationships 

with issuers are the vital factors for qualifying as a lead manager. The lead managers are 

responsible for the formulation of the IPO syndicate and accountable for the overall 

success of the offering. They also equally share the IPO league table credits from rating 

agencies such as Bloomberg, Thomson Financial and Dealogic.  

With the guidance of the issuer, lead managers may invite several peers to take co-

managing and non-managing positions. Co-managers assist lead managers to distribute 

the offerings and to improve post-listing services such as analyst coverage and price 

stabilisation. Therefore, the selection of co-managers is largely based on their abilities to 

provide analyst coverage, expertise in similar offerings, geographic location, and the 

relationships built during past syndicates (Corwin & Schultz, 2005; Loughran & Ritter, 

2004). However, lead managers occasionally advise issuers to limit the number of co-

managers to avoid competition and dilution of underwriting fees. Corwin and Schultz 

(2005) provide evidence that being a co-manager in the IPO will increase the prospect of 

becoming the lead manager in an SEO of the firm. Therefore, lead managers may attempt 
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to reduce the number of co-managers in the syndicate in order to minimise the 

competition for future offerings. 

Underwriting syndicates may occasionally include non-managing members, based on 

their personal or business relationships with the firm or the lead underwriters. Although 

non-managing members historically participate in selling and underwriting functions, 

several recent studies suggest that non-managing members have had an insignificant role 

since the late 90s (Corwin & Schultz, 2005; Ljungqvist, Marston, & Wilhelm, 2009; 

Loughran & Ritter, 2004). Furthermore, Hu and Ritter (2007) report that non-managing 

members “have become an endangered species” and have no longer been included in the 

most of the syndicates since 2004.  

Subsequent to the passing of the Financial Services Modernization Act of 1999, which 

repealed the Glass-Steagall Act of 1933, several authors have documented an emergence 

of a new hybrid syndicate structure that consists of specialised investment banks and 

commercial banks (Narayanan, Rangan, & Rangan, 2004; Puri, 1999). Prior to the repeal 

of the Glass-Steagall Act, commercial banks were not allowed to be directly involved in 

the securities underwriting business, therefore almost all the IPOs were underwritten by 

pure investment banks. One exception to the Glass-Steagall restriction was the “Section 

20 subsidiaries” that, since 1991, has allowed a few commercial banks to establish 

separate subsidiaries to underwrite equity offerings; however, they were subjected to 

revenue limits. Ljungqvist et al. (2009) report that nearly two-thirds of equity offerings 

are now managed by hybrid underwriting syndicates. Compared to pure-investment 

banking syndicates, hybrid-underwriting syndicates offer certain advantages, as the 

commercial banks more often have private information about the issuers, obtained 
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through prior lending transactions (Narayanan, Rangan, & Rangan, 2004; Puri, 1999). 

Several studies suggest that the emergence of co-manager roles during the 1990s also 

coincides with the relaxation of the underwriting restrictions for commercial banks, as 

commercial banks initially attempt to enter the IPO underwriting market for co-manager 

positions using their lending relations (Corwin & Schultz, 2005; Ljungqvist et al., 2009).  

Although most of the underwriting syndicate literature is based on the US IPOs, several 

studies provide evidence of the prevalence of underwriting syndicates in other IPO 

markets. For example, using a sample of 1,542 European IPOs from 1995 to 2005, 

Bernoussi, Dereeper, and Schwienbacher (2013) find that the average European 

underwriting syndicate consists of 1.16 lead managers and 1.51 co-managers. They also 

report that nearly 59 percent of IPOs are underwritten by a sole underwriter, which is in 

contrast to the US evidence. They argue that this basic underwriting syndicate structure 

is partly due to the larger fraction of smaller IPOs. Further, Lee and Cho (2012) report 

that an average Korean IPO underwriting syndicate consists of 4.03 underwriters, while 

31 percent of IPOs are underwritten by a sole underwriter.  

2.5.1 Syndicates Roles in IPOs 

Several authors attempt to explain why underwriters would prefer to share the income 

from a lucrative project by formulating a syndicate with a direct competitor. The early 

studies of Wilson (1968) and Mandelker and Raviv (1977) propose risk sharing as the 

primary motive for underwriters to form syndicates. Under a firm committed contract, 

underwriters are obliged to purchase the shares if the trading price is less than the offer 

price, and accept the risk of not being able to sell the entire issue. Syndicates assists 

underwriters to minimise this financial risk by working together to share the risk of 
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unsuccessful IPOs. In contrast to this traditional view, Pichler and Wilhelm (2001) argue 

that risk sharing can no longer be the sole reason for the underwriting syndicates, as some 

of the leading underwriters are large public corporations with large market capitalisation 

compared to offer size, which permits underwriters to absorb the entire risk of the 

offering.  

Corwin and Schultz (2005) investigate the effect of underwriting syndicates on several 

IPO outcomes, using 1,638 IPOs from January 1997 to June 2002. They propose four 

hypotheses with respect to the co-manager roles in IPOs. Since the syndicates studied 

combined the investor network, skills, expertise, and resources of individual 

underwriters, they posit that larger underwriting syndicates provide more information 

regarding market demand for an IPO compared to their smaller counterparts. Consistent 

with this conjecture, they find a positive association between the number of co-managers 

and the revision of the midpoint of the initial file price to the offer price for IPOs. Corwin 

and Schultz (2005) also posit that an increase in the number of highly reputable lead 

managers and co-managers in the syndicate could provide additional certification to the 

issue beyond that of the sole lead manager. However, they find weak empirical evidence 

for the certification role when controlling for the information production role.  

Corwin and Schultz (2005) also posit and demonstrate two hypotheses for the role of co-

managers in secondary market activities. They find that each additional syndicate 

member will lead to an increase in the number of analysts covering the firm. Similarly, 

Krigman, Shaw, and Womack (2001), Cliff and Denis (2004), and Loughran and Ritter 

(2004) provide supporting evidence that underwriters are regularly nominated on the 

expectation that they will provide research coverage subsequent to the IPO. Corwin and 
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Schultz (2005) further argue that additional syndicate members will lead to an increase 

in the number of market makers in the aftermarket. Popescu and Xu (2011) also find that 

co-managers improve the secondary market liquidity through their pre-market and post-

market information services.  

Another research strand has explored the role of underwriting syndicates with multiple 

lead managers and book managers. Hu and Ritter (2007) argue that underwriting 

syndicates with multiple book managers provide higher bargaining power to the issue, 

resulting in higher offer prices and less underpricing. They document that each additional 

book runner raises the price range midpoint by 2.8 percent and effects a 1 percent 

reduction in underpricing. In contrast to the information production framework, their 

“bargaining” model accounts for the potential agency problem between book managers 

and issuers. Their model assumes that continuous competition between the book manager 

and the higher bargaining position of the issuers results in high midpoints of the file price 

range, as the book managers are facing the risk of being kicked out of the syndicate or 

receiving a low allocation if they provide a low-price range. They further argue that 

underwriters are more willing to accept joint book running offers when the offer is big 

and when the IPO volume is low, which reduces the opportunity cost of participating.  

In a recent study, Jeon et al. (2015) show that firm visibility in the investor community 

increases with the size of the lead manager syndicate. They show that IPOs managed by 

multiple lead underwriters (MLUs) obtain higher pre-IPO media attention and attract 

greater analyst coverage compared to SLU backed IPOs. Furthermore, they demonstrate 

that these promotional efforts by MLUs subsequently attract more institutional investors 

to the offering and result in higher trading volume during the first six-month period.  
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Despite the benefits of syndicates for both issuers and underwriters, they may also 

introduce several disadvantages. One obvious disadvantage form underwriters’ 

perspective is that syndicate members must share the fractions of profit. The gross spread 

is the explicit income source for the underwriter services, and is generally concentrated 

around seven percent of the IPO offer proceeds for moderate sized US IPOs (Chen and 

Ritter, 2000). One might expect that underwriters could demand a higher gross spread to 

participate in a syndicate’s underwriting; however, the literature provides conflicting 

evidence on the relation between syndicate size and underwriting fees. For example, 

Corwin and Schultz (2005) document a positive relationship between the co-manager 

syndicate size and underwriting gross spread, while Hu and Ritter (2007) document that 

multiple book managers charge similar underwriting fees to a single book manager’s fees. 

 The compensation of the syndicate members will be dependent on their individual 

underwriting roles, which comprises management fees, underwriting fees, and selling 

concessions’ commission, in the proportions of 1:1:3 (Chen & Ritter, 2000; Torstila, 

2001). The underwriting and management commissions for each underwriter are 

proportionate to the underwriting commitment in the total offer proceeds (Chen & Ritter, 

2000; Jenkinson & Jones, 2007; Lee, 2012). The syndicate members through whom 

allocable bids were placed generally will be entitled to a selling commission, and the lead 

manager tends to earn the lion share of the selling commission (Chen & Ritter, 2000). 

However, Jenkinson and Jones (2007) note that some issuers, since the late 90s, practice 

a fixed economics compensation structure, where the underwriters earn a percentage of 

total fees solely based on their underwriting commitment, whether they generate allocable 

bids or not. 
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Another potential issue with underwriting syndicates is the problems of moral hazard 

present in team production. The literature has long recognised that syndicates suffer from 

moral hazards because information production overlaps, and individual effort is neither 

observable nor verifiable (Alchian & Demsetz, 1972; Bradach & Eccles, 1989; Isaac & 

Walker, 1988; Kandel & Lazear, 1992; Pichler & Wilhelm, 2001). Further, Tirole (1996) 

argues that as individual reputation is not observable in the syndicate environment, 

syndicate members have less motivation to maintain their reputation. Therefore, if the 

cost of information production outweighs the shared fees, syndicate members face strong 

incentives to free-ride on the information production efforts of others (Bhattacharya, 

2006). The extant literature also suggests that an optimal design for syndicate structure 

may able to mitigate moral hazard problems within the syndicate. For example, the 

theoretical work by Pichler and Wilhelm (2001) posits that the lead underwriter performs 

a monitoring role, which could mitigate the moral hazard problems. They show that 

reputation concerns and barriers to entry enable members to exert high-level effort when 

participating in a syndicate, as the members who put in low effort may be excluded from 

future syndicates.  

2.6 Summary  

In this chapter, we provide an overview of the key literature on which this thesis is built. 

Throughout the first part of the literature review, we examine the theoretical and empirical 

evidence on short-run and long-run IPO performance.  In the second part of the review, 

we outlined the literature on the role of underwriters and underwriting syndicates in IPOs. 

The literature identifies underwriting syndicates as a mechanical that permits 

underwriters to share risk, improve information production, and provide better services 
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to issuers. The literature review also highlights that most of the underwriting evidence 

are discuss from the perspective of co-managers, and very little prior research focuses the 

effects of MLUs on IPO outcomes. 
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 : Data and Methodology 

3.1 Introduction 

In this chapter, we outline the data and methodology used in the empirical chapters. First, 

we explain the data sources and sample selection criteria. Next, we discuss the 

measurement of the key variable of interest in the thesis. In addition, we discuss the 

univariate and multivariate analysis techniques used in the thesis.  

3.2 Sample Selection and Data Sources 

Our IPO sample consists of US IPOs issued between January 1999 and December 2012. 

We start our sample from 1999 onward, as the MLU backed IPOs are less comprehensive 

in earlier years. This time period covers different levels of IPO activities governed by the 

technology boom period (dot com bubble), corporate scandals and crises, various 

regulatory changes and market recovery period. Appendix 1 provides a description of all 

the variables used in the study with the data sources. 

Our IPO sample originates from Thomson Reuters SDC Platinum New Issues database. 

To improve the accuracy of our data, we incorporate the corrections available on 

Professor Jay Ritter’s IPO database.8 We follow similar screening criteria to those used 

in previous studies, such as Corwin and Schultz (2005), Loughran and Ritter (2004), and 

Lowry and Schwert (2002). We exclude financial companies (SIC codes 6000–6999), 

utility firms (SIC codes 4900–4999), American depository receipts (ADRs), non-ordinary 

shares, foreign offerings, real estate investment trusts (REITs), closed-end fund shares, 

                                                 

8 See http://bear.warrington.ufl.edu/ritter/ipodata.htm 

http://bear.warrington.ufl.edu/ritter/ipodata.htm
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and unit offerings, as these firms are governed by strict federal financial legislation, which 

limits the comparability of the above sectors with other industries.9 We also eliminate 

penny IPOs and offer price of less than five dollars, as such IPOs are generally subjected 

to fewer disclosure and reporting requirements, which reduces the transparency of the 

issues. We further eliminate all the IPOs that are not listed on the Center for Research in 

Security Prices (CRSP) database within one day after the offer date. Therefore, the US 

IPOs issued on the over-the counter (OTC) markets and small exchanges are excluded 

from our sample. We also exclude firms not covered on the COMPUSTAT database at 

least one fiscal year prior to the listing. Our total sample during the 1999–2012 period 

comprises of 1,555 IPOs. However, the number of observations may vary across the 

empirical chapters due to the missing values on some variables.  

We also collected data from several other sources. Daily stock prices, trading volume, the 

number of shares outstanding, and bid and ask prices were collected from the CRSP 

database, accounting data from the COMPUSTAT and Bloomberg, and founding dates 

and Carter and Manaster underwriter rankings from Jay Ritter’s IPO database. The 

individual empirical chapters will discuss additional sample screening and data sources 

according to individual requirements. Additionally, to ensure that our results are not 

affected by extreme values, we winsorise all the continuous variables at the 1st and 99th 

percentiles.  

 

                                                 

9 We use share codes from CRSP instead of SDC classifications to apply these filters (share code 10 

and 11). 
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3.3 Measurement of Underwriter Syndicate 

The chief explanatory variable of interest of this thesis is the size and structure of the lead 

underwriter syndicate. We use both a dummy (MLU) as well as a continuous (number of 

lead managers) specification; MLU is a dummy variable that takes the value of one if the 

IPO is managed by more than one lead manager, and zero otherwise.  

Our underwriter syndicate data is obtained from Thomson SDC. For each IPO, SDC 

categorises the underwriting syndicate members into six roles: book manager, joint book 

manager, joint lead manager, co-manager, syndicate member, or global lead managers. 

As stated in the literature review chapter, the terms “book manager” and “lead manager” 

are used interchangeably in IPO literature; however, although all book managers are lead 

managers, some lead managers do not act as book managers (Hu & Ritter, 2007; Lee, 

2012). Corwin and Schultz (2005) and Jenkinson and Jones (2009) suggest that global 

leads are also included under lead managers; therefore, to prevent double counting, we 

exclude global lead underwriters in the underwriter classification. 

In our sample, we observed joint-lead managers in 198 IPOs. For almost all of these IPOs, 

the underwriters marked as joint lead managers underwrote a similar number of shares as 

the book managers or joint book managers did; they are also listed on the IPO prospectus 

cover page at the same level as the book managers. Since the underwriting commitment 

(or the underwriting risk) is proportionate to the number of shares sold by each 

underwriter, the effort put in by joint lead managers to screen issuer quality during pre-

filing due diligence, marketing during road shows, and in the pricing decisions, should be 
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similar to the book managers.10 Therefore, we classify joint lead manager as a “lead 

manager.” Similar to Corwin and Stegemoller (2014) and Lowry, Michaely, and Volkova 

(2017), we classify book managers, joint book managers and joint lead managers as “lead 

underwriters,” co-managers as “co-managers,” and syndicate members as “non-managing 

members.” 

To measure the reputation of the lead underwriter(s) quality, we use Megginson and 

Weiss’s (1991) measure of underwriter reputation, which is based on the relative market 

share of underwriters estimated over a three-year period prior to the listing year. For 

robustness, we also use Carter and Manaster’s (1990) measure of underwriter reputation, 

as updated by Loughran and Ritter (2004).11 When an IPO is managed by MLUs, we 

average out the rank of the individual lead managers to determine the underwriter 

reputation for the IPO. 

3.4. Research Design 

To test our hypotheses, we use a number of univariate and multivariate analyses. The 

following sections will give a brief description of these methods. 

3.4.1 Univariate Tests 

We use univariate analysis to identify basic relationships and correlations between the 

lead manager syndicate size and various firm and offering characteristics. The methods 

                                                 

10 This is in contrast to Corwin and Schultz (2005) and Jeon et al. (2015), where the aurthors classify joint 

lead managers as “co- managers.”  
11 In Chapter 5, we use Carter and Manaster’s (1990) measure as the main measure of underwriter reputation 

as per the suggestion from journal referees.  
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are used in combination with parametric statistical tests, such as the 

two independent sample t-tests, and non-parametric statistical tests such as the Wilcoxon 

rank sum (Wilcoxon-Mann-Whitney) test.  

3.4.2 Multivariate Analysis 

We use Ordinary Least Square (OLS) multiple regression analysis to formally examine 

the impact of our variable of concern on the dependent variable. We also use binomial 

Probit, Logit and Tobit models in some of our empirical studies to examine the 

determinants of certain decisions made by IPO firms. Due to a large number of regression 

models used in this thesis, dependent variables will be presented in detail in the empirical 

chapters. As an indication, dependent variables will include (but are not limited to) first-

day return (underpricing), long-term return, offer price revision, prospectus content, 

valuation multiples, and investor heterogeneity measures. Moreover, underwriting gross 

spread, offer delay, and offer withdrawal will be used as dependent variables.  

Besides these key explanatory variables, in all regression specifications, we include 

several control variables that prior research has shown to impact on our dependent 

variables. These variables consist of firm characteristics, offer and underwriter 

characteristics, and market conditions during the IPO process. We describe the control 

variable construction in detail in Appendix 1, while the exact estimation models are 

specified in the empirical chapters. In addition to the explanatory variables, we use 

industry and year based dummy variables to capture any industry- and year-specific 

variations in variables. Standard errors in all regression specifications have been 

corrected for heteroskedasticity and non-normality using the Huber-White “sandwich” 

estimator (Huber, 1967; White, 1980).  
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3.4.3 Robustness Test 

In corporate finance literature, the matching between underwriters and IPO firms has long 

been recognised as an endogenous decision (Loughran & Ritter, 2004). Endogeneity may 

result from a number of sources, such as omitted variables, reverse causality, 

simultaneity, selection bias, and measurement error (Wooldridge, 2002). However, 

selection bias and omitted variables are likely the two most important problems in the 

underwriting syndicate literature (Corwin & Schultz, 2005; Fernando et al., 2005; Jeon et 

al., 2015). This, as a consequence, can potentially lead to biased and inconsistent 

parameter estimates, and result in type I error (rejecting a hypothesis that in fact is true) 

or type II error (failing to reject a hypothesis that in fact is false).  

We address this endogeneity bias in two ways. First, we use a 2-SLS instrumental variable 

(IV) approach to control for unobserved characteristics that might affect our estimates. 

To do so, we use instrumental variables that are correlated with the endogenous 

explanatory variable (lead underwriter syndicate size) but uncorrelated with the error in 

the structural equation (Wooldridge, 2002). For robustness, we also employ matching 

methods to control for the potential sample selection bias associated with the firm 

characteristics. The matching methods attempt to mimic the unobservable factors by 

matching the treated units’ (MLU-backed IPOs) to similar non-treated units (SLU-backed 

IPOs) in terms of their observable characteristics (Dehejia, 2005; Heckman & Navarro-

Lozano, 2004). We use Propensity Scores Matching (PSM) and Abadie and Imbens 

Matching (AIM) to estimate the average treatment effect on the treated firms (ATT). 
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 : Information Production in Multiple Lead Underwriter IPOs 

This chapter includes a co-authored paper. The bibliographic detail of the co-authored 

paper, including all authors, is:  

Vithanage, K., Neupane, S., & Chung, R. (2016). Information Production in Multiple 

Lead Underwriter IPOs, under review at the Journal of Business Research.  

My contribution to the paper involved: 

“Generation of the research idea through extensive literature review; development of the 

theoretical framework and hypotheses; identification of the research models and relevant 

data; the data collection and organization into a usable format; STATA programming and 

analysis of the results; interpretation and discussion of the results; and the write up of the 

complete paper” 
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4.1 Introduction 

The price-setting process is a complex and less understood aspect of initial public 

offerings (IPOs). This is due to the uncertainty associated with IPOs, and the opaque 

nature of the underwriting practices in the US and many other countries. One strand of 

research in the context of IPO pricing that has received considerable theoretical and 

empirical attention is the information extraction hypothesis initially developed by 

Benveniste and Spindt (1989). The main premise of the hypothesis is that underwriters 

set IPO prices by extracting information from informed investors during the bookbuilding 

period (Degeorge, Derrien, & Womack, 2007; Sherman, 2005). The road shows and one-

on-one meetings with the institutional investors during bookbuilding allow underwriters 

to discover the valuation beliefs of the investors and to estimate the final offer price 

(Busaba & Chang, 2010; Ritter & Welch, 2002). The extraction of information for setting 

IPO price, however, comes at a cost, as underwriters do not completely incorporate all 

the information, to reward investors for being truthful. The partial adjustment 

phenomenon (Hanley, 1993) provides strong empirical support to the idea that 

bookbuilding can be quite costly for the issuing firms.  

Unlike the bookbuilding phase, much less attention has been paid to underwriters’ 

information production in the pre-bookbuilding period. There has been some progress in 

recent times, with studies arguing that pre-filing information production can effectively 

substitute for the costly bookbuilding price discovery process (Aussenegg, Pichler, & 

Stomper, 2006; Hanley & Hoberg, 2010; Jenkinson, Morrison, & Wilhelm, 2006).12 

                                                 

12 The pre-filing period refers to the period prior to submission of the registration statement to the SEC. 
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Aussenegg et al.’s (2006) study of IPO pricing in Germany finds that if the pre-filing 

trading reveals sufficient information for the price setting, underwriters may only use 

bookbuilding as a means for distributing IPO shares, and not as an information production 

mechanism. They document that when an underwriter collects pricing information prior 

to the bookbuilding period, there is no partial adjustment phenomenon in such IPOs. 

Moreover, the European evidence provided by Jenkinson et al. (2006) suggests that the 

initial price range is systematically more informative if underwriters acquire information 

during the pre-filing phase. In the context of US IPOs, Hanley and Hoberg (2010) find 

that IPOs in which underwriters perform pre-filing with greater due diligence have more 

accurate preliminary offer prices and exhibit less underpricing.13 In this study, we extend 

this strand of research by examining information production by underwriters to consider 

a recent development in the underwriting market that provides some IPOs with more 

resources to invest in pre-filing information production. 

Since the late 90s, the US underwriting market has undergone several significant changes. 

First, following the enactment of the Gramm-Leach-Bliley Act of 1999, commercial 

banks have gained a substantial share of the underwriting market, which was traditionally 

dominated by the specialist investment banks (Ljungqvist et al., 2009). The increase in 

competition in the underwriting market also coincides with the significant drop in IPO 

volume following the burst of the dot-com bubble, and the introduction of security 

regulations such as the Sarbanes-Oxley Act (Gao, Ritter, & Zhu, 2013; Loughran & 

                                                 

13 Even though information production during pre-filing and bookbuilding periods are not mutually 

exclusive, one type of mechanism may dominate based on underwriter’s preference, cost, and resource 

availability (Hanley & Hoberg, 2010; Khanna, Noe, & Sonti, 2008). If pre-filing information extraction is 

expensive due to the firm’s nature or limited underwriting resources, the underwriter may opt to perform 

minimum pre-filing due diligence to comply with the statutory requirements and then rely on bookbuilding 

to price the IPO, or vice versa. 
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Ritter, 2004). Consequently, many recent IPO issuers have employed multiple lead 

underwriters (MLUs) to manage their offerings, which is in sharp contrast to the previous 

decades (the 80s and 90s), during which almost all of the IPOs were underwritten by 

single lead underwriters (SLUs) (Abrahamson, Jenkinson, & Jones, 2011; Hu & Ritter, 

2007; Jeon et al., 2015). Jeon et al., 2015 report that, in the period between 2000 and 

2010, nearly half of all IPOs were managed by MLUs.14  

We argue that the emergence of MLUs should have a significant impact on the 

information production decisions of underwriters. Theoretical work by Barzel, Habib, 

and Johnsen (2000) and Pichler and Wilhelm (2001) suggest that larger underwriting 

syndicates, such as those with MLUs, provide more information advantage during the 

pricing process. Specifically, since underwriting syndicates with MLUs have 

more resources and administrative capabilities to conduct a rigorous pre-filing due 

diligence process, we hypothesise that, compared to SLUs, MLUs should be able to 

produce more information during the pre-filing period and accordingly rely less on 

bookbuilding for pricing IPOs. We develop four hypotheses, described briefly below, 

relating to information production by MLUs both during the pre-market and bookbuilding 

periods.15  

As the pre-market information production is not directly observable, we follow Hanley 

and Hoberg (2010), and use a textual analysis of the preliminary IPO prospectus (Form 

S-1) to test our hypothesis. Hanley and Hoberg (2010) suggest that when underwriters 

                                                 

14 The focus of this essay is on the role of MLUs in the underwriting syndicates. Throughout the paper, we 

use the terms “underwriter” and “syndicate” to refer to lead underwriters and lead underwriting syndicates, 

respectively. 
15 See section 4.2 for a detailed discussion of all the hypotheses.  
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put extra effort into the pre-filing period, they include informative disclosures in the 

prospectus as a qualitative justification of the offer price.16 Consequently, if MLUs indeed 

produce more information during the pre-filing period, we expect that MLUs would 

disclose more informative content in their prospectuses. Several cognitive psychology 

and linguistic studies argue that document readability influences the efficiency of 

dissemination of textual information (Gunning, 1952; Oppenheimer, 2006; Reber, 

Schwarz, & Winkielman, 2004). Efficient dissemination of pre-filing information 

through the IPO prospectus is, in fact, more important when underwriters rely more on 

the pre-filing information production, as the failure to communicate the information may 

prevent the IPO subscription. Therefore, if MLUs indeed produce more pre-filing 

information, we argue that MLUs are more likely to use more readable language in an 

IPO prospectus in order to effectively communicate the information to the investors.17  

Next, we consider the impact of the pre-filing information services of MLUs on 

information aggregation during the bookbuilding period. As noted earlier, more pre-

market information production enables underwriters to accurately estimate the initial 

price closer to the anticipated value of the firm; hence, such IPOs require less information 

aggregation during the bookbuilding. Therefore, if MLUs produce more information 

during the pre-filing, we hypothesise that MLU-backed IPOs should rely less on 

information aggregation during bookbuilding. In other words, we posit that MLU-backed 

IPOs with more pre-filing information and readable language should exhibit less price 

                                                 

16 Informative content refers to unique information disclosures in the IPO prospectus (i.e., information that 

is not contained in the past IPO prospectuses).  
17 As we discuss in detail in the hypothesis development and data and methodology sections, following the 

computational linguistics literature, we measure the readability of the IPO prospectus using Fog and SMOG 

indices. 
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revision. Finally, if MLUs indeed produce less information during bookbuilding, we 

hypothesise that the partial adjustment for private information should be low among 

MLU-backed IPOs.  

We test all these hypotheses using a sample of 1,550 US IPOs from 1999 to 2012. Overall, 

we find strong support of our main premise — that IPOs backed by MLUs produce more 

information in the pre-market phase and rely less on bookbuilding in the pricing process. 

In support of our first two hypotheses (informative content and readability), we find that 

the prospectuses of MLU-led IPOs (MLU-backed IPOs) contain more informative 

content and use more readable language. As for the empirical analysis for the 

bookbuilding period, consistent with our conjecture, we find that MLU-backed IPOs with 

more pre-filing information and readable language exhibit less price revision. Further, 

defining partial adjustment as the correlation between underpricing and offer price 

revision, we also find that partial adjustment to private information is less prominent 

among MLU-backed IPOs, which reconfirms the hypothesis that MLUs produce less 

information during the bookbuilding period. 

Prior empirical work suggests that certain firm characteristics, such as offer size and 

previous relations with underwriters, may influence the choice of lead underwriting 

syndicate size (Corwin & Schultz, 2005; Jeon et al., 2015; Ljungqvist et al., 2009). 

Therefore, our results may be biased due to potential endogeneity concerns. To account 

for the endogenous determination of the size of the underwriting syndicate, we use 

instrumental variable methods and propensity score matching. Using these methods, we 

find that our results are robust to potential endogeneity in syndicate size.  
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This paper offers several contributions to the literature. Our main contribution relates to 

the literature that discusses the use of underwriting syndicates in IPOs. To the best of our 

knowledge, no existing empirical studies have examined the pre-filing information 

production role of MLUs. We address this gap in the literature by showing that MLUs 

are involved in more pre-filing information production, which leads to an accurate 

estimate of the preliminary offer price. Our findings also complement those of Hanley 

and Hoberg (2010), who suggest that underwriters’ pre-filing due diligence can serve as 

a substitute for information aggregation during the bookbuilding. Our findings should be 

of interest to issuers, who can offset the potential indirect cost of issuance, since 

underwriters are not required to leave excess money on the table. Going beyond Hanley 

and Hoberg (2010), we demonstrate that the effect of information substitution is more 

prominent among IPOs backed by MLUs.  

The evidence in our study is also related to emerging literature on the application of text 

mining in empirical finance literature, including in studies that examine value-relevant 

information in Edgar filing (Brau, Cicon, & McQueen, 2016; Crain, Parrino, & 

Srinivasan, 2016; Hoberg & Maksimovic, 2015; Loughran & McDonald, 2013) and those 

that investigate the application of readability algorithms to measure the efficiency of the 

financial communications (Li, 2008; Loughran & McDonald, 2014; Miller, 2010).18 

Overall, our findings are consistent with the information revelation theory of 

underpricing, which supports the notion that higher information production can reduce 

the underpricing in IPOs (Beatty & Ritter, 1986). More importantly, given the 

                                                 

18 Kearney and Liu (2014) provide a comprehensive review of textual analysis application in the Finance 

literature. 
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longstanding discussions on the selection of optimum underwriter syndicate structure, our 

findings should also be of interest to the firms that intend to conduct IPOs in the future.  

The rest of this paper is organised as follows. In section 4.2, we formulate our hypothesis. 

Section 4.3 describes the data, methodology and descriptive statistics. Sections 4.4 and 

4.5 report our empirical tests and results, respectively. We draw conclusions in Section 

4.6. 

4.2 Hypothesis Development 

Bookbuilding literature, building upon the study of Benveniste and Spindt (1989), 

suggests that underwriters use bookbuilding as the primary mechanism for the price 

discovery. In contrast to this traditional view, several studies, including Aussenegg et al. 

(2006), Hanley and Hoberg (2010), and Jenkinson et al. (2006) argue that underwriters 

can produce the bulk of pricing information during the pre-filing period. In particular, 

using informative content in the prospectus as a proxy for pre-filing due diligence, Hanley 

and Hoberg (2010) demonstrate that when underwriters engage in more rigorous due 

diligence activities, they produce less pricing information during the bookbuilding period. 

They show that IPOs for which underwriters perform greater pre-filing due diligence 

exhibit narrower initial filing price ranges, less price revision and less underpricing. Their 

interpretation of the result is based on the notion that when underwriters conduct rigorous 

pre-filing due-diligence, they disclose more informative content in the prospectus as a 
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qualitative justification of the preliminary offer price.19 A growing body of literature 

examining underwriting syndicates suggests that larger syndicates provide an 

information-related advantage to the IPOs they manage (Barzel et al., 2000; Corwin & 

Schultz, 2005; Hu & Ritter, 2007; Pichler & Wilhelm, 2001). Compared to SLUs, 

underwriting syndicates with MLUs presumably have access to more resources and 

administrative capabilities to conduct a rigorous pre-filing due diligence process. The 

theoretical predictions of Khanna, Noe, and Sonti (2008) suggest that underwriters can 

substitute bookbuilding information production with pre-filing information production 

when they have adequate resources to screen issuers. Therefore, it is intuitive to assume 

that MLUs are more likely to produce more information during the pre-filing stage than 

SLUs do.  

With the entry of commercial banks to IPO underwriting following the repeal of the 

Glass-Steagall restrictions, and the bearish IPO market subsequent to the dot-com bubble, 

competition among underwriters for lead position has intensified since the late 90s. Hu 

and Ritter (2007) and Jeon and Lee (2015b) argue that, unlike in SLU-backed IPOs, 

competition among underwriters in MLU-backed IPOs continues even after winning the 

IPO mandate. This competition may also motivate MLUs to use pre-filing information 

production as an effective tool to mitigate the risk of being demoted to a co-manager. 

Ljungqvist, Marston, and Wilhelm (2009) suggest that commercial bank affiliated 

19 The disclosure of proprietary information in the IPO prospects however can be indirectly costly to the 

firms as it may reveal sensitive information to the rival firms, creating a competitive disadvantage (Boone, 

Floros, & Johnson, 2016; Hanley & Hoberg, 2010). 
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underwriters are more likely to participate as co-lead managers than as sole-lead 

managers. These underwriters also have access to private information about the firm 

obtained through prior lending transactions (Narayanan et al., 2004; Schenone, 2004); 

hence, they have a unique information-related advantage during the pre-filing phase. 

Therefore, the presence of commercial bank affiliated underwriters in MLU syndicates 

should also strengthen the pre-filing information production by MLUs. 

A potential advantage of pre-filing information production is that such information 

production can be less costly for the issuer than doing the information production in the 

bookbuilding phase. This is because underwriters are not required to excessively 

underprice the shares, as suggested in the bookbuilding theories (Benveniste & Spindt, 

1989). Hu and Ritter (2007) note that issuers are more likely to employ MLUs when they 

want to increase their bargaining position regarding the IPO. Therefore, issuers may be 

economically motivated to employ MLUs when they seek to reduce offer costs by 

producing more information during the pre-filing period. 

Based on the MLU’s capacity to produce more information during the pre-filing period 

and the financial advantage of producing such information, we argue that MLUs are likely 

to produce more information during the pre-filing period than SLUs do. Hence, we 

hypothesise that MLU-backed IPOs should incorporate more informative content in the 

IPO prospectus compared to the content of IPO prospectus managed by SLUs. We thus 

formalise our first hypothesis as follows. 

Hypothesis 4.1: Prospectuses of the MLU-backed IPOs should contain more 

informative content compared to those of SLU-backed IPOs.  
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Cognitive psychology’s processing fluency theory (Oppenheimer, 2006; Reber et al., 

2004) and several linguistic studies, including those of Gunning (1952) and McLaughlin 

(1969), suggest that effective textual communication involves writing in a style that is 

readable and easy to understand. Similarly, Bloomfield (2002) and Hirshleifer and Teoh 

(2003) suggest that less readable text in the regulatory filing may limit an investor’s 

ability and willingness to consider the underlying information. Since an IPO prospectus 

is the primary source of information for potential IPO investors, the readability of the 

prospectus, therefore, plays an important role in the information dissemination process 

(Daily, Certo, & Dalton, 2005).20 The dissemination of pre-filing information through an 

IPO prospectus is, in fact, more important when underwriters rely on the pre-filing 

information production to estimate the offer price, because failure to communicate pre-

filing information to an investor can increase the risk of under-subscription. If an IPO 

experiences under-subscription, the underwriter may be required to lower the offer price 

to attract investors, and thus may incur the cost of price support as well as potential 

reputational damage and litigation from issuers (Chowdhry & Sherman, 1996; Jones & 

Yeoman, 2014). Therefore, if MLUs attempt to produce more pre-filing information, we 

expect that MLUs should use a less complex and more readable writing style in 

prospectuses to effectively communicate pre-filing information to investors. Based on the 

above discussion, we hypothesise the following: 

20 Securities and Exchange Commission (SEC) Rule 421(d) requires that all security issuers must provide 

“plain English” disclosures in prospectuses; however, the actual readability of a prospectus may be subject 

to the disclosure preferences of the firms and underwriters. For instance, several empirical studies provide 

evidence that firms strategically use long and unreadable language in their 10-K filings to disguise adverse 

information from investors (Li, 2008; Miller, 2010). 
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Hypothesis 4.2: MLUs should use a more readable writing style in an IPO 

prospectus compared to SLUs.  

Next, we consider the impact of MLU’s pre-filing information production on the 

information aggregation during bookbuilding. In the US IPO context, information 

aggregated during the bookbuilding period reflects the information acquired from 

institutional investors, as the Securities Act of 1933 prohibits underwriters from soliciting 

investors’ opinions prior to this period (Chuluun, 2015; Wang & Yung, 2009). Since 

higher pre-filing information production allows underwriters to estimate the initial price 

closer to the anticipated value of the firm, such IPOs should require less information 

aggregation during bookbuilding. Consistent with this view, Hanley and Hoberg (2010) 

show that IPOs with higher pre-filing information have lower price revisions. Thus, if 

MLUs indeed produce more pre-filing information and communicate such information 

using a more readable language, we argue that MLUs should produce less information 

during the bookbuilding period. In other words, MLU-backed IPOs should exhibit lower 

price revision, because their IPO prospectuses contain more informative content and 

readable language. We thus hypothesise the following: 

Hypothesis 4.3: MLU-backed IPOs with more informative content and more 

readable language should exhibit low price revision. 

Benveniste and Spindt’s (1989) information acquisition model argues that the offer price 

should only be partially adjusted in response to information acquired during 

bookbuilding, in order to reward investors for revealing their private information. 

Consequently, offer price revision and underpricing should be positively correlated. This 

is known as the partial adjustment phenomenon in IPOs, and it is empirically supported 
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by Hanley (1993). Furthermore, partial adjustment to private information should be more 

pronounced in IPOs for which underwriters rely more on bookbuilding for information 

production. For example, Wang and Yung (2009) find that highly reputed underwriters 

produce more information during the bookbuilding period, and that IPOs managed by 

highly reputed underwriters exhibit stronger support for partial adjustment. Within this 

context, given that MLUs produce more information during the pre-filing period, we 

argue that MLU-backed IPOs provide less support for partial adjustment compared to 

SLU-backed IPOs. We thus hypothesise the following: 

Hypothesis 4.4: Partial adjustment to private information should be less 

pronounced in MLU-backed IPOs.  

4.3 Data & Methodology 

4.3.1 IPO Sample Construction 

Our IPO sample consists of US IPOs issued between January 1999 and December 2012 

from the Thomson Reuters SDC Platinum New Issues database. Since MLU backed IPOs 

are almost negligible prior to 1999, we start our sample from 1999 onward. We obtain 

financial, accounting, and trading data using the COMPUSTAT and CRSP databases, and 

founding dates from Jay Ritter’s IPO database. To be consistent with the prior studies, we 

exclude from our sample IPOs by financial companies (SIC codes 6000–6999), utility 

firms (SIC codes 4900–4999), American depository receipts (ADRs), non-ordinary 

shares, foreign offerings, real estate investment trusts (REITs), closed-end fund shares, 

unit offerings, and IPOs with an offer price of less than five dollars. We also exclude 

firms not covered on the COMPUSTAT database at least one fiscal year prior to the 

listing, and firms that are not listed on CRSP within one day after the listing date. For 



 

 

69 

each IPO firm, we obtain the initial prospectus (Form S-1) from the SEC’s Electronic 

Data Gathering, Analysis, and Retrieval (EDGAR) database using a web crawling 

algorithm.21 This reduces our sample to 1,555 IPOs. We further limit our sample to IPO 

firms with machine-readable IPO prospectuses.22 Our final sample consists of 1,550 

IPOs. To ensure that our results are not affected by extreme values, we winsorise all the 

variables at the 1st and 99th percentiles. 

Our underwriter syndicate data is obtained from Thomson SDC. For each IPO, SDC 

categorises the underwriting syndicate members into six roles: book manager, joint book 

manager, joint lead manager, co-manager, syndicate member, or global lead managers. 

Following Corwin and Stegemoller (2014) and Lowry, Michaely, and Volkova (2017), 

we classify book managers, joint book managers and joint lead managers as “lead 

underwriters,” co-managers as “co-managers,” and syndicate members as “non-managing 

members.” 23
 

4.3.2 Standard and Informative Content 

In this section, we introduce the text processing methods used in the study.  

                                                 

21 Unlike Hanley and Hoberg (2010), and following Loughran and McDonald (2013), we use Form S-1 

instead of final prospectuses because final prospectuses may contain information produced after the pre-

filing period. 
22 As our estimation of standard and industry-specific content requires prospectus information from the 

previous year, we also obtain the prospectuses of IPOs issued during 1998. 
23 Corwin and Schultz (2005) suggest that global leads are also included under co-managers; therefore to 

prevent double counting, we exclude global lead underwriters in the underwriter classification. 
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4.3.2.1 Textual pre-processing  

Before analysing the content of IPO prospectuses, we perform the following pre-

processing operations to reduce vector space and to increase computational speed. Similar 

to Loughran and McDonald (2011) and Hanley and Hoberg (2010), we first remove all 

the HTML codes, headers, hyperlinks, images, tables, punctuation, abbreviations, 

numbers, single-character words and common stop words ( e.g. ‘‘the,’, ‘‘as,’, ‘‘in,’, 

‘‘over,’, ‘‘by’’).24 Following Jegadeesh and Wu (2013), we then eliminate non-English 

words and misspelled words by comparing the prospectus content with a comprehensive 

English dictionary.25 We also eliminate words that appear less than a total of five times 

in all the prospectuses as they are not informative in terms of the content (Hanley & 

Hoberg, 2010). For the final pre-processing step, we use Porter’s (1980) 

stemming algorithm for English to convert different forms of a word (such as plurals, 

nouns and adjectives) into their root word (Manning & Schütze, 1999). The pre-

processing results in a global word list of 6,903 unique English root words across all the 

IPO prospectuses.  

Following Hanley and Hoberg (2010), we next translate the text content of each 

prospectus into a word vector. Each word vector contains elements to represent each root 

word from the global word list. Each vector has a fixed length (a certain number of 

elements) as they are based on the same root word list. In order to represent the total 

amount of information in the prospectus, we use a scalar count of the number of times 

                                                 

24 We use a stop word dictionary obtained from http://www3.nd.edu/~mcdonald/Word_Lists.html 
25 We use the version 4.0 of the 2of12inf dictionary from http://wordlist.sourceforge.net/12dicts-

readme.html 

http://www3.nd.edu/~mcdonald/Word_Lists.html
http://wordlist.sourceforge.net/12dicts-readme.html
http://wordlist.sourceforge.net/12dicts-readme.html
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each word appears in the prospectus. We then normalise the raw word vector by dividing 

each element of the word vector by the total number of root words used in the document, 

therefore the sum of all elements is equal to one. To further illustrate this procedure, we 

consider two sentences from the Facebook IPO prospectus.26 

 “Shares of Class A common stock are entitled to one vote per share.” 

“Investing in our Class A common stock involves a high degree of risk.” 

The bold words are those that are excluded during the pre-processing stage. There are 

nine root words in these sentences: class, common, degree, entitle, invest, involve, risk, 

share, and vote. We represent the two sentences as word vectors with nine elements,  

Words tot,1= [1,1,0,1,0,0,0,2,1]   Words tot,2= [1,1,1,0,1,1,1,0,0] 

Then the normalized word vector is created as follows:  

Norm tot,1= [0.167, 0.167, 0, 0.167, 0, 0, 0, 0.333, 0.167] 

Norm tot,2= [0.167, 0.167, 0.167, 0, 0.167, 0.167, 0.167, 0, 0]. 

4.3.2.2 Decomposition of prospectus content 

We adopt Hanley and Hoberg’s (2010) method to decompose the prospectus content into 

standard content and informative content.27 This methodology is used in much recent 

                                                 

26 Form S-1 of Facebook IPO prospectus can be accessed via the Web at 

https://www.sec.gov/Archives/edgar/data/1326801/000119312512034517/d287954ds1.htm 

 
27 For ease of reference, we use the same notations as in Hanley and Hoberg (2010). 

https://www.sec.gov/Archives/edgar/data/1326801/000119312512034517/d287954ds1.htm
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information processing literature, including studies by Ding (2016), Hanley and Hoberg 

(2012) and Hoberg and Phillips (2010). Standard content represents the information that 

is present in the prospectuses of past IPOs. This content has two main components: 

information from recent or concurrent IPOs (content from the recent IPO market) and 

information that is unique to the industry (industry-specific content). Informative content, 

on the other hand, represents the information that is unique to the given IPO, which cannot 

be explained by the past or industry-specific information.  

To calculate the amount of information from recent or concurrent IPOs, we consider IPOs 

that were filed within a ninety-day event window prior to the current IPO’s filing date. 

To calculate the industry-specific content, we consider the IPOs that were filed between 

a 91- to 365-day period prior to the current IPO’s initial filing date. This event window 

ensures that the industry-specific content does not overlap with the content from the 

recent IPO market. To estimate IPO i’s exposure to the content from recent IPOs, we 

consider K number of recent IPOs, whose normalised word vectors are represented as 

wordstot,k . We normalise this word vector by dividing by the sum of its elements to obtain 

normtot,k . The normalised word vectors have elements that add up to 1 and the length of 

the word vector does not change with the document size (Hanley & Hoberg, 2010). We 

then calculate the average of the normalised vectors of recent IPOs as follows: 

𝑛𝑜𝑟𝑚𝑟𝑒𝑐,𝑖 =
1

𝐾
∑ 𝑛𝑜𝑟𝑚𝑡𝑜𝑡,𝑘

𝐾

𝑘=1

 

 

(4.1) 

 

Similarly, we estimate IPO i’s exposure to past industry content by considering P number 

of IPOs from the same Fama–French 48 industry that were filed during a 91- and 365-

day event window. The average normalised vectors for IPOi is calculated as follows: 
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𝑛𝑜𝑟𝑚𝑖𝑛𝑑,𝑖 =
1

𝑃
∑ 𝑛𝑜𝑟𝑚𝑡𝑜𝑡,𝑘

𝑃

𝑃=1

 

 

(4.2) 

For each IPO in our sample, we run a first stage OLS regression without an intercept, as 

follows:  

𝑛𝑜𝑟𝑚𝑡𝑜𝑡,𝑖 = 𝑎𝑟𝑒𝑐,𝑖 𝑛𝑜𝑟𝑚𝑟𝑒𝑐,𝑖 + 𝑎𝑖𝑛𝑑,𝑖  𝑛𝑜𝑟𝑚𝑖𝑛𝑑,𝑖 +∈𝑖 

 

(4.3) 

We then estimate the standard content of the IPO prospectus as follows: 

𝑎𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑,𝑖 = 𝑎𝑟𝑒𝑐,𝑖  + 𝑎𝑖𝑛𝑑,𝑖  

 

(4.4) 

where 𝑎𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑,𝑖 is the relative loading of standard content and represents the proportion 

of standard words in IPO i’s prospectus. Since the residual of Eq. (4) reflects the content 

that cannot be explained by the content of past prospectuses, following Hanley and 

Hoberg (2010), we consider informative content to be the sum of the absolute values of 

the residuals obtained after performing Eq. (4) for each IPO. 

4.3.3 Readability Measure 

To investigative the complexity of textual information in IPO prospectuses, following 

computational linguistics literature, we use Gunning’s Fog index (Gunning, 1952) and 

McLaughlin's SMOG index (McLaughlin, 1969).28 The Fog index, the most commonly 

used readability measure, defines a text’s complexity as a function of words per sentence 

and syllables per word, and reflects the number of years of formal education required by 

                                                 

28 While the literature acknowledges that the traditional readability measures like the Fog index may not 

perfectly capture the readability of financial disclosures (Loughran & McDonald, 2014), their use as a 

readability measure is commonly accepted in the literature (Brochet, Naranjo, & Yu, 2015; Li, 2008). 
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the reader to understand the written material. As more syllables per word or more words 

per sentence make a document harder to read, a higher Fog index indicates a less readable 

document.29 In turn, a lower Fog index indicates a more readable document with short 

sentences written in plain English. The Fog index is calculated as below. 

FOG Index =0.4* (words per Sentence + percentage of complex words) (4.5) 

where complex words are defined as words with three syllables or more. Following Li 

(2008), we exclude the headers, paragraphs less than one line, and tables during the Fog 

Index calculation. The Simple Measure of Gobbledygook (SMOG) index is a modified 

version of the Fog Index and is widely used as an alternative readability metric. The 

SMOG index considers the number of polysyllable words (words with three or more 

syllables) to calculate the level of education required to understand a written report. 

The SMOG index is calculated using the following formula: 

𝑆𝑀𝑂𝐺 𝐼𝑛𝑑𝑒𝑥 = √𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑤𝑖𝑡ℎ 3 𝑜𝑟 𝑚𝑜𝑟𝑒 𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠 + 3 (4.6) 

 

4.3.4 Descriptive Statistics 

Table 4-1 provides a yearly breakdown of the number of IPOs and the composition of the 

lead underwriting syndicate.30 Consistent with the observations of Loughran and 

McDonald (2011) and Gao et al. (2013), we find that our data indicates that the number 

of IPOs has declined significantly since the burst of the dot-com bubble. This is in contrast 

                                                 

29 A Fog index of 18 or higher indicates the text is unreadable, and a score between 14 and 18 indicates 

that it is difficult to read. A Fog index of between 12 and 14 is considered to be ideal, between 10 and 12 

is acceptable and between 8 and 10 is childish. 
30 To be consistent with the remaining chapters, in Table 4-1, we use the full IPO sample without restricting 

to those with machine readable prospectuses.  
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to the previous decades, where the annual number of IPOs was, on average, around 230 

(Gao et al., 2013). Further, as in Hu and Ritter (2007) and Jeon et al. (2015), we observe 

an overall increase in the mean value of the number of lead managers in the underwriting 

syndicate over our sample period, from 1.14 in 1999 to 3.12 in 2012. In contrast, between 

1999 and 2007, the fraction of SLU-backed IPOs decreased from 89 percent to nearly 41, 

with the proportion further dropping to about five percent by 2012.  

Table 4-1 Underwriting Syndicate Composition 

This table reports the yearly composition of the lead underwriter syndicate structure of US IPOs from 1999 

to 2012, as reported by SDC. Excluded are: IPOs which are not registered on the COMPUSTAT at least 

one fiscal year prior to the listing; firms that are not listed on CRSP within one day from the listing date; 

financial companies (SIC codes 6000–6999); American Depository Receipts (ADRs); non-ordinary shares; 

Real Estate Investment Trusts (REITs); closed-end fund shares; unit offerings; and IPOs with an offer price 

of less than five dollars. 

Year N # Lead Managers                         # Book Managers 

 

    Percentage of IPOs 

  
Mean Median 1 2 3 4 >=5 1 >1 

1999 344 1.14 1.00 89 9 2 1 0 94 6 

2000 252 1.19 1.00 83 16 1 0 0 94 6 

2001 68 1.50 1.00 56 41 1 0 1 87 13 

2002 56 1.46 1.00 57 39 4 0 0 79 21 

2003 50 1.54 1.00 52 44 2 2 0 72 28 

2004 148 1.76 2.00 37 54 7 1 1 64 36 

2005 128 1.91 2.00 38 44 13 3 3 48 52 

2006 123 1.79 2.00 36 51 11 1 1 50 50 

2007 128 1.84 2.00 41 44 10 4 2 45 55 

2008 14 2.00 2.00 29 43 29 0 0 29 71 

2009 34 2.94 3.00 12 35 21 18 15 15 85 

2010 63 2.54 2.00 21 40 19 13 8 21 79 

2011 65 2.97 2.00 9 43 25 8 15 9 91 

2012 82 3.12 3.00 5 39 30 11 15 7 93 

1999-2000 596 1.16 1.00 86 12 2 1 0 94 6 

2001-2007 701 1.74 2.00 42 47 8 2 1 59 41 

2008-2012 258 2.82 2.00 12 40 25 11 12 13 87 

1999-2012 1555 1.72 1.00 54 32 8 3 3 65 35 
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Table 4-2 Summary Statistics 

This table reports the descriptive statistics for the sample of 1,555 IPOs from 1999 to 2012. SLU-backed 

IPOs are the IPOs underwritten by single lead managers. MLU-backed IPOs are the IPOs underwritten by 

more than one lead manager. All accounting data are for the fiscal year prior to the IPO. All the variables 

are defined in Appendix 1. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively 

for two tailed tests (t-test and Wilcoxon rank-sum test). 

  Overall (N=1,550) SLU-backed IPOs 

(N=837) 

MLU-backed IPOs 

(N=713) 
  Mean Median Mean Median Mean Median 

Panel A: Firm Characteristics 
   

    

Sale  522.13 46.67 174.33 22.07 933.32*** 137.76*** 

Net Earnings  67.64 -3.44 -6.98 -4.46 156.85***   -0.68*** 

Age 16.42 8.00 12.45 7.00 21.07*** 10.00*** 

VC Dummy 0.52 1.00 0.57 1.00 0.46*** 1.00*** 

Profitable Dummy 0.37 0.00 0.29 0.00 0.47*** 0.00*** 

Proceeds  130.38 72.00 68.79 46.11 203.25*** 121.40*** 

Pre relation Dummy  

 

0.13 0.00 0.09 0.00  0.19*** 

      

Panel B: Issue Characteristics 
     

Percentage Sold 0.28 0.27 0.27 0.28 0.29*** 0.27  

Offer Price 14.24 14.00 13.65 13.00 14.92*** 14.00*** 

NYSE/AMEX Dummy 0.20 0.00 0.07  0.00 0.37*** 0.00*** 

Gross Spread 6.83 7.00 6.96 7.00 6.68*** 7.00  

      

Panel C: Underwriter Characteristics 
     

LM Market Share 0.03 0.03 0.03 0.01 0.04*** 0.04*** 

# Lead Manager 1.71 1.00 1.00 1.00 2.54*** 2.00*** 

# Co-Manager  2.73 2.00 2.48 2.00 3.03*** 2.00*** 

# Non-Manager 3.70 0.00 5.27 0.00 1.85*** 0.00*** 

     
Panel D: Pricing & Performance     

Revision  0.01 0.00 0.02 0.00 -0.01*** 0.00*** 

Abs. Revision 0.11 0.08 0.11 0.08 0.11 0.08 

Positive Revision Dummy 0.46 0.00 0.49 0.00 0.43** 0.00** 

Negative Revision Dummy 0.35 0.00 0.30 0.00 0.41*** 0.00*** 

Zero Revision Dummy 0.19 0.00 0.22 0.00 0.16*** 0.00*** 

Underpricing 0.32 0.13 0.46 0.18 0.17*** 0.09*** 

    
Panel E: Prospectus Content    

Total Words 62,785 56,490 51,283 47,411 75,700*** 72,798*** 

Total Root Words 10,103 9,022 8,220 7,405 11,647*** 10,384***  

Total Sentences 6,420 5,804 5326 4,945 7,647*** 7,348*** 

Total Letters 336,387 302,336 275,317 253,034 405,023*** 390,224*** 

Standard Content 0.872 0.906 0.867 0.913  0.877  0.880 

Informative Content 0.478 0.437 0.461 0.426 0.489** 0.443** 

Gunning Fog Index 12.672 12.500 12.800 12.613 12.518***  12.476**  

SMOG Index  11.543 11.543 11.550 11.486 11.536  11.486  
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Table 4-2 presents the summary statistics of the variables used in this paper. We report 

the summary (mean and median) statistics for the overall sample in columns (2) and (3), 

those for SLU-backed IPOs in columns (4) and (5), and those for MLU-backed IPOs in 

columns (6) and (7). As shown in Panel (A), the median IPO in our overall sample has 

prior listing sales of $46.67 million, a net income of $-3.44 million, and is eight years old. 

The summary statistics also indicate that the median IPO is backed by venture capitalist 

investors. The median IPO raises, on average, $72.0 million. 

Panel (B) shows that the median IPO sold 27 percent of the firm’s shares to the public 

during the IPO. Panel (C) shows that the average market share for the lead underwriter is 

three percent. Compared to MLU-backed IPOs, SLU-backed IPOs are considerably 

smaller (in terms of sales and total assets), younger, less profitable at the time of issue, 

and more likely to contain VC investors. It is also evident that MLU-backed IPOs are, on 

average, managed by underwriters with higher market share and include more co-

managers, while SLU-backed IPOs include more non-managing underwriters in the 

underwriting syndicate. Further, MLU-backed IPOs are more likely to have pre- banking 

relations and charge lower gross spreads (underwriting fees). The differences in the mean 

and median of the firm, and issue and syndicate characteristics between MLU-backed 

IPOs and SLU-backed IPOs, are statistically significant at the one percent level. 

Panel (D) displays statistics for price revision variables and initial performance measures. 

For the overall sample, the average price revision from the midpoint of the initial price 

range to the final offer price is one percent, with a median of zero percent. Nearly 46 

percent of the IPO firms receive positive price revisions and 35 percent of firms receive 

negative revisions. Interestingly, the results suggest that, on average, MLUs tend to 
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incorporate more negative price revisions, while SLUs tend to incorporate more positive 

price revisions; 41 percent of MLU-backed IPOs perform negative price revisions 

compared to 30 percent of SLU-backed IPOs. Moreover, 49 percent of IPOs backed by 

SLUs obtain positive price revisions, compared to 43 per cent of those backed by MLUs. 

Further, while 22 percent of SLU backed firms report zero price revisions, only 16 percent 

of MLU-backed IPOs report zero revisions. Both the mean and median values for MLU-

backed IPOs and SLU-backed IPOs are statistically and significantly different from each 

other at the five percent level, except for absolute revisions. The mean absolute price 

revision for MLU-backed IPOs is almost similar to that for SLU-backed IPOs, and the 

difference is not statistically significant at the 10 percent level. 

On average, the IPOs in our sample have a mean underpricing of 32 percent and a 

relatively lower median of 13 percent, which partially reflects the hot IPO market 

activities during 1999-2000. Consistent with Hu and Ritter (2007), we also find that 

MLU-backed IPOs exhibit less underpricing compared to SLU-backed IPOs. 

Specifically, the average underpricing is 46 percent for the SLU-backed IPOs and 17 

percent for MLU-backed IPOs, and these values are significantly different at the one 

percent level. 

Panel E presents summary statistics for the prospectuses’ content. The average IPO 

prospectus contains 62,785 total words with a median of 56,490 words. The descriptive 

statistics suggest that the prospectuses of MLU-backed IPOs are different from those of 

SLU-backed IPOs in several dimensions. First, MLU-backed IPOs’ prospectuses contain 

significantly more words and 41.7 percent more root words than those of SLU-backed 
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IPOs.31 Further, MLU-backed IPOs’ prospectuses contain more informative and standard 

content than SLU-backed IPOs do; however, the difference is only statistically significant 

for informative content. The mean (and median) standard content for SLU-backed IPOs 

and MLU-backed IPOs is 0.867 (0.913) and 0.877 (0.880), and the mean (and median) 

informative content is 0.461 (0.426) for SLU-backed IPOs and 0.489 (0.443) for MLU-

backed IPOs. These findings suggest that the MLU-backed IPOs tend to contain more 

unique information than SLU-backed IPOs do. The average IPO in our sample has a mean 

(median) Fog index of 12.672 (12.500). These scores suggest that the average prospectus 

is written at a high school graduate and/or college freshman skill levels (Li, 2008). Both 

the mean Fog and SMOG indices of MLU-backed IPOs are lower than those of SLU-

backed IPOs; however, the difference is only statistically significant for the Fog index. 

Since lower Fog and SMOG indices indicate higher readability levels, these results 

suggest that MLU-backed prospectuses have higher readability than SLU-backed IPOs. 

4.4 Main Analysis 

4.4.1 Pre-filing Information Production and Syndicate Structure 

We begin our analysis with an examination of the relationship between pre-filing 

information production effort and MLUs. Our measure of pre-filing information 

production is based on Hanley and Hoberg (2010) and represents the informative and 

standard content in the IPO prospectuses.32 We employ the following regression model: 

                                                 

31 The mean number of root words for MLU-backed IPOs is 11,647, which is 41.7 per cent higher than the 

mean number of root words for SLU-backed IPOs (8,220). 
32 An underlying assumption of this study is that underwriters must disclose all the known material 

information in the IPO prospectus.  
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𝑃𝑟𝑜𝑠𝑝𝑒𝑐𝑡𝑢𝑠 𝐶𝑜𝑛𝑡𝑒𝑛𝑡 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 

+ ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(4.7) 

 In Eq. (4.7), the dependent variable “Prospectus Content” is either the standard content 

or the informative content of the prospectus. The key variable of interest, Lead Manager 

Syndicate, is the lead underwriter syndicate size, which is measured by a dummy 

specification (MLU) as well as a continuous specification (# Lead Manager). MLU is a 

dummy variable that takes on a value of one if the IPO is managed by more than one lead 

underwriter and zero otherwise. For the continuous specification, we use the number of 

lead managers in the underwriting syndicate. As the relationship between pre-filing 

information production and syndicate size may be nonlinear due to potential information 

free-riding between syndicate members (Morrison & Wilhelm, 2008; Pichler & Wilhelm, 

2001), we also include a quadratic term of the number of lead managers.  

Similar to Hanley and Hoberg (2010), we use the market share of the lead underwriter, 

log of gross proceeds, log of firm age, VC-backed dummy, pre filing NASDAQ return, 

UW IPO ratio, log of the number of 90 day IPOs, and log of the number of industry IPOs 

as control variables (see Appendix I for definitions of the control variables). Since co-

managers may assist lead underwriters in producing pre-filing information (Corwin & 

Schultz, 2005), we also use the number of co-managers as a control variable. All the 

regressions include industry and year fixed effects, where the industry is measured 

through four-digit SIC codes. To obtain robust standard errors, we estimate all our 

models using the Huber-White-Sandwich estimator of variance. We report the results 

in Table 4-3. 
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Table 4-3 MLUs and Prospectus Content 

This table reports the results from the OLS regressions of IPO prospectus content against the underwriter 

syndicate composition. The dependent variables are either the standard content (Column 1-3) or informative 

content (Column 4-6) of the IPO prospectus. All the variables are defined in Appendix 1. The sample 

includes 1,550 US IPO observations from 1999 to 2012. The models also include dummy variables for each 

offer year and for industries, as defined by the Fama-French 48 industry classification. The t-statistics are 

in parentheses with Huber-White-Sandwich robust standard errors. ***, **, and * indicate significance at 

the 1, 5, and 10 percent levels, respectively. 

 (1) (2) (3) (4) (5) (6) 

 Standard Content Informative Content 

MLU Dummy 0.035   0.006***    
(1.03) 

  
(5.05) 

  
# Lead Manager 

 
0.004 0.035 

 
0.002*** 0.006*** 

 

 
(0.22) (1.06) 

 
(2.89) (5.19) 

# Lead Manager^2 
  

-0.005 
  

-0.001*** 
 

  
(-1.19) 

  
(-4.62) 

# Co-Manager 0.006 0.005 0.006 -0.000 -0.000 -0.000 
 

(0.84) (0.70) (0.90) (-0.82) (-1.44) (-0.72) 

LM Market Share -0.961*** -0.932** -0.970*** 0.003 0.008 0.003 
 

(-2.59) (-2.54) (-2.62) (0.18) (0.53) (0.17) 

Ln Proceeds -0.002 0.001 -0.002 -0.002*** -0.001* -0.002** 
 

(-0.11) (0.06) (-0.12) (-2.65) (-1.93) (-2.55) 

Ln (1+ Age) -0.035** -0.035** -0.035** 0.000 0.000 0.000 
 

(-2.27) (-2.26) (-2.27) (0.30) (0.34) (0.26) 

VC Dummy -0.101*** -0.101*** -0.101*** -0.006*** -0.006*** -0.006*** 
 

(-3.57) (-3.59) (-3.56) (-5.20) (-5.21) (-5.11) 

NASDAQ 90 day 

Return 

0.177* 0.175* 0.177* -0.008** -0.008* -0.007* 

(1.94) (1.92) (1.93) (-1.98) (-1.96) (-1.93) 

UW IPO Ratio 0.074 0.074 0.073 0.001 0.001 0.001 
 

(1.33) (1.34) (1.32) (0.74) (0.73) (0.67) 

Ln # 90 day IPOs 0.075 0.069 0.074 0.002 0.000 0.001 
 

(1.35) (1.23) (1.32) (1.22) (0.26) (0.68) 

Ln # Industry IPOs -0.066 -0.056 -0.058 0.000 0.001 0.001 
 

(-1.53) (-1.28) (-1.32) (0.79) (1.30) (1.23) 

Industry and Year 

fixed effects 

Y Y Y Y Y Y 

Constant 1.230*** 1.188*** 1.203*** 0.172*** 0.164*** 0.166*** 
 

(2.74) (2.64) (2.69) (10.95) (10.53) (10.67) 

Adj. R-sq 0.113 0.113 0.112 0.290 0.282 0.287 

N 1,550 1,550 1,550 1,550 1,550 1,550 

 

The results of models (1)–(3) suggest that the lead underwriter syndicate size (i.e., the 

MLU Dummy, #Lead Manager, or #Lead Manager^2) is positively related to the standard 



 

 

82 

content, but the relation is not significant at the 10 percent level. Therefore, compared to 

SLUs, MLUs do not include additional content from the recent or past industry IPO 

prospectuses. The results of model (4) indicate that prospectuses produced by MLUs 

contain more informative content than those produced by SLUs.  

The coefficient of the MLU dummy is positive and significant (t=5.05), indicating that 

MLU-backed IPOs contain 0.6 percent more informative content than SLU-backed IPOs. 

Further, the relation remains positive and significant (t=2.89) when we use the number of 

lead managers as the syndicate specification in model (5). This result is consistent with 

our first hypothesis (H 4.1) that MLUs incorporate more informative content in the IPO 

prospectuses. Since a higher amount of informative content indicates greater emphasis on 

pre-filing information production (Hanley & Hoberg, 2010), our results support the 

argument that MLUs produce more information during the pre-filing period. 

Moreover, when we take into account the potential nonlinear relation of the number of 

lead managers in model (6), the coefficient of the number of lead managers is positive 

and significant (t=5.19), while the squared term of the number of lead managers is 

negative and significant (t=-4.62). Consistent with the literature on information free-

riding in larger syndicates (Morrison & Wilhelm, 2008; Pichler & Wilhelm, 2001), these 

results imply that the amount of informative content produced during pre-filing reduces 

when the syndicate size becomes larger.33 In unreported results, we also find that our 

results continue to hold for IPOs managed by multiple book managers.34 Further, our 

                                                 

33 One underlying assumption of this analysis is that underwriters can produce an infinite amount of 

information during the pre-filing period. However, if a finite amount of information can be discovered, a 

non-linear relation may reflect diminishing marginal information production by marginal lead underwriters. 
34 We classify bookmanager and joint bookmanagers as book managers. We consider an IPO to be managed 

by multiple book managers if it is managed by more than one book manager. 
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results are qualitatively similar even after excluding the IPOs from the bubble period 

(1999–2000) and Tech firms.35
 

Most of the results of the control variables are consistent with those of Hanley and Hoberg 

(2010). We find that lead underwriter market share, firm age, VC dummy and the number 

of industry IPOs are negatively related to the standard content, while the pre-filing 

NASDAQ return and the number of industry IPOs are positively related to the standard 

content. Further, we find that the number of co-managers, IPO proceeds, VC-backed 

IPOs, and pre-filing NASDAQ return are negatively related to the informative content. 

4.4.2 Prospectus Readability and Syndicate Structure 

In this subsection, we focus on the relation between MLU syndicates and the prospectus 

readability. As hypothesised earlier, if an MLU syndicate does indeed include more 

readable pre-filing information in IPOs, we should then observe a negative relation 

between MLUs and our readability measures. For this purpose, we estimate the following 

model: 

 In Eq. (4.8), we use the Fog and SMOG indices as the measures of prospectus readability. 

As before, we use both the binary (MLU) and the continuous specifications of lead 

manager syndicate size. We include the market share of the lead underwriter, the number 

of co-managers, log of proceeds, log of firm age, VC dummy, tech dummy and industry 

                                                 

35 We define Tech stocks similarly to Loughran and Ritter (2004). 

𝑅𝑒𝑎𝑑𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 +  ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 (4.8) 
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and year fixed effects to account for the firm and issue complexity, which may also impact 

the readability. The results are presented in Table 4-4. 

Table 4-4 MLUs and Prospectus Readability 

This table reports the results from the OLS regressions of prospectus readability against the underwriter 

syndicate composition. The dependent variable is the informative content of the IPO prospectus. All the 

variables are defined in Appendix 1. The sample includes 1,550 US IPO observations from 1999 to 2012. 

The models also include dummy variables for each offer year and for industries, as defined by the Fama-

French 48 industry classification. The t-statistics are in parentheses with Huber-White-Sandwich robust 

standard errors. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

 (1) (2) (3) (4) (5) (6) 

  Fog Index SMOG Index 

MLU Dummy -0.367**   -0.183***    

(-2.34)   (-2.80)   

# Lead Manager  -0.126* -0.531***  -0.056* -0.251***  

 (-1.83) (-3.27)  (-1.79) (-3.57) 

# Lead Manager^2   0.059***   0.028***  

  (3.02)   (3.26) 

# Co-Manager -4.417** -4.659** -4.206** -1.493* -1.622** -1.404* 

 (-2.34) (-2.46) (-2.23) (-1.90) (-2.05) (-1.78) 

LM Market Share -0.008 0.003 -0.015 0.004 0.010 0.001 

 (-0.25) (0.09) (-0.44) (0.30) (0.68) (0.09) 

Ln Proceeds -0.189*** -0.198*** -0.172** -0.069** -0.076*** -0.063**  

(-2.72) (-2.82) (-2.42) (-2.44) (-2.61) (-2.17) 

Ln (1+ Age) -0.206*** -0.205*** -0.201** -0.151*** -0.150*** -0.148***  

(-2.64) (-2.62) (-2.57) (-4.60) (-4.58) (-4.51) 

VC Dummy -0.133 -0.138 -0.146 -0.030 -0.032 -0.036 

 (-0.94) (-0.98) (-1.03) (-0.51) (-0.54) (-0.61) 

Tech Dummy 1.757*** 1.747*** 1.730*** 0.825*** 0.823*** 0.814*** 

 (3.42) (3.40) (3.37) (3.99) (3.96) (3.93) 

Industry and Year fixed 

effects 
Y Y Y Y Y Y 

Constant 14.344*** 14.537*** 14.556*** 12.438*** 12.558*** 12.567***  

(10.96) (10.94) (11.13) (21.65) (21.33) (21.93) 

Adj. R-sq 0.074 0.073 0.076 0.130 0.127 0.132 

N 1,550 1,550 1,550 1,550 1,550 1,550 

 

As reported in models (1) and (4), the MLU dummy is negatively related to both the Fog 

and SMOG indices at five percent significance level or better. Since Fog and SMOG 

indices indicate a less readable document, these results suggest that the prospectuses of 

MLU-backed IPOs exhibit significantly higher readability compared to the prospectuses 
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of SLU-backed IPOs. Therefore, consistent with our second hypothesis (H4.2), these 

results indicate that MLUs provide more readable information disclosures in the IPO 

prospectuses than SLUs do. Further, the coefficients of the number of lead manager in 

models (2) and (5) are negative and significant at the 10 precent level. Consistent with 

our prior results regarding information free-riding in larger syndicates, the results of 

models (3) and (6) suggest that IPOs backed by very large lead underwriting syndicates 

may provide less readable information disclosures. 

The results of the control variables suggest that the prospectuses of the IPOs backed by 

highly reputed underwriters, larger, and older firms tend to have significantly higher 

readability. Moreover, the prospectuses of tech firms have a lower level of readability, 

which is not surprising in the light of the uncertain nature of the business of these firms. 

3.4.3 Price Revision and Syndicate Structure 

We now investigate our hypothesis on offer price revisions. This analysis 

serves two purposes. First, it helps us to identify the relation between prospectus content, 

readability and price revision, and second, it allows us to identify the role of MLUs during 

bookbuilding. To do so, we use the following regression model. 

𝑃𝑟𝑖𝑐𝑒 𝑅𝑒𝑣𝑖𝑠𝑖𝑜𝑛 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + 𝛽2 𝑃𝑟𝑜𝑠𝑝𝑒𝑐𝑡𝑢𝑠 𝐶𝑜𝑛𝑡𝑒𝑛𝑡 

+ 𝛽3 Readability

+  𝛽4 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒×𝑃𝑟𝑜𝑠𝑝𝑒𝑐𝑡𝑢𝑠 𝐶𝑜𝑛𝑡𝑒𝑛𝑡 

+  𝛽5 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒×Readability

+  ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(4.9) 
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In Eq. (4.9), the dependent variable Price Revision can be price revision, 

absolute offer price revisions, positive price revision dummy, or negative price revision 

dummy. Similar to Hanley (1993), we define price revision as the percentage difference 

between the offer price and the mid-point of the initial price range. The key variables of 

interest in this section are lead underwriting syndicate size (MLU dummy and number of 

lead managers), and the interaction term between syndicate size with prospectus content 

(informative content and standard content), and readability measure (Fog index).36 The 

control variables include the number of co-managers, market share of the lead 

underwriter, log of gross proceeds, log of firm age, VC dummy, pre-filing NASDAQ 

return, percentage of shares sold, hot market dummy and industry and year fixed effects.  

Panel (A) of Table 4-5 contains the results for the MLU dummy as the syndicate size, and 

Panel (B) contains the number of lead managers as the syndicate size. In models (1) of 

Panel A and B, we first report the results of a base model without the prospectus content 

and readability measures. Consistent with Jeon et al. (2015), we find that MLU-backed 

IPOs exhibit significant negative price revision compared to SLU-backed IPOs. 

Consistent with the evidence presented in Hanley and Hoberg (2010), the results in model 

(2) suggest that informative content is negatively related to offer price revisions (t=-5.33), 

and standard content is positively related to price revisions (t=4.87). Further, price 

revisions are significantly positively related to the Fog index (t=2.84). Since a higher Fog 

index implies a less readable document, this suggests that IPOs with less readable content 

are more likely to receive more revisions during the bookbuilding period.  

                                                 

36 To prevent multicollinearity, we exclude the quadratic term of the number of lead managers.  
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Table 4-5 MLUs and Price Revision 

This table reports the results from the OLS regressions of IPO prospectus content against the price revision. 

The dependent variable is either the Change in price from the filing date midpoint to the IPO offer price, the 

Absolute value of the change in offer price revision, the positive price revision dummy or the negative revision 

dummy. Panel A contains results using the MLU dummy as the syndicate size specification and panel 

B contains results using the number of lead managers as the syndicate size specification. The sample includes 

1,550 US IPOs observations from 1999 to 2012. All the variables are defined in Appendix 1. The models also 

include dummy variables for each offer year and for industries, as defined by the Fama-French 48 industry 

classification. The t-statistics are in parentheses with Huber-White-Sandwich robust standard errors. ***, **, 

and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

Panel A 

 (1) (2) (3) (4) (5) (6) 

  Revision Absolute 

Revision 

Pos. 

Revision 

Dummy 

Neg. 

Revision 

Dummy 

Informative Content  -1.045*** -0.677** -0.157 -5.837** 5.984** 

  (-5.33) (-2.38) (-0.66) (-2.06) (2.10) 

Standard Content  0.035*** 0.036*** 0.016** 0.095 -0.271** 

  (4.87) (3.54) (2.24) (0.91) (-2.57) 

Fog Index  0.004*** 0.001 0.001 -0.009 0.034 

  (2.84) (0.31) (0.39) (-0.44) (1.56) 

MLU Dummy -0.020** -0.012 -0.024 0.042 -0.079 0.427  
(-2.44) (-1.49) (-0.48) (1.04) (-0.14) (0.77) 

MLU Dummy * Informative 

Content  

 
 -0.769** -0.691** -6.816* 12.688*** 

  
 (-2.30) (-2.55) (-1.85) (3.49) 

MLU Dummy * Standard Content 
 

 0.003 0.006 0.151 -0.035   
 (0.24) (0.60) (1.04) (-0.25) 

MLU Dummy * Fog Index 
 

 0.008* 0.002 0.060** -0.136***   
 (1.80) (0.98) (1.97) (-4.41) 

LM Market Share 0.343*** 0.400*** 0.388*** -0.065 7.017*** -3.970***  
(3.36) (3.95) (3.81) (-0.83) (5.90) (-3.43) 

# Co-Manager -0.004*** -0.005*** -0.004*** -0.001 -0.020 0.056***  
(-3.14) (-3.35) (-3.25) (-0.62) (-1.06) (3.09) 

Ln Proceeds 0.026*** 0.025*** 0.025*** 0.004 0.247*** -0.186***  
(7.17) (6.90) (6.92) (1.02) (5.64) (-4.49) 

Ln (1+ Age) -0.014*** -0.011*** -0.011*** 0.005 -0.112** 0.107**  
(-3.35) (-2.78) (-2.75) (1.57) (-2.38) (2.20) 

VC Dummy 0.024*** 0.022*** 0.021*** -0.017*** 0.275*** -0.095  
(3.08) (2.83) (2.75) (-2.88) (3.23) (-1.10) 

NASDAQ 90 Day Return 0.267*** 0.246*** 0.250*** -0.101*** 2.630*** -2.251***  
(9.21) (8.59) (8.71) (-3.69) (8.49) (-6.85) 

Percentage Sold -0.083*** -0.085*** -0.084*** 0.043** -1.007*** 0.473  
(-3.34) (-3.42) (-3.34) (2.17) (-3.21) (1.63) 

Hot Market Dummy -0.014 -0.015 -0.016 0.008 -0.157 0.060  
(-1.30) (-1.41) (-1.46) (0.89) (-1.25) (0.50) 

Industry & Year Fixed Effects Y Y Y Y Y Y 

Constant -0.460*** -0.386*** -0.373*** -0.200** -3.298*** 1.251  
(-5.32) (-4.19) (-3.83) (-2.23) (-3.50) (1.10) 
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Adj. R-sq 0.194 0.225 0.230 0.043 0.207 0.168 

N 1,550 1,550 1,550 1,550 1,550 1,550 

 

Panel B 

 

 

 

  (1) (2) (3) (4) (5) 

  Revision Absolute 

Revision 

Pos. Revision 

Dummy 

Neg. 

Revision 

Dummy 

# Lead Manager -0.009** 0.023 0.024 0.300 -0.221  
(-2.33) (0.78) (1.05) (1.03) (-0.71) 

Informative Content 
 

-0.359 -0.132 -0.238 1.065   
(-1.01) (-0.44) (-0.06) (0.27) 

Standard Content 
 

0.046*** 0.018* 0.162 -0.314**   
(3.44) (1.82) (1.10) (-2.10) 

Fog Index 
 

0.002 0.002 -0.015 0.029   
(0.58) (0.63) (-0.48) (0.83) 

# Lead Manager × Informative 

Content  

 
-0.006 0.000 0.005 0.024 

  
(-0.87) (0.03) (0.07) (0.32) 

# Lead Manager × Standard 

Content 

 
-0.399** -0.216 -5.009*** 6.414*** 

  
(-2.53) (-1.63) (-2.61) (3.19) 

# Lead Manager × Fog Score 
 

0.001 -0.000 0.020 -0.035*   
(0.81) (-0.00) (1.24) (-1.87) 

LM Market Share 0.331*** 0.397*** -0.054 7.154*** -4.045***  
(3.26) (3.94) (-0.69) (6.05) (-3.56) 

# Co-Manager -0.004** -0.004*** -0.001 -0.024 0.059***  
(-2.46) (-3.10) (-0.83) (-1.32) (3.34) 

Ln Proceeds 0.026*** 0.026*** 0.003 0.251*** -0.190***  
(6.95) (6.93) (0.86) (5.62) (-4.52) 

Ln (1+ Age) -0.014*** -0.011*** 0.005 -0.112** 0.108**  
(-3.33) (-2.72) (1.58) (-2.39) (2.23) 

VC Dummy 0.023*** 0.021*** -0.017*** 0.282*** -0.107  
(3.00) (2.78) (-2.87) (3.32) (-1.25) 

NASDAQ 90 day Return 0.265*** 0.246*** -0.102*** 2.624*** -2.196***  
(9.11) (8.55) (-3.70) (8.48) (-6.72) 

Percentage Sold -0.087*** -0.086*** 0.044** -0.974*** 0.463  
(-3.47) (-3.34) (2.19) (-3.08) (1.58) 

Hot Market Dummy -0.014 -0.015 0.008 -0.155 0.051  
(-1.22) (-1.34) (0.90) (-1.25) (0.43) 

Industry & Year Dummy Y Y Y Y Y 

Constant -0.457*** -0.437*** -0.212** -3.968*** 1.966  
(-5.13) (-3.99) (-2.18) (-3.78) (1.58) 

Adj. R-sq 0.193 0.229 0.040 0.208 0.161 

N 1,550 1,550 1,550 1,550 1,550 
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Taken together, these results suggest that more pre-filing information production and the 

communication of such information via readable prospectuses can substitute for the 

information production during the bookbuilding period. 

In order to test how price revision change with MLUs’ pre-filing activities, in the 

remaining models’ specifications, we include an interaction of syndicate size with 

informative content, standard content, and Fog index. In model (3), the coefficient of the 

interaction term between the MLU dummy and informative content is negative and 

significant (t=-2.30), suggesting that MLU-backed IPOs with higher informative content 

have significantly less price revision. The coefficient of the interaction term between the 

MLU dummy and standard content is positive but statistically insignificant (t=0.24).  

Further, the coefficient of the interaction term between the MLU dummy and Fog index 

is positive and significant (t=1.80). Since a lower Fog index indicates more readable 

documents, this result indicates that MLU-backed IPOs with higher readability exhibit 

significantly lower price revision.37 Therefore, consistent with our third hypothesis 

(H4.3), these results suggest that MLU-backed IPOs with higher pre-filing information 

and readable language exhibit low price revision. In model (4) of Panel (A), we test the 

effect of absolute offer price revision on MLU. We reach similar conclusions as before, 

even though the interaction term between the MLU dummy and Fog index becomes 

insignificant. In models (5) and (6), we estimate Probit regressions, with the positive price 

revision dummy and negative price revision dummy as the dependent variables. Positive 

(negative) price revision is a dummy variable that equals to one if the final offer price is 

                                                 

37 In unreported results, we observe similar relation, when we use SMOG index as the prospect’s readability 

measure. 
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above (below) the midpoint of the initial price range. Consistent with our prior findings 

and third hypothesis (H4.3), we find that MLU-backed IPOs with higher pre-filing 

information exhibit lower price revisions. Further, we observe similar conclusions in 

Panel (B) when we use the number of lead managers as the syndicate composition 

variable. As the informative content, the Fog index and syndicate size are moderately 

correlated with each other, we estimate the variance inflation factor (VIF) of the 

explanatory variables to test for potential bias due to multicollinearity. In our unreported 

results, we find that the mean VIF of our models are well below the threshold of 10 (Hair 

Jr, Anderson, & Tatham, 1986). Therefore, multicollinearity is not a concern in the 

analysis.  

The results for the control variables are largely consistent with the prior literature. 

Consistent with the findings of Hanley and Hoberg (2010), these results suggest that more 

pre-filing information production and communication of such information via readable 

prospectuses can substitute for the bookbuilding information production. Further, our 

results suggest that offer price revision is positively related to lead manager market share, 

proceeds, VC dummy and pre-filing NASDAQ return, and that it is negatively related to 

the number of co-managers, firm age, and the percentage of shares sold.  

4.4.4 Partial Adjustment and Syndicate Structure 

In this subsection, we examine partial adjustment to further test whether MLUs produce 

less information during the bookbuilding phase. To examine this phenomenon, we regress 

underpricing as a function of price revision, using the following model: 
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𝑈𝑛𝑑𝑒𝑟𝑝𝑟𝑖𝑐𝑖𝑛𝑔 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + 𝛽2 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑅𝑒𝑣𝑖𝑠𝑖𝑜𝑛

+  𝛽3 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒×𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑅𝑒𝑣𝑖𝑠𝑖𝑜𝑛

+  ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(4.10) 

In Eq. (4.10), the dependent variable is underpricing. Cornelli, Goldreich, and Ljungqvist 

(2006) suggest that price revision may also be significantly influenced by factors that are 

not related to information, such as market conditions and investors’ sentiments. 

Therefore, to isolate price revision due to the pre-filing information production, we 

decompose price revision into two components: price revision predicted by prospectus 

content and unpredicted price revision. To do so, we regress price revisions against 

informative content and a readability measure (Fog index). We term the 

predicted value obtained from this regression “predicted revision” and the residual 

“residual revision.” The key variables of interest in this subsection are lead underwriting 

syndicate size (MLU dummy and number of lead managers), and the interaction between 

syndicate size and predicted revision. We control for variables found to be associated 

with underpricing in prior literature (see Loughran and Ritter, 2004, and Hanley and 

Hoberg, 2010). We use the following variables: residual revision, standard content, 

market share of the lead underwriter, number of co-managers, log of gross proceeds, log 

of firm age, VC dummy, pre-filing NASDAQ return, percentage of shares sold, industry 

and year fixed effects. We report the results in Table 4-6. 
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Table 4-6 MLUs and Partial Adjustment 

This table reports the results from the OLS regressions of underpricing against the price revision (Revision). 

The dependent variable is underpricing. The sample includes 1,550 US IPO observations from 1999 to 

2012. All the variables are defined in Appendix 1. The models also include dummy variables for each offer 

year and for industries, as defined by the Fama-French 48 industry classification. The t-statistics are in 

parentheses with Huber-White-Sandwich robust standard errors. ***, **, and * indicate significance at the 

1, 5, and 10 percent levels, respectively. 

 (1) (2) (3) (4) 

  Underpricing 

MLU Dummy -0.068**  -0.054*  

 (-2.53)  (-1.96)  

# Lead Manager  -0.024**  -0.009 

  (-2.06)  (-0.76) 

Predicted Revision   2.286*** 2.289*** 

   (3.29) (3.05) 

Residual Revision   1.607*** 1.852*** 

   (10.20) (9.16) 

MLU Dummy × Predicted Revision   -2.062***  

   (-4.09)  

MLU Dummy × Residual Revision   -1.001***  

   (-5.66)  

# Lead Manager × Predicted Revision    -0.601*** 

    (-2.81) 

# Lead Manager × Residual Revision    -0.414*** 

    (-5.03) 

Standard Content 0.046** 0.045** 0.009 0.002 

 (2.11) (2.06) (0.40) (0.09) 

LM Market Share 2.319*** 2.266*** 1.949*** 1.831***  
(4.87) (4.79) (4.24) (3.99) 

# Co-Manager -0.006 -0.004 -0.002 -0.001  
(-1.04) (-0.64) (-0.38) (-0.21) 

Ln Proceeds 0.038** 0.036** 0.006 0.004  
(2.23) (2.10) (0.36) (0.24) 

Ln (1+ Age) -0.054*** -0.054*** -0.039*** -0.040***  
(-3.40) (-3.41) (-2.60) (-2.67) 

VC Dummy 0.141*** 0.139*** 0.102*** 0.111***  
(4.92) (4.85) (3.63) (3.95) 

NASDAQ 90 day Return 1.128*** 1.126*** 0.739*** 0.765*** 

 (6.69) (6.66) (4.77) (4.89) 

Percentage Sold -0.413*** -0.424*** -0.359*** -0.344***  
(-4.10) (-4.14) (-3.60) (-3.41) 

Hot Market Dummy -0.068*** -0.065*** -0.044* -0.043* 

 (-3.01) (-2.87) (-1.93) (-1.89) 

Industry & Year Fixed Effects Y Y Y Y 

Constant -0.284 -0.249 0.224 0.325  
(-1.00) (-0.88) (0.78) (1.10) 

Adj. R-sq 0.301 0.300 0.372 0.364 

N 1,548 1,548 1,548 1,548 
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In models (1) and (2), we first estimate a base model without revision components. 

Consistent with the theoretical predictions of Hu and Ritter (2007) and empirical findings 

of Abrahamson et al. (2011), we find that MLU-backed IPOs exhibit significantly lower 

underpricing38 compared to SLU-backed IPOs.39 In model (3), we introduce an 

interaction term between MLU dummy and revision components to determine the partial 

adjustment differences between MLU- and SLU-backed IPOs. The coefficient of the 

interaction term between MLU and predicted price revision is -2.062 and is statistically 

significant (t=-3.29). This significantly negative coefficient suggests that, for similar 

price revisions, MLU-backed IPOs leave less money on the table than SLU-backed IPOs. 

Therefore, consistent with our fourth hypothesis (H4.4), partial adjustment is less 

pronounced in MLU-backed IPOs. Further, the interaction term between MLU and 

residual price revision is -1.001 and is statistically significant (t=-5.66). These findings 

indicate that MLUs reduce underpricing beyond their pre-filing information production 

activities. For instance, Jeon et al. (2015) show that MLU-backed IPOs that receive start 

analyst coverage from the lead syndicate exhibit significantly lower underpricing. The 

predicted price revision interaction term has a larger coefficient than the residual price 

revision interaction, indicating that MLUs’ pre-filing information production appears to 

have more influence on underpricing than post-filing activities. Further, we observe 

similar results in model (4) when we use the number of lead managers to represent the 

syndicate structure. In our untabulated results, we find that the VIF values are well below 

                                                 

38 The magnitude of the regression coefficients between underpricing and lead manager syndicate measures 

varies across empirical chapters due to differences in model specifications. 
39 Jeon et al. (2015) also find a negative and insignificant relation between MLUs and underpricing. 
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the critical value of 10, which confirms that the estimates are unbiased in terms of 

multicollinearity. 

The results of most of the control variables are significant and consistent with the 

empirical findings of Corwin and Schultz (2005), Lowry and Schwert (2002) and 

Loughran and Ritter (2004). We find that underpricing is positively related to standard 

content, lead managers’ market share, log of gross proceeds, VC dummy and pre-filing 

NASDAQ return, while the number of co-managers, log of age and percentage of shares 

sold are negatively related to underpricing.  

4.5 Additional Analysis 

Underwriting syndicate size may not be exogenous, as firms and underwriters may select 

a syndicate structure that matches their preferences and the operating environment 

(Corwin & Schultz, 2005; Jeon et al., 2015; Ljungqvist et al., 2009). The endogenous 

nature of the decision to use an MLU or SLU syndicate structure is partially reflected in 

the non-random distribution of IPO characteristics, such as offer size, age, underwriter 

reputation, and VC backing. We therefore employ two approaches that are commonly 

used in the IPO literature to address potential endogeneity concerns, namely, the 

instrumental variable (IV) method and the propensity score matching (PSM) method.  

4.5.1 Instrumental Variable Analysis  

In this section, we use an instrumental variable method to estimate the impact of MLUs. 

Since our endogenous variable (MLU) is binary, to prevent forbidden regression40 

                                                 

40 Wooldridge (2002) defines a forbidden regression as “replacing a nonlinear function of an endogenous 



 

 

95 

(Wooldridge, 2002), we use the three-stage IV approach suggested by Adams et al. 

(2009).41 In the first stage, we perform a probit regression that estimates the determinants 

of syndicate size by regressing the MLU dummy on a set of control variables from our 

main specification and two instrumental variables. The next two steps involve estimating 

a two-stage least squares (2SLS) regression model in which the fitted value obtained from 

the first stage is used as the instrument. 

In the first stage, we select the following two instrumental variables: (1) pre-relation 

dummy and (2) NYSE/AMEX dummy. The first instrument, pre-relation dummy, takes 

a value of one if at least one of the lead underwriters has a prior business relation, such 

as debt or an equity investment, with the IPO firm, and zero otherwise. This instrument 

is inspired by the findings of Corwin and Schultz (2005) and Ljungqvist et al. (2009), 

which suggest that IPO firms are more likely to employ underwriters with whom they 

have a prior relationship as lead managers. When issuers employ underwriters with prior 

relations, to mitigate potential conflicts of interest, the Financial Industry Regulatory 

Authority (FINRA) Rule 2720 requires a qualified independent underwriter (QIU) to be 

responsible for the pricing process (Agrawal & Cooper, 2010; Brown & Wiles, 2016). 

Therefore, when firms employ underwriters with whom they have prior business 

relations, it is more likely that the underwriting syndicate will contain MLUs.  

                                                 

explanatory variable with the same nonlinear function of fitted values from a first-stage estimation" (p. 

236). Since MLU is a binary variable, direct estimation of 2SLS by plugging the fitted value into 

a nonlinear function of the MLU may cause the forbidden regression problem. 
41 See Adams et al. (2009) for information about the estimation procedure and the advantages of this 

approach over the conventional 2SLS estimation.  
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Our second instrumental variable, the NYSE/AMEX dummy, takes a value of one if the 

firm is initially listed on the NYSE or AMEX, and zero otherwise. Corwin, Harris, and 

Lipson (2004) and Corwin and Schultz (2005) report that IPO firms listed on NYSE or 

AMEX are more likely to employ MLUs than those listed on other exchanges. The 

intuition is that NYSE/AMEX issuers employ MLUs to generate higher buy-side liquidity 

to the IPO. Unlike in the Nasdaq-listed IPOs, where the lead underwriter usually acts as 

the primary market maker, underwriters providing price support for NYSE/AMEX listed 

IPOs must submit orders through a designated market maker called a “Specialist” 

(Corwin, 1999; Corwin, Harris, & Lipson, 2004). The role of the specialist is to provide 

two-sided quotes and serves as the trader of last resort. However, this specialist faces 

adverse selection problems and the posted quotes and willingness to take positions reflect 

their own trading interests and market conditions, which may result in lower liquidity. To 

overcome this constraint, issuers tend to employ MLUs to generate buy-side liquidly by 

creating additional demand for the IPO.  

Table 4-7 shows the instrumental variable estimates for the main results of this paper. In 

order to conserve space, we only report estimates obtained during the first stage that are 

related to informative content. As expected, the probit regression in model (1) suggests 

that MLU-backed IPOs are more likely to include lead underwriters with whom they have 

prior business relations, and are more likely to be listed on the NYSE or AMEX 

exchanges.  
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Table 4-7 Endogeneity Test: Instrumental Variable Approach 

This table reports the results of instrumental variable regression. MLU is instrumented with the pre-relation dummy and NYSE/AMEX dummy as the instrumental variables. 

Model (1) shows the results from the first-stage probit regression. Model (2) - (7) show the (third-stage) results from a three-stage IV approach. The sample includes 1,550 US 

IPO observations from 1999 to 2012. All the variables are defined in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined 

by the Fama-French 48 industry classification. The t-statistics are in parentheses with Huber-White-Sandwich robust standard errors. ***, **, and * indicate significance at the 

1, 5, and 10 percent levels, respectively. 

 First stage Third-stage 

   Informative Content Standard Content Fog Index Revision Underpricing 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Predicted MLU Dummy  0.009*** 0.055 -0.093*** -0.053* -0.002 -0.324** -0.334** 

 (2.62) (0.62) (-2.70) (-1.96) (0.02) (-2.33) (-2.39) 
MLU Dummy * Informative Content  

 

     -1.248**   

     (-2.47)   
MLU Dummy * Standard Content      0.005   

     (0.21)   

MLU Dummy * Fog Index      0.008*   
     (1.68)   

MLU Dummy * Predicted Revision        -3.994*** 
       (-5.00) 

MLU Dummy * Residual Revision        -2.041*** 

       (-7.30) 

 Pre relation Dummy 0.416**        

 (3.15)        
NYSE/AMEX Dummy 0.626***        

 (3.91)        
Information Content and Standard Content 

Gunning Fog Index 

N N N N N Y N N 

Predicted Revision and Residual Revision N N N N N N N Y 

Other Control Variables Y Y Y Y Y Y Y Y 
Industry & Year Fixed Effects Y Y Y Y Y Y Y Y 

Constant -2.88** 0.175*** 1.251*** 2.634*** -0.514*** -0.452 -0.644 -0.252  
(-2.29) (11.49) (2.77) (20.55) (-5.52) (-3.77) (-1.69) (-0.68) 

Adj. / Pseudo R-sq 0.434 0.323 0.147 0.097 0.221 0.262 0.302 0.352 
N 1,548 1,536 1,536 1,536 1,536 1,536 1,534 1,534 

DW F Statistic  242.695 242.695 242.695 76.996 76.996 61.33 61.33 
DWH Test (p value)  0.523 0.809 0.055 0.295 0.618 0.059 0.045 
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For each of the 2SLS regressions, the Cragg–Donald Wald F-statistic and p-value for the 

Durbin–Wu–Hausman test rejects concerns that our instruments are weak or invalid. As 

shown in models (2)–(8), our conclusions are robust to instrumental variable analysis. 

Consistent with our first hypothesis (H4.1), the results of the 2SLS regression in model 

(2) show that the predicted MLU dummy is positively associated with informative content 

(t=2.62). Moreover, the results of model (3) suggest that the positive relation between 

MLU and standard content remains insignificant (t=0.62). In model (4), we find a 

significant and negative relationship between MLUs and prospectus readability (t=-2.70), 

which is consistent with our second hypothesis (H4.2). The coefficient of the predicted 

MLU is negative and significant (t=-1.96) in model (5), in which price revision is the 

dependent variable. Consistent with our third hypothesis (H4.3), the results of model (6) 

suggest that MLU-backed IPOs’ higher pre-filing information and readable language 

exhibit low price revision. Finally, in model (7), we find that the partial adjustment is less 

pronounced for IPOs managed by MLUs, which is consistent with our fourth hypothesis 

(H4.4).  

4.5.2 Matching Methods 

For robustness, to ensure that our results are not biased due to self-selection, we use the 

PSM method to randomise the treatment of the outcome and the syndicate structure 

(Dehejia & Wahba, 1999; Lee & Wahal, 2004; Rosenbaum & Rubin, 1983). In 

the first step of the matching process, we estimate a probit regression to predict the 

probability of receiving the endogenous treatment (i.e., employing an underwriting 

syndicate with MLUs). We use lead managers’ market share, log proceeds, log AGE, VC 

dummy, NYSE/AMEX dummy and industry and year fixed effects as matching 
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covariates. We then use propensity score matching algorithm to match each observation 

in the treatment group with one or more observations from the control group with a 

similar propensity score. In addition to matching to nearest the propensity score, 

following Chemmanur, Loutskina, and Tian (2014), we also require the matched control 

firms to belong to the same IPO year as the treatment firm. 

We use the three most common matching methods, namely, nearest neighbour matching 

(Rosenbaum & Rubin, 1983), radius caliper matching (Dehejia & Wahba, 2002), and 

kernel matching (Heckman, Ichimura, & Todd, 1997; Heckman, Ichimura, & Todd, 

1998).42 We use one-to-one matching with replacement, which relies on the nearest 

neighbour matching. Radius caliper matching is a variant of nearest neighbour matching 

that attempts to prevent bad matches by imposing a threshold on the maximum distance 

between the propensity scores of the treated and the non-treated units. For this purpose, 

we use a caliper of 0.02. In the kernel matching, all the treated observations are matched 

with a weighted average of all controls in which the weight is inversely proportional to 

the distance between the propensity scores of the treated and control firms. For the kernel 

matching, we employ a Gaussian kernel function with a bandwidth of 0.06. Once a match 

is found, we estimate the Average Treatment Effect on the Treated (ATT) to compare the 

parameter differences of MLU-backed IPOs and SLU-backed IPOs. The standard error 

for the ATT is calculated using 10,000 bootstrap replications. Table 4-8 presents the 

estimated ATT using nearest neighbour, caliper, and kernel matching. 

 

                                                 

42 In unreported results, the matching sample satisfies the balancing tests mentioned by Rosenbaum and 

Rubin (1985) and Becker and Ichino (2002). 
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Table 4-8 Endogeneity Test: PSM Approach 

The table reports estimation of average treatment effects for the treated (ATT) using propensity score 

matching (PSM). The sample includes 1,550 IPOs from 1999 to 2012. All the variables are defined in 

Appendix 1. The coefficient is reported in the first column and the z value of a two tailed test is shown in 

the second column for each method. The standard errors are based on 10,000 bootstrapped replications. 

  Nearest Neighbour  Caliper Kernel 

  ATT Z ATT Z ATT Z 

Informative Content 0.005 1.73*  0.008 3.04*** 0.006 1.88*  

Standard Content -0.034 -0.52  0.068 0.97  -0.006 -0.01  

Gunning Fog Index -0.048 -2.61*** -0.046 -1.99**  -0.056 -3.24*** 

SMOG Index  -0.038 -3.72*** -0.032 -2.87*** -0.019 -2.43**  

In Table 4-8, we find that MLUs are associated with at least marginally significant higher 

informative content for all matching methods. This result supports our first hypothesis 

(H4.1). Further, the ATTs of standard content are positive, but not significant. We also 

find that both readability measures are negative and significantly related to MLUs, which 

is consistent with our second hypothesis (H4.2). Through these analyses, we have 

attempted to minimise potential bias due to endogeneity, although it is impossible to 

completely eliminate such concerns. However, these additional tests will provide more 

support for our findings. 

4.6 Conclusion 

The pre-filing information production and the determination of the preliminary offer price 

have received little attention in the IPO literature. In this paper, we aim to address this 

gap in the literature by examining the pre-filing information production in a recent IPO 

context, where nearly half of the firms use underwriting syndicates with MLUs to manage 

the offering. We find that the presence of MLUs in the underwriting syndicates can 

significantly affects the information production decisions of underwriters. Specifically, 

our analysis suggests that MLUs produce more pricing information during pre-filing, 

which allows underwriters to accurately estimate the preliminary offer price. Using 
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textual analysis techniques, we also find that MLUs support the preliminary offer price 

by providing more unique informative disclosure in the prospectus, and they use more 

readable language to effectively communicate this information to investors than do SLUs. 

Our findings also show that MLUs can substitute for the costly bookbuilding information 

production with extensive pre-filing information aggregation. Overall, our study 

complements and extends the literature discussing the economic benefit of employing 

MLU underwriting syndicates (Hu & Ritter, 2007; Jeon & Lee, 2015a; Jeon et al., 2015). 

We suggest that future research should consider remaining information channels that 

underwriters use to produce and disseminate information. One potential channel is 

investor road show presentations where issuer and underwriters interact with institution 

investors during the IPO pricing process.   
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5.1 Introduction 

Since the turn of the century, the US IPO market has witnessed several significant 

changes. Following the burst of the “tech bubble,” and the implementation of strict 

security regulations such as the Sarbanes-Oxley Act of 2002, IPO volume has lowered 

significantly, particularly in the smaller firm segment (Doidge, Karolyi, & Stulz, 2013; 

Gao et al., 2013). Also, following the Gramm-Leach-Bliley Act of 1999, commercial 

banks have gained a substantial share in the underwriting market (Ljungqvist et al., 2009; 

Tunick, 2004a). Coinciding with these changes, some recent studies also document the 

growing use of multiple lead underwriting (MLU) syndicates in managing IPO offerings. 

Between 2001 and 2010, nearly half of the IPOs were managed by underwriting 

syndicates with more than one lead underwriter (Jeon et al., 2015). This is in sharp 

contrast to the previous decades (the 80s and 90s), where the majority of the IPOs were 

managed by single lead underwriters (SLUs).  

Given the significant changes in the underwriting market, in this paper we investigate the 

influence of the size of the lead underwriting syndicate on pricing and market 

performance by using two alternative paradigms: certification and market power 

hypothesis. As we discuss in detail in hypothesis development in Section 5.2, by focusing 

on the information production ability of a larger underwriting syndicate, we posit that 

MLU syndicates should provide additional certification to the issues they manage. 

Following up with the traditional certification role of underwriters, under the certification 

hypothesis, we posit that IPOs managed by MLUs should price the IPO closer to intrinsic 

value, and should exhibit lower initial return, lower variability in the initial returns, and 

better long-term performance.  
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In contrast, behavioural models with rational investors suggest that MLUs can use their 

market power to obtain higher valuations for the issue by attracting high-quality market 

participants such as institutional investors and analysts to the offering. Chemmanur and 

Krishnan (2012) suggest that participation of high-quality market participants make retail 

investors more optimistic and confident about the future performance of the offering. 

Since the value of the IPO firm reflects the view of the most optimistic investors, based 

on Miller’s (1977) framework of investor heterogeneity, MLUs therefore should be able 

to obtain higher valuation by pricing the offer further away from its intrinsic value. This 

initial overvaluation should result in higher initial return, more variability of initial return, 

and poor secondary market performance. 

To evaluate our hypotheses, we consider a sample of 1,555 US equity securities issued 

between 1999 and 2012, of which 715 IPOs are managed by an MLU syndicate. Our 

empirical results support the certification hypothesis and are inconsistent with the market 

power explanation.43 Using the comparable firms’ multiples method (Purnanandam & 

Swaminathan, 2004), compared to SLU-backed IPOs, we first find that MLU-backed 

IPOs are priced closer to the intrinsic value of the firm. Consistent with the notion that 

MLUs reduce information asymmetry, we also find significantly lower initial return for 

MLU-backed IPOs. (Lowry, Officer, & Schwert, 2010) suggest that the high volatility of 

initial returns is partially due to underwriters’ reluctance to incorporate information into 

the offer price. Consistent with the argument that MLUs devote substantial effort to 

                                                 

43 Anecdotal evidence from the financial press also supports our certification view. In 

a Wall Street Journal article, McGee (2000, quotes Greg Stanger, CFO of Expedia Inc, as saying “It was a 

nice change: typically, a bank will work hard to win a piece of business then, once they've been hired, they 

sometimes feel demonstrating their ability isn't as crucial." However, with MLU syndicates, “they really 

competed continually to deliver value” even after securing the IPO mandate.  
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pricing the offer, we find that MLU-backed IPOs exhibit relatively lower variability of 

initial returns than SLU-backed IPOs. Furthermore, our analysis of post-listing 

performance shows that MLU-backed IPOs outperform SLU counterparts over three-year 

investment horizons. We also verify that our results are robust to potential endogeneity 

in syndicate selection by using matching methodologies and instrumental variable 

estimation.  

Theoretical work by Morrison and Wilhelm (2008) and Pichler and Wilhelm (2001) 

suggests that information production in underwriting syndicates suffers from a moral 

hazard problem, and underwriters may be motivated to free-ride the information 

production. Consistent with this idea, we find a u-shaped non-linear relation between 

syndicate size and valuation, initial return, and the variability of initial return, and an 

inverted u-shaped relation between syndicate size and long-term performance, implying 

that the certification role of MLUs becomes weaker when the syndicate size increases 

beyond an optimum level. We also find that offerings backed by MLU syndicates are less 

likely to be withdrawn and more likely to conduct a significantly large SEO when they 

come back to the market a second time.  

This study contributes to the literature in several ways. Our study complements and 

extends the growing body of literature on IPO underwriting syndicates. Some recent 

studies suggest that MLU syndicates provide more bargaining power to the issuers (Hu 

& Ritter, 2007) and improve visibility of the firms (Jeon et al., 2015) to the issuers. We 

add to this literature by showing the certification role of the MLUs, using valuation, return 

variability and long-run performance. Our evidence suggests that the certification by 

MLUs serves to reduce uncertainty in the market. We also contribute to the literature on 
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the moral hazards in larger teams by providing empirical evidence regarding the free-

rider problem in the context of MLU syndicates. Finally, we provide evidence that MLUs 

reduce the withdrawal risk and facilitate the firms to conduct larger SEOs.  

The remainder of the paper is organised as follows. In Section 5.2, we formulate our 

hypotheses. In Section 5.3, we present data, methodology and summary statistics. We 

discuss the empirical results in Sections 5.4 and 5.5. We conclude in Section 5.6. 

5.2 Hypothesis Development  

In the following paragraphs, we develop several hypotheses to examine the role of the 

underwriting syndicate in pricing and market performance, using two alternative 

hypotheses: certification versus market power. 

5.2.1 The certification hypothesis 

The traditional certification role proposed by Booth and Smith (1986) and Beatty and 

Ritter (1986) argues that, by agreeing to underwrite high quality offerings, underwriters 

certify the quality of the issues. This certification is valuable to the issuers, as it mitigates 

information asymmetries and value uncertainty between investor and issuers. In a related 

study, Chemmanur and Fulghieri (1994a) suggest that, as repeated actors in the IPO 

market, underwriters are concerned about their reputation and therefore are motivated to 

screen the issue quality and price the offerings closer to the intrinsic value of the firm. 

Consistent with this view, several empirical studies using IPO data from the 1980s show 

that IPOs managed by high reputation underwriters exhibit significantly lower initial 

return and better long-term performance (Carter et al., 1998; Carter & Manaster, 1990). 



 

 

107 

As discussed earlier, since the late 90s, the equity underwriting market has undergone a 

number of structural changes. With the burst of the technology bubble and subsequent 

introduction of security regulations such as the Sarbanes-Oxley Act of 2004, the US IPO 

volume has lowered significantly since 2001. Further, with the repeal of Glass-Steagall 

restrictions, commercial banks are now allowed to compete for the lead underwriting 

position, which was traditionally occupied by the investment banks. These changes have 

intensified the competition among underwriters to secure IPO mandates and have resulted 

in the growth of multiple lead underwriting syndicates (MLUs). As a few recent studies 

show, the use of MLU syndicates is causing a significant change in how underwriters 

manage their IPO offerings (Hu & Ritter, 2007; Jeon et al., 2015).  

A key advantage of MLU syndicates is that they can produce additional information 

beyond the capacity of an individual underwriter (Barzel et al., 2000; Corwin & Schultz, 

2005; Pichler & Wilhelm, 2001). For instance, compared to SLUs, an MLU syndicate 

permits underwriters to allocate extra resources during the pre-filing due diligence, thus 

allowing underwriters to rigorously screen the issuer and accurately estimate the 

preliminary offer price range (Hanley & Hoberg, 2010). Corwin and Schultz (2005) argue 

that a larger syndicate allows underwriters to interact with a wider group of potential 

investors during bookbuilding, permitting underwriters to aggregate more private 

information from the investors. Further, with the expanded deal network, MLUs are able 

to disseminate information about the IPO to a wider group of prospective investors (Bajo, 

Chemmanur, Simonyan, & Tehranian, 2016; Corwin & Schultz, 2005). Corwin and 

Schultz (2005) also argue that the key motive for an issuer to employ an underwriting 

syndicate is to obtain additional certification for the offering. The certification role of 
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underwriting syndicates such as MLUs is meaningful because of the superior information 

production and dissemination endowment. 

Ljungqvist et al. (2009) find that majority of the MLU-backed IPOs have an affiliated 

commercial bank as a lead underwriter. The affiliation stems from pre-IPO lending 

relationships. Puri (1999) and Schenone (2004) suggest that commercial bank affiliated 

underwriters are more informed on the underlying value of the firm, as they have private 

information acquired through former lending relationships. Therefore, the presence of 

commercial banks should also strengthen MLUs informational advantage.  

Megginson and Weiss (1991) argue that for the third-party certification to be credible to 

outside investors, the certifying agent must be willing to risk their reputation capital. In 

other words, certifying agents must be motivated to ensure that the certification service 

is unavailable for low quality issuers. Corwin and Schultz (2005) argue that underwriting 

syndicates satisfy this criterion. They suggest that syndicate members have strong 

motives to ensure that all the syndicate partners adhere to higher underwriting standards, 

as all the syndicate members are jointly subject to class-action lawsuits and liable for 

damages for their involvement during the IPO.  

On the basis of our discussion above, we argue that MLUs should provide additional 

certification to the issues they manage. Given that MLUs are better informed, are more 

likely to have commercial banks in the syndicate, and have a preference for safeguarding 

their reputation capital, they should reduce the uncertainty regarding the firm’s value and 

price the IPOs near to the firm’s intrinsic value. We thus hypothesise as follows: 
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Hypothesis 5.1a: Other things being equal, firm’s value to intrinsic value ratio 

should be closer to one for MLU-backed IPOs than for SLU-backed IPOs.  

Moreover, if MLUs influence IPO pricing, then this effect should also be evident in the 

stock’s secondary market performance. If MLUs indeed reduce information asymmetry 

by producing and disseminating more information, as suggested by the certification 

hypothesis, we then should observe lower initial return and better long-term performance 

in MLU-backed IPOs. Lowry et al. (2010) suggest that the variability of initial returns 

provides accurate insights into the pricing process, as the variability not only reflects the 

pricing complexity, but also the effort and intention of the underwriters in pricing the 

offer. Thus, if MLUs put more emphasis on pricing as suggested by the certification 

hypothesis, then we should also observe less variation in the initial return in the IPOs that 

are managed by MLUs.  

Hypothesis 5.2a: Other things being equal, MLU-backed IPOs should have lower 

initial return and lower variability in initial return compared to SLU-backed IPOs.  

Hypothesis 5.3a: Other things being equal, MLU-backed IPOs should have better 

long-term performance compared to SLU-backed IPOs.  

5.2.2 Market Power Hypothesis  

In contrast to the certification role, the market power role proposed by Chemmanur and 

Krishnan (2012) suggests that underwriters use their long-term relationships with high 

quality market participants to maximise their own benefit by pricing the IPOs further 

away from the intrinsic value. Consistent with market power role, Beatty and Welch 
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(1996) and Loughran and Ritter (2004) find a positive relation between underpricing and 

underwriter reputation for IPOs issued in the 1990s. 

MLU syndicates may exert their market power to generate more fees by overvaluing the 

offerings. Underwriters that frequently participate in underwriting syndicates attract high 

quality market participants, such as star analysts, institutional investors and VC investors 

to the firms they take public (Jeon et al., 2015; Bajo et al., 2016). Chemmanur and 

Krishnan (2012) suggest that the participation of high quality market participants makes 

retail investors more optimistic about firms’ future prospects, and retail investors tend to 

invest in the IPO without proper assessment. The skilled information processor models 

of Kim and Verrecchia (1994, 1997) suggest that public information dissemination may 

increase the dispersion in investors beliefs if market participants differ in their ability to 

interpret the news. Therefore, if investors have disagreement over the additional public 

information provided by the MLUs, this may eventually lead to higher degree of investor 

optimism in MLU-backed IPOs. The overvaluation hypothesis by Miller (1977) predicts 

that, under short selling restrictions, higher dispersion in investor beliefs drives 

the IPO price higher than its intrinsic value, making IPOs overvalued. Further, since Hu 

and Ritter (2007) argue that MLUs provide higher bargaining power to the issuers in 

terms of the offer price range, we can also expect that issuers may demand higher price 

for their equity when using MLUs.  

Thus, given the higher degree of investor optimism in MLU-backed IPOs, under the 

market power hypothesis, we argue that MLUs obtain higher valuation for the issues by 

pricing the offer further away from the intrinsic value of the firm. We thus hypothesise 

as follows: 
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Hypothesis 5.1b: Other things being equal, firm value to intrinsic value ratio 

should be larger for MLU-backed IPOs than for SLU-backed IPOs. 

Further, if MLU-backed IPOs have a higher degree of investor heterogeneity due to the 

market power of MLUs, the optimistic investors may drive the price up in 

the secondary market, resulting in higher initial return and higher dispersion in initial 

return for MLU-backed IPOs. Moreover, since the valuation difference between the 

optimistic investors and pessimistic investors disappears over time with the availability 

of public information (Miller, 1977), we can expect poor long-run performance for MLU-

backed IPOs. Based on the above discussion, we hypothesise that:  

Hypothesis 5.2b: Other things being equal, MLU-backed IPOs should have 

higher initial return and higher variability in initial return compared to SLU-

backed IPOs.  

Hypothesis 5.3b: Other things being equal, MLU-backed IPOs should have lower 

long-term performance compared to SLU-backed IPOs.  

5.3 Data and Measurement  

5.3.1 Sample Selection 

Our sample consists of US firms that went public between January 1999 and December 

2012. Since MLU backed IPOs are almost negligible prior to 1999, we start our sample 

from 1999 onward. We first identify all the IPOs completed by US firms over the sample 

period, using the Thomson Financial SDC Platinum New Issues Database (SDC). We 

obtain financial, accounting and trading data using the COMPUSTAT and CRSP 

databases, and founding dates and the underwriter reputation from Jay Ritter’s IPO 
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database.44 We collect the disclosed pre-IPO relationships with the lead underwriters in 

the IPO prospectus using text-mining software. To ensure that our results are not 

influenced by extreme outlier values, we winsorise all the continuous variables at 1st and 

99th percentiles. 

Following prior studies, we exclude from our sample: IPOs by financial companies (SIC 

codes 6000–6999); utility firms (SIC codes 4900–4999); American depository receipts 

(ADRs); non-ordinary shares; real estate investment trusts (REITs); closed-end fund 

shares; unit offerings; and IPOs with an offer price of less than five dollars. We also 

exclude firms not covered on the COMPUSTAT at least one fiscal year prior to the listing, 

and firms that are not listed on CRSP within one day from the listing date. We supplement 

the missing observation from Bloomberg and IPO prospectuses. Our final sample 

consists of 1,555 IPOs. For this sample of firms, we obtained the SEO data from the SDC 

database.  

For the same time period, we also obtained a sample of withdrawn IPOs by US issuers. 

Following Loughran and McDonald (2013), we identified all the withdrawn IPOs 

reported in ipo.Nasdaq.com. To eliminate the firms that successfully went public at a later 

attempt, we restricted the IPO sample to firms that filed a registration withdrawal request 

(Form RW) with SEC and did not subsequently file a Form S-1/S1-A or Form 424 

(Loughran and McDonald, 2013). After excluding financial companies, REITs, and 

closed-end fund, we had 560 withdrawn IPOs.  

                                                 

44 Accessed via http://site.warrington.ufl.edu/ritter/ipo-data/ 

http://site.warrington.ufl.edu/ritter/ipo-data/
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5.3.2 Measurement of Variables 

We provide a detailed review of all the variables used in this study along with the data 

sources in Appendix 1. Appendix 2 presents the Pearson correlation for the key variables 

used in this study. Our key variables are discussed below.  

5.3.3 Underwriting Syndicate and Reputation Measures  

Our underwriter syndicate data comes from Thomson SDC. For each IPO, SDC 

categorises the underwriting syndicate members into six roles: book manager, joint book 

manager, joint lead manager, co-manager, syndicate member, and global lead managers45 

(Corwin & Schultz, 2005). The term book manager and lead manager are interchangeably 

used in the IPO literature; however, although all book managers are lead managers, some 

of the lead managers may not act as book managers (Hu & Ritter, 2007; Lee, 2012). We 

classify book manager, joint book managers and joint lead managers as “lead 

underwriters,” co-managers as “co-managers,” and syndicate members as “non-managing 

members.” We classify an IPO as an MLU-backed IPO if it is managed by an 

underwriting syndicate with more than one lead underwriter.  

We use the Carter and Manaster (1990) measure of underwriter reputation, as updated by 

Loughran and Ritter (2004), as the proxy for investment bank quality. The Carter and 

Manaster ranking is based on a 0 to 9 scale, with 9 for the most reputable underwriter. 

Following Jeon et al. (2015), we use the average reputation rank of the lead underwriting 

                                                 

45 Corwin and Schultz (2005) suggest that global leads are also included under co-managers; therefore to 

prevent double counting, we exclude global lead underwriters in the underwriter classification. 
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syndicate member as the reputation of the underwriting syndicate when MLUs are 

involved in an IPO.  

5.3.3 Measuring IPO Intrinsic Value  

Following Purnanandam and Swaminathan (2004), we use the comparable firm multiple 

method to estimate the intrinsic value of IPO firms. The comparable multiple method is 

more popular among practitioners and academics than the discounted cash flow method 

in valuing IPO firms, as it does not require extensive future cash flow forecasts (Kim & 

Ritter, 1999; Purnanandam & Swaminathan, 2004). Chemmanur and Krishnan (2012), 

Pukthuanthong‐Le and Varaiya (2007) and Tian (2011) use similar approaches to 

estimate the intrinsic value of IPO firms. In addition to the pre-sample screening criteria, 

in the valuation analysis, we also drop sample firms with missing sales and EBITDA for 

the year prior to the IPO and firms with negative EBITDA in the year prior to the IPO, as 

negative and missing values are not meaningful for intrinsic value calculation. A total of 

618 IPO firms in our sample satisfy these criteria (274 SLU-backed IPOs and 344 MLU-

backed IPOs).  

We estimate the offer price to intrinsic value (OP/IV) ratio and the secondary market 

price to intrinsic value ratio (SMP/IV) for each firm, based on price to sales, price to 

EBITDA and price to earnings ratios, as follows: 

𝑂𝑃

𝐼𝑉  
=

Offer Price ∗  Shares Outstanding IPO

Prior Fiscal Year X IPO
 

/  
Market Price Comparable  ∗  Shares Outstanding Comparable

Prior Fiscal Year X Comparable
 

(5.1) 
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𝑆𝑀𝑃

𝐼𝑉  
=

First Day Closing Price IPO  ∗  Shares Outstanding IPO

Prior Fiscal Year X IPO
 

/  
Market Price Comparable  ∗   Shares Outstanding Comparable

Prior Fiscal Year X Comparable
 

(5.2) 

where X denotes prior listing net sales, prior listing EBITDA or prior listing net income 

before extraordinary items.46  

As in Purnanandam and Swaminathan (2004), we match each IPO firm with a seasoned 

industry firm with similar sales and EBITDA profit margin (defined as EBITDA/Sales). 

To identify comparable firms, we first consider all the firms in COMPUSTAT database 

with non-missing sales and positive EBITDA for the fiscal year prior to the IPO date. We 

then exclude the firms that went public within three years of the sample firm IPO date, 

firms that are not ordinary common shares, REITs, closed-end funds, ADRs, and firms 

with a stock price less than five dollars at the reporting date. For the remaining firms, we 

group each firm into 48 industries based on Fama and French’s (1997) classification using 

four-digit SIC codes. Then for each year, we group the firms in each industry into three 

portfolios based on prior listing sales, and each sales portfolio is divided into three more 

portfolios based on prior listing EBITDA margins (EBITDA/Sales). This provides a 

maximum of nine portfolios in each industry year based on sales and EBITDA margins. 

As in Chemmanur and Krishnan (2012), we limit the portfolios to 2 × 2 based on sales 

and EBITDA margins if the number of firms in the industry year is less than three. Finally, 

                                                 

46 For a comparable firm, we use the closing price for the trading day immediately prior to the IPO offer 

date, and shares’ outstanding and accounting data are from the fiscal year prior to the listing date of 

matching IPO. 
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we match each IPO firm to an appropriate industry sales-EBITDA margin portfolio to 

calculate OP/IV and SMP/IV ratio.  

5.3.4 Measuring Variability of Initial Return 

We use two proxies to measure the variability of initial returns: the squared deviation of 

the initial return and the return volatility. As in Derrien and Womack (2003), we define 

the squared deviation of the initial return as the squared difference between observed 

initial return and the predicted initial return. To calculate predicted initial return, we 

regress initial return against a set of variables that are known to be correlated with the 

initial return. Following Derrien and Womack (2003) and Loughran and Ritter (2004), 

we use underwriter reputation, number of co-managers, log of IPO proceeds, VC-backed 

dummy, log of firm age, absolute price revision, percentage shares sold, hot market 

dummy, NASDAQ 90 day return, market return volatility, and control for industry and 

year fixed effects, as the control variables.  

Squared Deviation of the initial return

=  Observed initial return 2 − Predicted initial return2 

(5.3) 

Our second measure of variability of initial returns, return volatility, is defined as the 

standard deviation of daily stock return of the IPO firm during the first twenty-one trading 

days. 

5.3.5 Measuring IPO Long-Term Performance 

We employ two common long-term performance measures: Buy and Hold Abnormal 

Returns (BHAR) and Cumulative Abnormal Returns (CAR). We estimate the long-term 

performance over a three year event window from the initial listing date or up to the 
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delisting date, whichever arises first. We assume a trading year as 12 x 21 trading days; 

hence, a 3-year window has 756 trading days. We eliminate the first trading day in the 

long-term calculation to prevent bias with the short-run returns. Similar to Ritter (1991) 

and Carter et al. (1998), we use CRSP value-weighted index returns to calculate the 

abnormal market return for both BHAR and CAR.  

We calculate the BHAR as follows: 

𝑅𝑖,𝑇 
=  ∏(1 +  𝑟𝑖,𝑡)

𝑇

𝑡=2

− ∏(1 +  𝑟𝑚,𝑡)

𝑇

𝑡=2

  
(5.4) 

where ri,t is the return for firm i on day t , rm,t is the market return on CRSP value-weighted 

index on day t, and Ri,t is the buy and hold abnormal return for firm i beginning on the 

second trading day of the IPO, extending to T days after the IPO issue.  

We calculate CAR with monthly portfolio rebalancing. CAR is the summation of the 

average monthly market-adjusted abnormal returns over monthly intervals during the 36 

month post-listing period. The average market-adjusted return for the Tth month is 

calculated as below.  

𝑎𝑟𝑖𝑡 = 𝑅𝑖𝑡 −  𝑅𝑚𝑡 

 

(5.5) 

𝐶𝐴𝑅𝑖,𝑇 =  ∑ 𝑎𝑟𝑖,𝑡

𝑇

𝑡=1

 

(5.6) 

where Rit is the monthly return of security i in month t, Rmt is the benchmark return for 

the same month, and ar i,t is the abnormal return for the month.  
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5.3.5 Summary Statistics 

In Table 5-1, we report the summary statistics of the key variables used in the study for 

the overall sample, and also separately for SLU- and MLU-backed IPOs. Appendix 1 

presents the variable descriptions and the data sources. The median IPO in our overall 

sample has prior listing sales of $46.67 million, net income of $ -3.44 million, and is eight 

years old. The summary statistics also indicate that the median IPO reports negative 

earnings prior to listing and is backed by venture capitalist investors. The median IPO 

raises on average $72.0 million, with 27 percent of the firm’s shares offered to the public 

during the IPO. The median primary and secondary market valuation multiples are both 

above 1, and range from 1.43 to 1.78 and 1.60 to 2.12, respectively. Thus, the median 

IPO is priced above the intrinsic value of the firm at both the offer price and first-day 

closing price. The mean and median initial return (underpricing) are 32 percent and 13 

percent respectively, which are, on average, similar to the statistics report by Loughran 

and McDonald (2013) and Gao et al. (2013). During our sample period, approximately 

26 percent of issuers withdrew their IPO registrations.47 Further, 56 percent of the IPOs 

(870 firms) returned to the equity market for an SEO within three years from the initial 

listing date.  

The summary statistics of syndicate characteristics in Panel A reveal that MLU-backed 

IPOs are, on average, managed by syndicates with highly reputed underwriters and 

include more co-managers, while SLU-backed IPOs include more non-managing 

underwriters in the underwriting syndicate. As shown in Panel B, IPOs backed by SLUs 

                                                 

47 In comparison, Loughran and McDonald (2013) report a withdrawal ratio of 29.6 percent for the 1996-

2010 period. 
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tend to be smaller, younger, VC-backed, and less profitable than their MLU backed 

counterparts. Further, MLU-backed IPOs are more likely to have pre-relationships with 

the lead underwriters. The differences in the mean and median values of the firm’s 

characteristics between MLU-backed IPOs and SLU-backed IPOs are statistically 

significant at one percent significance level.  

The issue characteristics in Panel C indicate that MLU-backed IPOs offer a higher 

percentage of shares (overhang) during the IPO and are more likely to be listed on 

NYSE/AMEX exchanges. The univariate comparison suggests that firms that are backed 

by MLUs are less likely to withdraw their offerings. For instance, 19 percent of IPO 

registrations backed by MLU have withdrawn their offering compared to 32 percent 

withdrawals in SLU backed registrations. Further, compared to SLU IPOs, MLU-backed 

IPOs are more likely to conduct a subsequent SEO within the first three years of listing, 

and on average have larger offerings. In terms of price revision, the univariate statistics 

suggest that MLUs incorporate lower offer price revisions than SLUs do. MLUs also tend 

to incorporate more negative price revisions, while SLUs have more positive price 

revisions. Hanley and Hoberg (2010) offer an explanation for this variation in price 

revisions across the two IPO categories. They suggest that accurate estimation of the 

preliminary offer price through rigorous pre-filing due diligence can substitute for costly 

price discovery during bookbuilding. The authors further suggest that when underwriters 

produce more information during the pre-filing due diligence period, the IPOs exhibit 

negative price revision during the bookbuilding period. We argue that since MLUs 

produce more information during the pre-filing period, our results indicate that MLUs 

tend to produce more information in the pre-filing period as opposed to the bookbuilding 

period. 
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Table 5-1 Summary Statistics 

This table reports the descriptive statistics for the sample of 1,555 IPOs from 1999 to 2012. SLU-backed IPOs 

are the IPOs underwritten by single lead managers. MLU-backed IPOs are the IPOs underwritten by more than 

one lead manager. All accounting data are for the fiscal year prior to the IPO. All the variables are defined in 

Appendix 1. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively for two tailed 

tests (t-test and Wilcoxon rank-sum test). 

  Overall 

(N=1,555) 

SLU-backed IPOs (N=840) MLU-backed IPOs 

(N=715)   Mean Median Mean Median SD Mean Median SD 

Panel A: Syndicate Characteristics 
   

      
Underwriter Rep. 7.97 8.50 7.73 8.50 1.84 8.26*** 8.50  1.08 

# Lead Manager 1.71 1.00 1.00 1.00 0.00 2.54*** 2.00*** 1.10 

# Book Manager 1.55 1.00 1.00 1.00 0.00 2.21*** 2.00*** 1.18 

# Co-Manager  2.73 2.00 2.48 2.00 1.63 3.03*** 2.00*** 2.63 

# Non-Manager 3.70 0.00 5.27 0.00 7.75 1.85*** 0.00*** 4.68 

Underwriter Rep. 7.97 8.50 7.73 8.50 1.84 8.26*** 8.50  1.08 

Panel B: Firm Characteristics         

Sales  522.13 46.67 174.33 22.07 1185.80 933.32*

** 

137.76*

** 

4812.24 

Net Earnings  67.64 -3.44 -6.98 -4.46 44.82 156.85*

**   

-0.68*** 4004.57 

Age 16.42 8.00 12.45 7.00 17.93 21.07*** 10.00*** 26.67 

VC Dummy 0.52 1.00 0.57 1.00  0.46*** 1.00***  

Profitable Dummy 0.37 0.00 0.29 0.00  0.47*** 0.00***  

EBITDA Margin -0.97 -0.06 -1.23 -0.25 34.60 -0.65*** 0.01*** 47.10 

Proceeds  130.38 72.00 68.79 46.11 100.24 203.25*

** 

121.40*

** 

231.59 

Pre Relation Dummy  

 

0.13 0.00 0.09 0.00  0.19*** 0.00***  

Panel C: Issue Characteristics 
 

          

Percentage Sold 0.28 0.27 0.27 0.28 0.12 0.29*** 0.27  0.16 

NYSE/AMEX Dummy 0.20 0.00 0.07  0.00  0.37*** 0.00***  

Gross Spread 6.83 7.00 6.96 7.00 0.81 6.68*** 7.00  0.89 

Withdrawn Dummy 0.26 

 

0.00 0.32 0.00  0.19*** 0.00***  

SEO Dummy 0.56 1.00 0.51 1.00  0.62*** 1.00***  

SEO Relative Size 1.32 0.00 1.71 0.00 5.15 0.89*** 0.14*** 2.36 

Offer Price 14.24 14.00 13.65 13.00 5.87 14.92*** 14.00*** 6.28 

Revision  0.01 0.00 0.02 0.00 0.15 -0.01*** 0.00*** 0.14 

Abs Revision 0.11 0.08 0.11 0.08 0.11 0.11 0.08 0.09 

Positive Revision Dummy 0.46 0.00 0.49 0.00  0.43** 0.00**  

Negative Revision Dummy 0.35 0.00 0.30 0.00  0.41*** 0.00***  

Zero Price Revision Dummy 0.19 0.00 0.22 0.00  0.16*** 0.00***  

Panel D: Valuation Multiples         

P/SOP 4.01 1.43 5.64 1.69 10.89 2.72*** 1.21*** 5.18 

P/EBITDAOP 8.54 1.45 12.06 1.98 34.69 5.73*** 1.21*** 25.09 

P/EOP 8.08 1.78 9.08 2.47 26.31 7.32  1.49*** 24.39 

P/SSMP 6.21 1.60 9.43 2.05 26.62 3.64*** 1.38*** 11.92 

P/EBITDASMP 14.11 1.65 20.69 2.37 77.24 8.86*** 1.39** 53.36 

P/ESMP 10.64 2.12 11.45 2.78 53.66 9.98*** 1.68*** 33.87 

Panel E: Performance         

Initial Return 0.32 0.13 0.46 0.18 0.76 0.17*** 0.09*** 0.34 

BHAR 3 Year -0.13 -0.40 -0.29 -0.52 0.77 0.06*** -0.16**  1.28 

CAR 3 Year 0.05 0.10 -0.01 0.03 1.48 0.11*** 0.15*** 1.15 

Squared Deviation of Initial 

Return 

 

0.19 -0.01 0.34 -0.02 1.48 0.01*** -0.01*** 0.31 

Return Volatility  

 

4.07 0.91 5.76 1.14 0.97 2.07*** 0.67*** 0.64 
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Without controlling for issuer characteristics, the statistics in Panel D indicate that the 

primary and secondary market valuation multiples are significantly lower in MLU-

backed IPOs. For example, based on primary market P/EBITDA multiple, IPOs backed 

by MLUs obtain a median valuation of 1.21 times the intrinsic value, compared to 1.98 

times for SLU-backed IPOs. The secondary market median P/EBITDA multiple is 2.37 

and 1.39 for SLU- and MLU-backed IPOs respectively. The t-test and Wilcoxon rank-

sum test indicates that, except for P/EOP, the mean and median difference in valuation 

multiples are significant at the one percent level between the two IPO categories. 

Consistent with the prediction of our certification hypothesis (H5.1a), these statistics 

suggest that MLU-backed IPOs are priced closer to the intrinsic value than SLU-backed 

IPOs are.  

As shown in Panel E, MLU-backed IPOs also exhibit significantly lower initial return; 

the median initial return is 18 percent for SLU-backed IPOs, while it is only nine percent 

for MLU-backed IPOs. Consistent with our certification hypothesis (H5.2a), we find that 

the MLU-backed IPOs perform better during the initial three year post-listing period. The 

median three year BHAR (CAR) is -52 percent (3 percent) for SLU-backed IPOs, while 

it is -16 percent (15 percent) for MLU-backed IPOs, with the differences significant at 

five percent, or a lower level of significance. Finally, we find that MLU-backed IPOs 

have lower variability of initial return, which is proxy by squared deviation of initial 

return and return volatility. Overall, we find a stronger support for certification than for 

the market power hypothesis in our univariate analysis. We examine this in further detail 

in the next section through multivariate regression analysis.  
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5.4 Main Analysis 

To investigate the role of MLUs, in this section we perform an ordinary least square 

(OLS) regression estimation to identify the impact of MLUs on valuation multiples, long-

run performance and variability of initial return.  

5.4.1 Valuation  

In this subsection, we empirically investigate our hypotheses on valuation and the size of 

the lead underwriting syndicate by employing the following regression model: 

𝐼𝑃𝑂 𝑉𝑎𝑙𝑢𝑎𝑡𝑖𝑜 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 

+ ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 
(5.7) 

where IPO Valuation is the log of the ratio of offer price to intrinsic value ratio (OP/IV) 

and the log of the ratio of secondary market price to the intrinsic value (SMP/IV) of the 

IPO firm, based on P/S, P/EBITDA and P/E methods. The key variable of interest is the 

lead underwriting syndicate variable. We use both a dummy (MLU) as well as a 

continuous (number of lead managers) specification; MLU is a dummy variable that takes 

the value of one if the IPO is managed by more than one lead manager, and zero 

otherwise.  

Following Chemmanur and Krishnan (2012), we include a set of control variables that 

are known to be correlated with the IPO valuation. We control for underwriter reputation, 

the number of co-managers, gross proceeds, the fraction of the firm sold in the IPO, and 

whether the IPO firm is backed by a VC investor (see Appendix I for the definitions of 

control variables). We also use industry and year dummies to control for industry and 

year fixed effects. To control for possible heteroscedasticity of the regression coefficients, 
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we use robust standard errors computed with the Huber-White sandwich estimator 

(Huber, 1967; White, 1980).48  

Panel A of Table 5-2 contains the results for OP/IV as the dependent variable, and Panel 

B shows the results for SMP/IV as the dependent variable. We find that the MLU dummy 

is negative and statistically significant for most of the specifications. In particular, we 

find that MLU-backed IPOs have a 35.66 [=exp0.305-1] percent lower P/SOP multiple 

(model 1), 35.66 [=exp0.305-1] percent lower P/EBITDAOP multiple (model 4), and 38.4 

[=exp0.325-1] percent lower P/EOP multiple (model 7). Consistent with our univariate 

statistics, these results suggest that MLU-backed IPOs priced towards the intrinsic value 

compared to SLU-backed IPOs. The coefficient on the number of lead managers in 

models (2), (5) and (8), although negative, is not significant at 10 percent level in both 

Panel A and B.49 Overall, these results are consistent with our certification hypothesis 

(H5.1a). It is worth noting that the differences in valuation multiples that we observe 

between SLU and MLU-backed IPOs firm are due to their ex-ante differences in 

operating performance, as we controlled for the differences in financial performance and 

firm size during the intrinsic value calculations. 

 In terms of control variables, we find that the coefficient of the underwriting reputation 

is positive for most of the models, although not significant at the 10 percent level. This 

evidence is inconsistent with Chemmanur and Krishnan (2012), and suggests that the  

 

                                                 

48 Our results are robust for clustered standard errors based on industry and year.  
49 The lower significance is perhaps due to the potential non-linear relation between syndicate size and 

valuation multiple, as discussed in Section 5.7.1.  
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Table 5-2 MLUs and IPO Valuation 

This table reports the results from the OLS regressions of IPO valuation measures against the underwriter syndicate composition. The sample includes 1,555 IPOs from 1999 

to 2012. Panel A contains results using the log of the ratio of offer price to intrinsic value ratio (OP/IV) as the dependent variable and panel B contains results using the log of 

the ratio of the first trading day closing secondary market price to the intrinsic value for IPO (SMP/IV). OP/IV and SMP/IV of IPO firm computed based on price-to-sales, 

price-to-EBITDA and price-to-earnings. All the variables are defined in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined 

by the Fama-French 48 industry classification. The t-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

Panel A: OP/IV Ratios as the Dependent Variable 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 
  Ln P/SOP Ln P/EBITDAOP Ln P/EOP 

MLU Dummy -0.305** 
  

-0.305** 
  

-0.325* 
  

 
(-2.38) 

  
(-2.02) 

  
(-1.69) 

  

# Lead Manager 
 

-0.052 -0.334** 
 

-0.083 -0.335** 
 

-0.083 -0.298   
(-0.87) (-2.31) 

 
(-1.24) (-2.01) 

 
(-1.01) (-1.45) 

# Lead Manager^2 
  

0.042** 
  

0.038* 
  

0.032    
(2.16) 

  
(1.85) 

  
(1.24) 

LM CM Rank 0.026 0.017 0.027 0.015 0.006 0.015 -0.032 -0.040 -0.033  
(0.54) (0.36) (0.56) (0.27) (0.11) (0.27) (-0.48) (-0.60) (-0.50) 

# Co-Manager -0.005 0.003 -0.015 0.002 0.011 -0.005 0.011 0.020 0.006  
(-0.23) (0.12) (-0.63) (0.08) (0.53) (-0.23) (0.44) (0.78) (0.20) 

Ln Proceeds 0.129* 0.109* 0.128* 0.068* 0.060 0.077* 0.162 0.148 0.167  
(1.85) (1.80) (1.77) (1.82) (0.69) (1.88) (1.61) (1.37) (1.55) 

Percentage Sold -1.186*** -1.217*** -1.171*** -1.377*** -1.427*** -1.385*** -0.420 -0.462 -0.420  
(-3.16) (-3.23) (-3.06) (-3.51) (-3.65) (-3.48) (-0.86) (-0.94) (-0.85) 

VC Dummy 0.231** 0.226** 0.225* 0.298** 0.290** 0.289** -0.189 -0.193 -0.193  
(2.02) (1.97) (1.96) (2.30) (2.22) (2.21) (-1.18) (-1.20) (-1.20) 

Industry and Year fixed 

effects 

Y Y Y Y Y Y Y Y Y 

Constant -1.067 -0.850 -0.842 0.213 0.273 0.280 -2.114 -1.706 -1.891  
(-0.94) (-0.73) (-0.72) (0.17) (0.21) (0.21) (-1.26) (-0.96) (-1.06) 

Adj. R-sq 0.103 0.095 0.101 0.105 0.100 0.103 0.058 0.053 0.053 
N 618 618 618 618 618 618 454 454 454 
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Panel B: SM/IV Ratios as the Dependent Variable 

 

  

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

  Ln P/SSMP Ln P/EBITDASMP Ln P/ESMP 

MLU Dummy -0.211**   -0.210**   -0.233   

 (-2.21)   (-1.96)   (-1.59)   
# Lead Manager  -0.057 -0.243**  -0.079 -0.228*  -0.091 -0.211 

  (-1.29) (-2.30)  (-1.49) (-1.73)  (-1.46) (-1.33) 

# Lead Manager^2   0.028**   0.022   0.018 

   (1.98)   (1.41)   (0.94) 

LM CM Rank 0.004 0.003 0.009 0.006 0.002 0.007 0.004 0.012 0.004 

 (0.28) (0.19) (0.57) (0.40) (0.15) (0.45) (0.20) (0.65) (0.18) 

# Co Manager 0.088 0.083 0.096* 0.042 0.046 0.056 0.094 0.098 0.109 

 (1.63) (1.47) (1.68) (0.62) (0.64) (0.77) (1.23) (1.23) (1.32) 

Ln Proceeds -1.055*** -1.088*** -1.059*** -1.254*** -1.300*** -1.277*** -0.618** -0.670** -0.647** 

 (-4.04) (-4.15) (-3.97) (-4.35) (-4.49) (-4.34) (-2.04) (-2.21) (-2.10) 

Percentage Sold 0.203** 0.199** 0.196** 0.314*** 0.308*** 0.305*** -0.077 -0.080 -0.082 

 (2.13) (2.08) (2.05) (2.70) (2.63) (2.61) (-0.62) (-0.64) (-0.66) 

VC Dummy 0.031 0.025 0.032 0.028 0.022 0.027 -0.009 -0.014 -0.011 

 (0.88) (0.71) (0.88) (0.67) (0.51) (0.64) (-0.18) (-0.29) (-0.22) 

Industry and Year fixed 

effects 

Y Y Y Y Y Y Y Y Y 

Constant -0.149 -0.110 -0.102 0.790 0.718 0.725 -0.054 0.026 -0.075  
(-0.17) (-0.12) (-0.12) (0.79) (0.68) (0.69) (-0.04) (0.02) (-0.06) 

Adj. R-sq 0.147 0.141 0.145 0.147 0.145 0.146 0.074 0.072 0.071 

N 618 618 618 618 618 618 454 454 454 
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reputation of the underwriter no longer has a significant impact on the valuation after 

controlling for the syndicate composition. 

This result may also be due to the low cross-sectional variation in the underwriter reputation 

measure during our sample period. A large number of low reputation underwriters that 

managed IPOs in the 1980s and 1990s are no longer present in our sample period. It can also 

be argued that highly reputed underwriters may also have adopted higher pricing standards, 

as a response to the various penalties imposed on them for their activities during the bubble 

period.50 Consistent with Chemmanur and Loutskina (2006), our results also suggest that 

VC-backed IPOs obtain higher valuation compared to non-VC-backed IPOs. As for the 

remaining control variables, the coefficient of proceeds is positive and significant, and the 

coefficient of percentage shares sold is negative and significant. Moreover, the coefficient 

of the number of co-managers, although negative, is not significant at 10 percent level, 

implying that the presence of co-managers in the syndicate does not influence the valuation 

of IPO firms.  

5.4.2 Initial Return and Variability of Initial Return 

In this section, we perform a multivariate regression analysis to examine the relation 

between the underwriting syndicate size and the initial return and variability of the initial 

return. For this we estimate the following regression model: 

                                                 

50 In unreported results, we also consider a dummy variable for underwriter reputation, which takes a value of 

one if the underwriter reputation is equal to or greater than eight, otherwise it is zero. However, the coefficient 

of the high reputation dummy variable is not statistically significant. 
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𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛/ 𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛

= 𝛼 + 𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

+  𝜀 

(5.8) 

In Eq. (5.8), the dependent variable is either initial return, squared deviation of the initial 

return, or return volatility. As before, we use the binary (MLU dummy) and continuous 

(number of lead managers) specifications of the syndicate structure. Following prior 

literature (Derrien, 2005; Lowry et al., 2010), we include several independent variables to 

control for other factors likely to impact initial return and variability of initial return: 

underwriter reputation; the number of co-managers; the log of IPO proceeds; VC-backed 

dummy; the log of firm age; absolute price revision; percentage shares sold; hot market 

dummy; NASDAQ 90 day return before filing; market return volatility; and control for 

industry and year fixed effects. 

Table 5-3 reports the regression results. First, we examine the effect of MLUs on initial 

return. The results in models (1)–(2) suggest that IPOs with MLU experience significantly 

lower initial return compared to SLU-backed IPOs. Specifically, our results suggest a 7.5 

percent reduction in initial return for MLU-backed IPOs compared to their SLU backed 

counterparts. These findings are broadly related to the findings by Hu and Ritter (2007) and 

Jeon et al. (2015),51 and the European evidence presented by Abrahamson et al. (2011). 

 

  

                                                 

51 Jeon et al. (2015) report a negative and insignificant relation between MLUs and initial return.  
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Table 5-3 MLUs and Initial Return 

This table reports the results from the OLS regressions of initial return and variability of initial return against the 

underwriter syndicate composition. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are 

defined in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined 

by the Fama-French 48 industry classification. All tests use White heteroskedasticity robust standard errors. The 

t-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, 

respectively. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 Initial Return Squared deviation of Initial 

Return 

Return Volatility 

MLU Dummy -0.075***   -0.163***   -0.068*   

 (-2.65)   (-3.87)   (-1.71)   

# Lead Manager  -0.022* -0.067**  -0.037* -0.128**  -0.020 -0.093** 

  (-1.85) (-2.26)  (-1.85) (-2.55)  (-1.06) (-2.07) 

# Lead Manager^2   0.007*   0.013*   0.011** 

   (1.80)   (1.96)   (2.23) 

LM CM Rank 0.055*** 0.053*** 0.055*** 0.053*** 0.047** 0.051*** 0.011 0.009 0.012 

 (6.02) (5.72) (5.89) (2.78) (2.47) (2.64) (0.73) (0.57) (0.77) 

# Co Manager -0.007 -0.004 -0.006 0.000 0.005 0.001 0.004 0.006 0.003 

 (-1.26) (-0.78) (-1.14) (0.04) (0.50) (0.10) (0.46) (0.70) (0.31) 

Abs Revision 0.538*** 0.536*** 0.541*** 0.600* 0.595* 0.605* -0.023 -0.026 -0.018 

 (3.62) (3.60) (3.63) (1.86) (1.84) (1.87) (-0.12) (-0.14) (-0.09) 

Ln Proceeds 0.022 0.021 0.023 0.003 -0.004 0.001 -0.031 -0.032 -0.029 

 (1.23) (1.09) (1.19) (0.09) (-0.09) (0.02) (-1.23) (-1.27) (-1.12) 

Percentage Sold -0.370*** -0.382*** -0.373*** -0.275 -0.297 -0.278 -0.248 -0.260 -0.245 

 (-3.65) (-3.70) (-3.60) (-1.15) (-1.22) (-1.14) (-1.55) (-1.61) (-1.52) 

Ln(1+ Age) -0.062*** -0.061*** -0.061*** -0.077** -0.076** -0.076** -0.160*** -0.160*** -

0.160***  (-3.81) (-3.79) (-3.78) (-2.40) (-2.39) (-2.38) (-6.41) (-6.38) (-6.38) 

VC Dummy 0.115*** 0.116*** 0.113*** 0.072 0.074 0.070 0.002 0.003 -0.001 

 (3.52) (3.55) (3.48) (1.11) (1.15) (1.08) (0.04) (0.05) (-0.02) 

Hot Market Dummy -0.059** -0.055** -0.057** -0.030 -0.021 -0.025 -0.066 -0.062 -0.066 

 (-2.53) (-2.35) (-2.44) (-1.02) (-0.72) (-0.85) (-1.26) (-1.19) (-1.26) 

NASDAQ 90 day 

Return 

1.128*** 1.126*** 1.125*** 0.955** 0.957** 0.953** 0.116 0.114 0.112 

(6.69) (6.67) (6.66) (2.42) (2.42) (2.41) (0.68) (0.67) (0.66) 

Ln Market 

Volatility 

0.050* 0.050* 0.050* 0.067 0.067 0.066 -0.019 -0.018 -0.019 

(1.77) (1.78) (1.76) (1.14) (1.14) (1.12) (-0.45) (-0.44) (-0.45) 

Industry and Year 

Fixed Effects 

Y Y Y Y Y Y Y Y Y 

Constant -0.140 -0.089 -0.086 0.384 0.531 0.533 2.335*** 2.382*** 2.382*** 

 (-0.47) (-0.29) (-0.28) (0.63) (0.86) (0.86) (5.31) (5.38) (5.40) 

Adj. R-sq 0.315 0.313 0.314 0.044 0.042 0.042 0.260 0.259 0.260 

N 1,547 1,547 1,547 1,542 1,542 1,542 1,537 1,537 1,537 
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In models (4) and (7), we find that IPOs backed by MLUs are more likely to have a lower 

variability of initial return. More specifically, MLU-backed IPOs exhibit 16.3 percent 

reduction in squared deviation of the initial return (Model 4) and 6.8 percent reduction in 

return volatility (Model 7), holding other characteristics constant. We also note that the 

coefficient of the number of lead managers is negative for both measures, although the 

significance level is slightly lower for squared deviation of return. Taken together, these 

results support our certification hypothesis (H5.2a) that MLU-backed IPOs should exhibit 

lower initial return and lower variability of initial return.  

Consistent with the prior literature on initial return and variability of initial return 

(Derrien & Womack, 2003; Lowry et al., 2010), the estimate for the control variables 

indicates that IPOs managed by highly reputed lead underwriters, IPOs with higher 

absolute price revisions, and issues with NASDAQ return in the 90 days prior to the 

offering, all exhibit higher initial return and higher variability of initial return, while older 

firms exhibit relatively lower variability of initial return.  

5.4.3 Long-term Performance  

In this subsection, we explore the relation between the size of the underwriting syndicate 

and long-term performance. For this purpose, we employ the following regression model: 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

+  𝜀 

(5.9) 

In Eq. (5.9), the dependent variable is long-term performance. The long-run IPO 

performance is measured using BHAR and CAR over a three year holding period 

following the IPO. As before, we use the binary (MLU) and continuous (number of lead 
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managers) specifications of lead manager syndicate. Following Carter et al. (1998) and 

Dong et al. (2011), we include the following control variables that are known to impact 

long-run performance: underwriter reputation; the number of co-managers; the log of IPO 

proceeds; percentage Sold; VC-backed dummy; the log of firm age; profitability dummy; 

revision; and hot market dummy. We also control for the industry and year fixed effects. 

The results are presented in Table 5-4. 

The results in models (1)–(6) suggest that both the long-term performance measures are 

positively and significantly related to the size of the lead underwriter syndicate. As the 

coefficient estimates in model (1) and (4) indicate, IPO firms with MLUs exhibit 16.2 

percent higher BHAR and 16.5 percent higher CAR during the three year holding period 

compared to SLU-backed IPOs, holding other characteristics constant.52 The coefficient 

of the number of lead managers is positive, but is not significant at 10 percent level. 

Overall, this evidence further supports our certification hypothesis (H5.3a) and is 

consistent with the prior empirical evidence of Dong et al. (2011). 

In addition, most of the control variables are significant and are consistent with the prior 

theoretical and empirical literature. Consistent with the prior literature on long-run 

performance (Carter et al., 1998; Dong et al., 2011; Eckbo & Norli, 2005; Ecker, 2009), 

we find that IPOs managed by highly reputed lead underwriters, IPOs with larger co-

managing syndicates, and firms with prior listing profitability, all exhibit better long-run 

                                                 

52 As the valuation test reported in section 4.1 is based on IPO firms with positive EBITDA, in unreported 

results we re-estimate the results using the reduced sample. While the power of our tests is reduced due to 

sample size restrictions, we find that our conclusions remain qualitatively similar. 
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market performance. Further, the larger offerings exhibit relatively lower long-run 

performance compared to smaller IPOs.  

Table 5-4 MLUs and Long-term Performance 

This table reports the results from the OLS regressions of long-term performance against the underwriter 

syndicate composition. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are defined 

in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined 

by the Fama-French 48 industry classification. All tests use White heteroskedasticity robust standard errors. 

The t-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent 

levels, respectively. 

 

  (1) (2) (3) (4) (5) (6) 

  BHAR 3 Year CAR 3 Year 

MLU Dummy 0.162** 
  

0.165* 
  

 
(2.29) 

  
(1.91) 

  

# Lead Manager 
 

0.017 0.167** 
 

0.055 0.171**   
(1.47) (2.17) 

 
(1.59) (2.01) 

# Lead Manager^2 
  

-0.022** 
  

-0.017*    
(-2.50) 

  
(-1.87) 

LM CM Rank 0.031 0.038** 0.031 0.065** 0.071*** 0.065**  
(1.63) (2.03) (1.61) (2.47) (2.70) (2.49) 

# Co Managers 0.031* 0.027 0.034* 0.032** 0.026 0.032* 

 (1.67) (1.43) (1.78) (1.99) (1.61) (1.90) 

Ln Proceeds -0.031 -0.019 -0.026 -0.134*** -0.132*** -0.137*** 

 (-1.03) (-0.64) (-0.87) (-2.94) (-2.79) (-2.88) 

Percentage Sold 0.089 0.097 0.069 0.081 0.111 0.089 

 (0.43) (0.47) (0.33) (0.35) (0.47) (0.37) 

VC Dummy -0.000 -0.005 0.002 -0.084 -0.085 -0.079 

 (-0.00) (-0.07) (0.03) (-0.93) (-0.94) (-0.88) 

Ln (1+ Age) 0.089*** 0.088*** 0.088*** 0.101** 0.099** 0.099** 

 (2.78) (2.76) (2.76) (2.31) (2.27) (2.28) 

Profitable Dummy 0.147** 0.147** 0.146** 0.168** 0.170** 0.169** 

(2.24) (2.26) (2.23) (2.44) (2.47) (2.45) 

Hot Market Dummy 0.103 0.092 0.099 0.126 0.117 0.122 

(1.17) (1.06) (1.14) (1.44) (1.34) (1.40) 

Industry and Year 

Fixed Effects 

Y Y Y Y Y Y 

Constant -0.335 -0.540 -0.553 1.532** 1.441** 1.430**  
(-0.54) (-0.88) (-0.89) (2.15) (1.99) (1.97) 

Adj. R-sq 0.065 0.062 0.064 0.030 0.029 0.030 

N 1,550 1,550 1,550 1,550 1,550 1,550 
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5.5 Endogeneity Tests 

The choice of underwriting syndicate may not be exogenous, as issuers and underwriters 

may mutually select the syndicate structure to suit their relative characteristics, individual 

preferences, and the operating environment (Corwin & Schultz, 2005; Jeon et al., 2015). 

For instance, Jeon et al. (2015) assert that larger firms are associated with MLUs and 

smaller firms are associated with SLUs. Hence our conclusions may suffer from potential 

endogeneity due to self-selection and omitted observables of syndicate selection. To 

confirm the validity of our conclusions, we employ matching methods and the 

instrumental variable method. The matching methods address the potential endogeneity 

caused by the self-selection between the IPO firm and underwriter, while the instrumental 

variable method deals with endogeneity from unobservable characteristics of syndicate 

selection.  

5.5.1 Matching Methods 

In this section, we use propensity scores matching (PSM) and Abadie and Imbens 

matching (AIM) to control for potential selection bias by controlling for IPO firm 

characteristics, and estimate the average treatment effect on the treated firms (ATT). In 

the matching method, we define MLU-backed IPOs as the treatment group and select 

control observations that are similar to the treated firms based on a set of independent 

covariates.  

As suggested by Rosenbaum and Rubin (1983) and Dehejia and Wahba (2002), we 

consider nearest neighbour matching and radius caliper matching under the PSM method. 

In the nearest neighbour matching, the treated firm is matched to an untreated firm with 



 

 

133 

the closest propensity score. In order to prevent poor matches, the caliper method only 

considers matching untreated firms within a pre-specified distance (caliper). We use a 

maximum of four nearest neighbours with replacements for the nearest neighbour 

method, and a caliper of 0.1 for the radius caliper matching. The standard error for the 

PSM is calculated using 10,000 bootstrap replications. Under the AIM method, we use 

the simple matching and bias-corrected estimation method, as suggested by Abadie and 

Imbens (2011). The bias-corrected estimation method provides more accurate results, as 

it controls for asymptotic bias due to remaining differences between the treated and the 

control samples. Following Abadie and Imbens’s (2011) suggestion on 

matching performance, we use four matches in the simple matching estimation. We use 

underwriter reputation, log of IPO proceeds, log of firm age, VC-backed dummy, 

profitable dummy, hot market dummy, tech dummy, and bubble period dummy as the 

independent matching covariates in all the matching methods. In the bias corrected 

methods, we include the same set of covariates as the bias control terms.  

Table 5-5 reports the ATT estimates for the valuation multiples (Panel A) and 

performance measures (Panel B). As shown in Panel A, ATT estimates of the valuation 

multiples are negative and statistically significant at 10 percent or lower for most of the 

specifications. Consistent with the certification hypothesis (H5.1a), these results suggest 

that MLU-backed IPOs are associated with significantly lower valuation multiples 

compared to SLU-backed IPOs.   
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Table 5-5 Average Treatment Effects of Variables 

The table reports the average treatment effects for the treated firms (ATT) on IPO valuation measures and 

long-term performance between SLU and MLU led IPOs, using Abadie and Imbens matching (AIM) and 

propensity score matching (PSM). The sample includes 1,555 IPOs from 1999 to 2012. All the variables 

are defined in Appendix 1. The coefficient is reported in the first column and the p- value of a two-tailed 

test is shown in the second column for each method. The standard errors are based on 10,000 bootstrapped 

replications. 

  AIM PSM  
Simple Biased Nearest Neighbour Caliper 

  Coeff. p value Coeff. p value Coeff. p value Coeff. p value 

Panel A: Valuation Measures 
       

P/SOP -0.302 0.049  -0.373 0.015  -0.463 0.061 -0.331 0.147 

P/EBITDAOP  -0.361 0.020 -0.419 0.007 -0.533 0.045 -0.392 0.136 

P/EOP -0.189 0.489 -0.218 0.423 -0.083 0.785 -0.029 0.919 

P/SSMP -0.240 0.024 -0.304 0.004 -0.356 0.068 -0.234 0.194 

P/EBITDASMP -0.267 0.021 -0.321 0.006 -0.397 0.068 -0.281 0.198 

P/ESMP -0.139 0.493 -0.133 0.512 -0.041 0.839 -0.005 0.983 

Panel B: Performance Measures 
    

 

Initial Return -0.068 0.001 -0.075 0.000 -0.055 0.008 -0.059 0.026 

Squared deviation 

of initial return 

 

-0.086 0.001 -0.085 0.001 -0.047 0.038 -0.029 0.308 

Return Volatility  

 

-0.143 0.001 -0.139 0.002 -0.155 0.002 -0.120 0.050 

BHAR 3 Year 0.171 0.042 0.161 0.056 0.176 0.030 0.110 0.309 

CAR 3 Year 0.063 0.079 0.068 0.034 

. 

0.104 0.195 0.134 0.138 

Consistent with the certification hypothesis (H5.2a), we find that the ATT estimate for 

initial return, squared deviation of initial return, and return volatility are negative and 

significant at five percent for most of the estimates. The ATT estimates of BHAR in Panel 

B are positive and significant at less than five percent, while the ATT estimates for CAR 

are positive and statistically significant at less than 10 percent, except for the caliper 

method. These results support the certification hypothesis (H5.3a). Overall, the PSM and 

AIM analysis reconfirms the certification role of the MLUs.  

5.5.2 Instrumental Variable Approach 

In this section, we use the instrumental variable method to test the robustness of our 

findings. As our key variable of interest is a dummy variable (MLU dummy), we use a 
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three-stage generated instrumental variable approach suggested by Adams et al. (2009)53 

and Wooldridge (2002). In the first stage, we use a probit model to estimate the 

probability of employing an MLU, by regressing the MLU dummy on a set of control 

variables from the model specifications and two instrumental variables. In the second and 

third stages, we use the fitted probabilities from the first-stage regression as the 

instrument to estimate a standard 2SLS regression model. This approach has been used 

in finance literature to address binary endogenous variables such as credit ratings (An & 

Chan, 2008; Faulkender & Petersen, 2006), founder–CEO (Adams et al., 2009), and 

diversification choice (Campa & Kedia, 2002; Lin & Su, 2008).  

In the first stage, we use a pre-relation dummy and NYSE/AMEX dummy as instrumental 

variables. The pre-relation dummy takes the value of one if at least one of the lead 

underwriters had a business relation with the IPO firm prior to the IPO, and zero 

otherwise. The prior business relation might consist of debt and equity transactions with 

the IPO firm. Corwin and Schultz (2005) and Ljungqvist et al. (2009) suggest that IPO 

firms are more likely to include underwriters as lead managers when they have a prior 

lending or equity investments. When IPO firms employ underwriters with prior relations, 

to mitigate potential conflicts of interest, the Financial Industry Regulatory Authority 

(FINRA) Rule 2720 requires the intervention of a qualified independent underwriter 

(QIU) who will be accountable for the pricing process (Agrawal & Cooper, 2010; Brown 

& Wiles, 2016). Therefore, when firms employ underwriters with prior business relations, 

it is more likely that the underwriting syndicate will contain MLUs. Our second 

instrumental variable, the NYSE/AMEX dummy, takes the value one if the firm is 

                                                 

53 See Adams et al. (2009) for more details on the estimation procedure and the advantages of this approach 

over the conventional 2SLS estimation.  
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initially listed on the NYSE or AMEX exchanges and zero otherwise. Corwin et al. (2004) 

and Corwin and Schultz (2005) report that NYSE-AMEX listed IPOs are more likely to 

employ MLUs compared to IPOs listed on other exchanges. 

 We present the results of the first stage in model (1) of Table 5-6, and the second stage 

of the 2SLS instrumental variable estimate in the remaining models. In the first stage, as 

expected, we find that both our instruments are positive and strongly significant at one 

percent. Further, our results suggest that larger IPO firms and highly reputed underwriters 

are more likely to participate in MLU syndicates. The F statistic of the first stage is highly 

significant at one percent, indicating the strong explanatory power of these variables on 

the choice of MLUs. For each of the 2SLS regressions in model (2)–(6), the Durbin-Wu-

Hausman endogeneity test rejects the null hypothesis of no endogeneity except for model 

(5).  

The results from the IV estimation methods verify the results reported in the earlier 

sections. Consistent with the certification hypothesis (H5.1a), the coefficient of the MLU 

dummy in model (2) is significantly negative at one percent, indicating that MLU-backed 

IPOs exhibit lower P/EBITDAOP valuation multiple.54 Further, in models (3)–(5), we also 

find a significant negative relation between the MLUs and initial return, and measures of 

variability of initial return, which confirms the certification hypothesis (H5.2a). The 

results in models (6)–(7) reconfirm the certification hypothesis (H5.3a) that MLU-backed 

IPOs are associated with higher long-term performance; however, the estimate for CAR 

is not significant at 10 percent.  

                                                 

54 To conserve space, we only report results based on P/EBITDA OP/IV valuation multiples. Our results 

are qualitatively similar for the remaining primary and secondary valuation multiples. 
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Table 5-6 Endogeneity Tests: Instrumental Variable Approach 

This table reports the results of the two-stage least squares model. The sample includes 1,555 IPOs from 

1999 to 2012. In the first stage, IPOs with multiple lead underwriters (MLU) is estimated using IBP, MBP 

and NYSE/AMEX dummy as the instrumental variables. The definitions of all the variables are found in 

Appendix 1. All the second stage 2SLS regressions include dummy variables for each offer year and for 

industries defined in the Fama-French 48 industry classification. All regressions use White 

heteroskedasticity robust standard errors. The t-values are reported in parentheses. ***, **, and * indicate 

significance at the 1, 5, and 10 percent levels, respectively. 

(1) (2) (3) (4)

(

7)

(5) (6) (7) 

MLU P/EBITD
OP

Initial 

Return 

Squared

Deviation

of Initial

Return

Return 

Volatility 

BHAR 3

Year 

CAR 3 

Year 

Predicted MLU 

Dummy

-1.864*** -0.369*** -0.433** -0.551*** 0.457* 0.426  
(-2.82) (0.00) (-2.52) (-2.96) (1.83) (1.48) 

LM CM Rank 0.139*** 0.057 0.069*** 0.065*** 0.032* 0.018 0.053* 

(4.09) (0.92) (0.00) (3.27) (1.82) (0.87) (1.89) 

# Co-Manager -0.123*** -0.023 -0.014** -0.006 -0.008 0.038** 0.039** 

(-3.92) (-0.96) (0.03) (-0.54) (-0.72) (2.18) (2.24) 

Ln Proceeds 0.340*** 0.280** 0.051** 0.030 0.021 -0.065 -0.161***

(6.61) (2.38) (0.02) (0.63) (0.63) (-1.60) (-2.83)

Percentage Sold -0.069 -1.366*** -0.386*** -0.275 -0.245 0.108 0.085 

(-0.23) (-3.10) (0.00) (-1.17) (-1.49) (0.53) (0.37) 

Ln Age -0.063*** -0.072** -0.160*** 0.090*** 0.100**

(0.00) (-2.29) (-6.35) (2.85) (2.34) 

VC Dummy -0.021 0.344** 0.077** 0.061 -0.018 0.012 -0.074

(-0.21) (2.18) (0.01) (0.95) (-0.34) (0.16) (-0.82)

Abs Revision 0.584*** 0.624** -0.000

(0.00) (1.98) (-0.00)

Hot Market Dummy -0.088*** -0.054* -0.093* 0.120 0.146* 

(0.00) (-1.66) (-1.67) (1.35) (1.65) 

Ln Market Volatility 0.055* 0.074 -0.014

(1.93) (1.26) (-0.33)

NASDAQ 90 day 

Return  

1.087*** 0.930** 0.082

(0.00) (2.42) (0.48)

Profitable Dummy 0.142** 0.160** 

(2.20) (2.34) 

Pre-Relation Dummy 0.336*** 

(2.84) 

NYSE/AMEX 

Dummy 

0.629*** 

(4.67) 

Year and Industry 

Dummies

Y Y Y Y Y Y Y 

Constant -6.857*** -2.258 -0.776** -0.017 1.561*** 0.171 1.940**  
(-5.85) (-1.41) (0.02) (-0.02) (2.77) (0.23) (2.20) 

Adj. / Pseudo R-sq 0.366 -0.084 0.277 0.039 0.215 0.055 0.026 

N 1,536 609 1,534 1,528 1,523 1,536 1,536 

First Stage F Stat 28.99 86.77 88.01 91.31 87.78 87.78 

p value of DW 

Hausman Test 

0.110 0.140 0.085 0.036 0.241 0.365 
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5.6 Robustness Tests  

This section presents and discusses several additional tests to illustrate the robustness of 

our main analysis. To conserve space, we do not report these results, which are available 

from the authors on request. Our first robustness test re-estimates our main results by 

excluding the dot-com bubble period. We find that excluding the IPOs from this period 

does not change any of our conclusions in the paper. In our second robustness test, we re-

estimate the results for IPOs managed by multiple book managers.55 We find that our 

results continue to hold for IPOs managed by multiple book managers. Thirdly, as in 

Chemmanur and Krishnan (2012), we used the nearest neighbour matching method based 

on PSM to identify comparable firms when calculating the comparable firm valuation 

multiples. This method controls for possible endogeneity bias in valuation multiples. 

Using sales, EBITDA to sales ratio, and total assets to sales ratio as the co-variants for 

each IPO, we identify the nearest matching non-IPO comparable firm from the same 

Fama and French (1997) industry. We find that our results are robust to the valuation 

multiples calculated using PSM. Fourthly, we re-run all our analyses by using the 

Megginson and Weiss (1991) underwriter reputation measure, which is based on 

underwriters’ market share. We find that all our results are robust to this alternative 

measure of underwriter reputation. Fifthly, we also consider additional control variables 

that may be correlated with the valuation multiples in Eq. (5.7). We find that our results 

are qualitatively similar even after controlling for firm age, NYSE/AMEX dummy, price 

revision and tech dummy.  

                                                 

55 We classify book manager and joint book managers as book managers. We consider an IPO to be 

managed by multiple book managers if it was managed by more than one book manager. 
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5.7 Additional Analysis 

5.7.1 Large Syndicates 

The literature on organisational behaviour predicts that larger syndicates are plagued by 

agency problems such as moral hazards and information free riding (Alchian & Demsetz, 

1972; Bradach & Eccles, 1989; Isaac & Walker, 1988). For instance, Bhattacharya (2006) 

and Tykvová (2007) suggest that if the contribution of the individual member within a 

syndicate is neither observable nor verifiable, syndicate members have a higher incentive 

to make a minimal effort or do less. This has also been demonstrated in the context of 

underwriting syndicates. Theoretical works by Pichler and Wilhelm (2001) and Morrison 

and Wilhelm (2008) show that larger underwriting syndicates suffer from information 

free-riding problems leading to inefficiencies in information production. Although our 

results suggest that MLUs provide certification to the issue due to their ability to provide 

more information, based on the above discussion, we can also expect a non-

linear relationship of the size of the lead underwriting syndicate with valuation, initial 

return, variability of initial return, and long-run performances, if the syndicate members 

tend to free-ride information production when participating in larger syndicates. To test 

this potential non-linear relation, in addition to Eqs (5.7)–(5.9) above, we include a 

quadratic term of the number of lead manager, as shown below.  

𝐼𝑃𝑂 𝑉𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 /𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒

= 𝛼 +  𝛽1 # 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠 + 𝛽2 # 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑠2  

+ ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀  

(5.10) 

The results in models (3), (6) and (9) of Panel (A) and (B) of  Table 5-2 indicate a U-

shaped non-linear relation between the number of lead managers and primary and 

secondary market valuation multiples. For example, in model (3), we find that the 
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coefficient of the lead manager is negative, while the coefficient of the lead manager’s 

quadratic term is positive, with both the coefficients significant at the five percent level. 

These findings indicate that valuation multiples first decrease and then increase with the 

syndicate size, forming a non-linear U-shape relation. In models (3) and (6) of Table 5-3, 

the coefficient of the lead manager is negative while the quadratic term of the lead 

manager is positive, indicating a non-linear U-shape relation between lead manager 

syndicate size and variability of initial return measures. Further, the estimates in models 

(3) and (6) of Table 5-4 also indicate a non-linear inverted U-shape relation between the 

lead manager syndicate size and the long-run performance. These results suggest that 

long-term performance first increases and then decreases with the lead underwriting 

syndicate size. Taken together, the certification role of the underwriting syndicate that we 

present above appears to weaken due to the free-rider problem when the syndicate grows 

beyond the optimal size.  

One underlying assumption to explain information free riders is that the underwriters can 

discover an infinite amount of information regarding IPO firms. However, if the 

information to be discovered is finite, this result may reflect the diminishing marginal 

information production by marginal lead underwriters. In other words, additional lead 

underwriters may not engage in information production because there is less information 

to be discovered.56 Alternatively, this finding may also be due to the presence of 

“phantom” lead managers. According to Tunick (2004b), phantom lead managers may be 

present in some larger IPOs, where the lead managers do not actively engage in 

                                                 

56 We thank an anonymous referee for suggesting this alternative explanation.  
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information production, but collect fees and league-table credit due to their long-term 

relations with the issuers, especially on the lending side. 

5.7.2 IPO Withdrawals and SEOs 

Our earlier analysis showed that MLU-backed IPOs are priced closer to intrinsic value. 

So why do firms choose a multiple lead underwriting syndicate when it is likely that the 

IPO will be priced conservatively? To address this question, we evaluate two possible 

motives for firms to choose an MLU syndicate: IPO withdrawals and secondary equity 

offerings (SEOs).  

The “window of opportunity” hypothesis argues that managers are motivated to issue 

equity when shares are overvalued (Baker & Wurgler, 2002; Ritter & Welch, 2002). 

However, Dunbar and Foerster (2008) find that overvalued IPOs have a higher 

probability of offer withdrawal or offer failures during the bookbuilding phase. IPO 

withdrawal is indeed costly for the issuers, as not only do the firms lose the pre-

commitment expenses such as registration fees, accounting and legal expenses, and 

management time, but issuers may also have to delay planned investment projects or seek 

costly capital sources (Dunbar & Foerster, 2008; Lee & Masulis, 2009). Moreover, 

Dunbar (1998) suggests that withdrawn firms may not ever conduct an IPO as they may 

have to pay a higher fee to attract an underwriter in their subsequent attempts.  

Jeon et al. (2015) suggest that MLU-IPO firms are more likely to remain public than they 

are to be acquired by a larger firm. They are also more likely to remain listed and get 

involved in acquiring other businesses. The literature has long acknowledged that 

coverage from reputable analysts, such as all-star analysts, is essential to attract informed 



 

 

142 

investors to participate in SEOs (Bowen, Chen, & Cheng, 2008; Chang, Dasgupta, & 

Hilary, 2006). Fang and Yasuda (2009) argue that star analysts are reluctant to provide 

favourable coverage for overvalued firms due to reputation concerns. Jeon et al. (2015) 

also document that MLU-backed IPOs attract more star analyst coverage than their SLU 

counterparts. Lack of favourable coverage from reputable analysts may also force firms 

to offer SEOs at a higher discount. 

To evaluate these two motives of MLU-backed IPOs, we use a binary Probit model and 

a Tobit model: 

𝐼𝑃𝑂 𝑊𝑖𝑡ℎ𝑑𝑟𝑎𝑤𝑛/ 𝑆𝐸𝑂

= 𝛼 + 𝛽1 𝑀𝐿𝑈 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

 (5.11) 

where the dependent variable is either IPO withdrawn dummy, SEO dummy or SEO 

relative size. The IPO withdrawn dummy takes the value of one if the firm withdraws the 

IPO, and zero otherwise. The SEO dummy takes the value of one if the firm issues an 

SEO within the first three years of listing, and zero otherwise. Following Jegadeesh, 

Weinstein, and Welch (1993), we calculate SEO relative size as the ratio between SEO 

size and IPO. As in Jegadeesh et al. (1993), we set SEO relative size to zero if a firm does 

not conduct an SEO within three years of listing. Since the value of SEO relative size is 

truncated at zero, we employ a Tobit regression to estimate the model. 

As before, we use a binary (MLU dummy) and a continuous (number of lead managers) 

specification of the syndicate structure. We include underwriter reputation, the number 

of co-managers, the log of IPO proceeds, VC-backed dummy, and industry and year fixed 

effects as control variables. Additionally, we include NASDAQ 30 day return over the 

filing as a control variable in the model, where the IPO success dummy is the dependent 
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variable, and percentage sold and the log of firm age are control variables in the remaining 

models.  

Table 5-7 MLU, SEO and Withdrawals 

This table reports the results of the probit and tobit analysis of the effects of MLUs on IPO withdrawal and 

SEOs. The sample includes 1,555 IPOs from 1999 to 2012. Time to list is calculated as the log of number 

of days between the filing date and the offer date. All the regressions include dummy variables for each 

offer year and for industries defined in the Fama-French 48 industry classification. All regressions use 

White heteroskedasticity robust standard errors. The t-values are reported in parentheses. ***, **, and * 

indicate significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) 

  IPO Withdrawal 

Dummy 

SEO Dummy Ln SEO Relative Size 

 Probit Probit Tobit 

MLU Dummy -0.474***  0.059  0.165**  
 (-5.12)  (0.67)  (2.40)  
# Lead Manager  -0.302***  0.044  0.108*** 

  (-5.03)  (1.06)  (2.85) 

LM CM Rank 10.255**

* 

10.240**

* 

0.057** 0.058** 0.159*** 0.165*** 

 (13.69) (13.66) (2.19) (2.27) (5.76) (6.01) 

# Co-Manager -0.061 -0.065 0.014 0.012 0.045*** 0.037** 

 (-1.67) (-1.51) (0.78) (0.65) (2.71) (2.21) 

Ln Proceeds 0.198*** 0.194*** -0.011 -0.017 -0.278*** -0.291*** 

 (4.46) (4.39) (-0.28) (-0.42) (-5.53) (-5.64) 

Percentage Sold   -1.371*** -1.347*** -1.306*** -1.225*** 

   (-5.24) (-5.13) (-4.80) (-4.44) 

VC Dummy -0.974*** -0.977*** -0.067 -0.065 -0.095 -0.091 

 (-11.78) (-11.80) (-0.81) (-0.78) (-1.11) (-1.05) 

Ln (1+ Age)   0.007 0.006 0.015 0.013 

   (0.16) (0.14) (0.32) (0.28) 

NASDAQ 30 day Return -0.736** -0.728**     

 (-2.05) (-2.02)     
Industry and Year Fixed 

Effects 
Y Y Y Y Y Y 

Constant -1.992*** -2.011*** -0.093 -0.053 4.290*** 4.381*** 

 (-3.85) (-3.87) (-0.10) (-0.06) (3.49) (3.57) 

Pseudo R-sq 0.306 0.306 0.113 0.113 0.067 0.068 

N 2,110 2,110 1,531 1,531 1,550 1,550 

The results in models (1)–(2) of Table 5-7 indicate that issues which are backed by MLUs 

are less likely to be withdrawn. In models (3)–(4), we find that MLUs positively affect 

the decision to conduct a subsequent SEO, although the relation is not significant at the 

10 percent level after controlling for other factors (especially when we control for year 
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fixed effects). Interestingly, in models (5)–(6), we find that the firms that employ MLUs 

during the IPO conduct significantly large SEOs compared to firms that are backed by 

SLUs. Taken together, these results suggest that although firms that employ MLU 

syndicates during their IPOs do not always conduct an SEO, they do, however, conduct 

a significantly larger SEO when they come back to the market a second time. 

Consistent with the findings of Busaba, Benveniste, and Guo (2001), the results of the 

control variables in models (1)–(2) indicate that VC-backed firms and issuers that 

announce IPO in the midst of a hot market are less likely to withdraw their offering. The 

coefficients on the number of co-managers are negative although insignificant at 10 

percent, suggesting that co-managers do not significantly influence the withdrawal 

probability. Further, larger offerings and highly reputed underwriter-backed IPOs exhibit 

higher probability of withdrawal. Our results in model (3)–(6) suggest that IPOs managed 

by lead underwriters with a high reputation and IPOs with larger co-managing syndicates 

tend to raise more capital from a subsequent SEO, while firms that conduct larger IPOs 

and IPOs where insiders sold a higher percentage of shares tend to conduct smaller SEOs.  

5.7.3 Flotation Costs 

Is it more costly to employ an MLU syndicate? We address this question by investigating 

the impact of MLUs on the cost of going public by considering the underwriting fee (gross 

spread) and offer delays. The gross spread generally represents the direct cost to the 

issuers, while offer delays may cause indirect cost to the issuers. For instance, due to offer 

delays, an IPO firm may lose valuable investment opportunities or may even need to 

source short-term funds at a higher cost (Lee & Masulis, 2009; Pástor & Veronesi, 2005). 

Chen and Ritter (2000) suggest a “seven percent solution,” that is, that the gross spread 
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of underwriting in the US IPO market is clustered at seven percent. However, the ex-ante 

anticipated relation between underwriting fee and MLUs seems ambiguous. On one hand, 

it can be argued that as MLUs are more often associated with larger and less risky firms, 

MLU-backed IPOs can negotiate a lower fee due to the lower underwriting risk for the 

underwriters. On the other hand, as underwriting fees are shared among syndicate 

members, it is also reasonable to argue that underwriters are likely to demand higher fees 

when acting as MLUs. 

Similarly, we do not have a clear prediction of the impact of MLUs on the offer delays. 

One key economic benefit of the larger syndicate is efficient use of resources and 

economies of scope in information production, which in turn should reduce the lead-time 

in MLU-backed IPOs. Further, since syndicate members can divide the responsibilities 

of key tasks, underwriters can work concurrently on several tasks, which may also speed 

up the listing process (Tunick, 2004a).57 On the other hand, since the deal complexity 

often increases with the offer size (Krishnan, Masulis, Thomas, & Thompson, 2012), 

underwriters may need to conduct rigorous due diligence in MLU-backed IPOs. 

Therefore, MLU-backed IPOs are more likely to require additional time for extensive due 

diligence. Delays may also be on account of poor coordination and negotiation between 

the syndicate members.58 To empirically address these predictions, we use the following 

OLS regression model: 

                                                 

57 For example, in the recent IPO of the Alibaba Group, each of the six lead underwriters was assigned a 

specific task. According to Jeon et al. (2015), Credit Suisse and Morgan Stanley were responsible for the 

IPO prospectus, while JPMorgan and Goldman worked on the offering structure and communicating with 

existing shareholders, and Deutsche Bank and Goldman were responsible for legal and due diligence. 
58 For example, Picker (1998, p. 30) cites an investment banker who claims that "for every minute spent 

negotiating the gross spread with the client, we probably spend well over 20 times negotiating the split of 

the gross spread among the various underwriters and co-managers.” 
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𝐹𝑙𝑜𝑡𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡/ 𝑂𝑓𝑓𝑒𝑟 𝐷𝑒𝑙𝑎𝑦𝑠 

= 𝛼 + 𝛽1 𝑀𝐿𝑈 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 + ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(5.12) 

where the dependent variable is either gross spread or offer delays. Following Chen and 

Ritter (2000) and Kutsuna and Smith (2004), we calculate gross spread as the ratio 

between total underwriting fee and issue proceeds (excluding overallotment). As in Bouis 

(2009) and Jeon and Ligon (2011), we use the length of the registration period as the 

proxy for offer delays. We calculate the length of the registration period as the log of the 

number of days between the filing date and the effective IPO date.59 As before, we use 

the binary (MLU dummy) and continuous (number of lead managers) specifications of 

the syndicate structure. We also include underwriter reputation, number of co-managers, 

log of IPO proceeds, VC-backed dummy, log of firm age, percentage shares sold, hot 

market dummy, NASDAQ 90 day return before filing, and control for industry and year 

fixed effects, in order to control for the characteristics of issues and syndicates that may 

affect the dependent variables. To address endogeneity in MLU selection, we also 

estimate IV regression, as in Section 5.4.5.2. The results in Models (1)–(4) use gross 

spread as the dependent variable, and models (5)–(7) use offer delays as the dependent 

variable. 

The results in model (1) suggest that the underwriting gross spread is not significantly 

different between SLU-backed IPOs and MLU-backed IPOs. However, the coefficient of 

the number of lead managers in model (2) is negative and significant at 1 percent, 

indicating a strong negative impact of syndicate size on gross spread. This difference may 

be driven by the significantly lower gross spread in the larger offering. For example, in 

                                                 

59 Following Ertugrul and Krishnan (2014), we exclude the IPOs where the offering delay is zero, i.e., if 

the reported filing date is similar to the listing date.  
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the recent IPOs of Facebook Inc and Alibaba Group Holding, the underwriting gross 

spread were 1.1 percent and 1.2 percent, respectively, which is significantly lower than 

the standard gross spread of 7 percent.  

Table 5-8 MLU and Flotation Cost 

This table reports the results of the OLS and 2SLS analysis of the effects of MLUs on initial return and 

gross spread. The sample includes 1,555 IPOs from 1999 to 2012. Time to list is calculated as the log of 

number of days between the filing date and the offer date. All the regressions include dummy variables for 

each offer year and for industries defined in the Fama-French 48 industry classification. All regressions use 

White heteroskedasticity robust standard errors. The t-values are reported in parentheses. ***, **, and * 

indicate significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) (7) 
  Gross Spread Offer Delay 

 OLS IV OLS IV 

MLU Dummy -0.035 
  

0.313 0.054 
 

0.565***  
(0.40) 

  
(0.22) (0.23) 

 
(0.01) 

# Lead Manager 
 

-0.157*** -0.010 
  

0.002 
 

  
(0.00) (0.69) 

  
(0.91) 

 

LM CM Rank -0.088*** -0.087*** -0.120*** -0.121*** -0.062*** -0.060*** -0.084***  
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

# Co Manager -0.095*** -0.089*** -0.006 -0.037** -0.007 -0.008 0.004  
(0.00) (0.00) (0.63) (0.02) (0.35) (0.29) (0.70) 

Ln Proceeds -0.195*** -0.154*** -0.065** -0.219*** 0.025 0.031 -0.027  
(0.00) (0.00) (0.02) (0.00) (0.30) (0.22) (0.35) 

Percentage Sold -0.109 -0.198 -0.003 -0.013 0.130 0.128 0.116  
(0.53) (0.26) (0.99) (0.94) (0.30) (0.31) (0.36) 

Ln Age -0.061** -0.057** -0.028 -0.046* 0.041* 0.041* 0.041*  
(0.02) (0.03) (0.25) (0.07) (0.10) (0.10) (0.09) 

VC Dummy 0.026 0.014 0.033 0.072* 0.033 0.031 0.050  
(0.56) (0.76) (0.42) (0.09) (0.47) (0.50) (0.29) 

Abs Revision 
    

-0.306 -0.304 -0.313*      
(0.11) (0.11) (0.10) 

Hot Market 

Dummy 

0.055 0.053 0.068 0.091 0.002 -0.002 0.036  
(0.37) (0.38) (0.23) (0.14) (0.98) (0.98) (0.59) 

NASDAQ 90 day 

Return 

0.006 -0.048 -0.119 -0.025 -0.126 -0.130 -0.090  
(0.97) (0.76) (0.40) (0.87) (0.46) (0.45) (0.60) 

Industry and Year 

Fixed Effects 

Y Y Y Y Y Y Y 

Constant 10.566*** 10.108*** 8.077*** 10.772*** 4.021*** 3.928*** 4.814***  
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

Adj. R-sq 0.318 0.339 0.153 0.224 0.110 0.109 0.033 
N 1,518 1,518 1,364 1,489 1,547 1,547 1,533 

To account for the gross spread difference in larger IPOs, in model (3), we re-estimate 

the regression model by excluding the top 10 percent largest IPOs in our sample (IPOs 
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with proceeds greater than $300 million dollars). Contrary to the results in model (2), the 

coefficient of the number of lead managers becomes insignificant. These results suggest 

that MLUs charge similar underwriting fees, except for the largest issues. Additionally, 

our results remain qualitatively and statistically similar with the IV method (model (4)).  

Next, we examine whether MLUs cause offer delays to the issuers. The results in models 

(5)–(6) show that the MLU dummy and number of lead managers are positively related 

to the length of the registration period, although the estimates are not significant at 

conventional significance levels. However, the IV estimates in model (7) indicate a 

positive and significant relation at one percent level, after controlling for endogeneity on 

syndicate selection. These results indicate that MLU-backed IPOs are more likely to have 

longer offer delays than SLU-backed IPOs. Collectively, our empirical results suggest 

that, while MLU backed IPOs do not have higher gross spread for average issuers, they 

do require additional time to complete the issue.  

5.8 Conclusion 

In this paper, we examine the influence of multiple lead underwriters (MLUs) in IPOs, a 

new organisational form for underwriters which has become the unwritten norm since the 

late 90s. Building upon the roles traditionally assigned to underwriters, we propose two 

contrasting roles of MLUs in the IPO pricing. On the one hand, MLUs may use their 

superior information production to strengthen the credibility of the issuers and provide 

certification to the IPO. Alternatively, MLUs may use their enhanced market power 

opportunistically to maximise their own benefit. We test the validity of these roles using 

a dataset of 1,555 US IPOs during the 1999–2012 period. 
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Our results indicate that MLUs price the offer closer to the firm’s intrinsic value. We also 

find that MLU-backed IPOs are associated with lower initial returns, lower variability of 

initial returns and better long-term performance. Taken together, our empirical findings 

are consistent with the certification role of MLUs. Our results are also robust to the 

endogeneity of syndicate structure. The relation between MLUs and pricing, however, is 

non-linear, which we argue is on account of information free-riding in larger syndicates. 

Our results also indicate that issuers may employ underwriting syndicates with MLUs, 

due to the low ex-ante withdrawal risk in IPOs managed by MLUs, and due to their 

intention to conduct larger secondary equity offerings. Finally, we find that while MLUs 

charge similar gross spread as SLUs charge for moderate size issuers, they do require 

additional time to complete the offering. In sum, the structural change in the IPO 

underwriting market is in the best interests of the issuers and investors.  
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 : Multiple Lead Underwriter IPOs and Heterogeneous Beliefs 

This chapter includes a co-authored paper. The bibliographic detail of the co-authored 

paper, including all authors, is:  

 

Vithanage, K., Chung, R., & Neupane, S. (2017). Multiple Lead Underwriter IPOs and 

Heterogeneous Beliefs, under review at Financial Management.  

 

My contribution to the paper involved: 

 

“Generation of the research idea through extensive literature review; development of the 

theoretical framework and hypotheses; identification of the research models and relevant 

data; the data collection and organization into a usable format; STATA programming and 

analysis of the results; interpretation and discussion of the results; and the write up of the 

complete paper” 
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6.1 Introduction  

The influence of investors’ heterogeneous beliefs on asset prices has received much 

attention in the theoretical and empirical finance literature.60 Initially proposed by Miller 

(1977), this strand of research provides both theoretical and empirical support for the idea 

that, under short-sales constraints, higher divergence of investor opinion leads to short-

term overvaluation of asset prices and lower long-run returns (Berkman, Dimitrov, Jain, 

Koch, & Tice, 2009; Boehme, Danielsen, & Sorescu, 2006; Diether, Malloy, & 

Scherbina, 2002). Studies also suggest that the impact of investor heterogeneity is more 

pronounced in assets with higher levels of information constraints, such as initial public 

offerings (IPOs). Consistent with this explantation, Houge, Loughran, Suchanek, and Yan 

(2001), Loughran and Marietta-Westberg (2005), and Gao, Mao, and Zhong (2006) show 

that investors’ heterogeneous beliefs cause short-run overreaction and long-run 

underperformance in IPOs. Whilst the impact of investor heterogeneity on IPO 

performance has attracted considerable interest, we still know very little of what factors 

influence the level of investor heterogeneity across IPO firms.61 We attempt to fill this 

gap by examining whether the size of the lead underwriting syndicate influences investor 

heterogeneity in IPO firms.  

The US IPO market has undergone significant changes since the late 1990s.62 One 

important change relates to the prominent use of underwriting syndicates involving 

                                                 

60 Investor heterogeneity arises due to differences in opinion among market participants regarding the 

underlying value of the assets. As is conventional in the literature, we use the terms “investor heterogeneity” 

and “divergence of investor opinion” interchangeably throughout the paper.  
61 One notable exception is the work by Chemmanur and Krishnan (2012), which investigates the impact 

of underwriter reputation on investor heterogeneity for the 1980-2000 period.  
62 Gao et al. (2013) provide a comprehensive review of the changes in the US IPO market. 
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multiple lead underwriters (MLUs, hereafter) (Hu & Ritter, 2007; Jeon et al., 2015). In 

this context, the findings of some recent studies suggest that larger syndicates allow 

underwriters to jointly produce and disseminate more information about the IPO firm by 

utilising their networks and capability pooling. Corwin and Schultz (2005) and Hu and 

Ritter (2007), for instance, suggest that MLUs produce additional information during the 

bookbuilding stage. The findings in Jeon et al. (2015) suggest that IPOs backed by MLUs 

have more public information, as these IPOs have higher pre-IPO media coverage. Cliff 

and Denis (2004), Corwin and Schultz (2005), and Loughran and Ritter (2004) show that 

adding members to the underwriting syndicate leads to an increase in analyst coverage. 

Corwin and Schultz (2005) also argue that a larger lead underwriting syndicate 

disseminates information about the IPO to a wider group of prospective investors across 

various geographic regions.  

In the context of investors’ heterogeneous beliefs, Daniel et al. (1998) suggest that 

heterogeneity occurs due to investors’ overconfidence in their private information. In a 

related work, Hirshleifer (2001) posits that investor overconfidence in private 

information is greater either when information is scarce, or when accurate feedback on 

the firm’s fundamentals is unavailable. Consistent with this idea, Foster and Viswanathan 

(1990) and Verrecchia (1982) show that when more information is available in public 

channels, investors tend to rely more on public information and ascribe less value to their 

own private information. Thus, if more information production and dissemination indeed 

reduces investors’ overdependence on their private information, then this should 

consequently lead to a reduction in divergence of opinion among investors. Hence, given 

the ability of MLUs to produce and disseminate more information, we hypothesise that 

MLU-backed IPOs should be associated with lower heterogeneous beliefs.  
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We further argue that lower levels of divergence of opinion in MLU-backed IPOs should 

also be reflected in the secondary market performance of these firms. Miller’s 

(1977) theory argues that when investors disagree on the value of a stock, and under short-

sales constraints, only optimistic investors will purchase the shares, resulting in upwards 

bias in share price. Therefore, on account of lower divergence of opinion in MLU-backed 

IPOs, we hypothesise that MLU-backed IPOs should exhibit lower short run overreaction 

(underpricing) compared to SLU-backed IPOs. Further, once the short-sales constraints 

are relaxed over time, MLU-backed IPOs should exhibit better abnormal holding return 

compared to their SLU counterparts.  

To assess the effect of MLU on investor heterogeneity and IPO firm performance, we use 

a sample of 1,555 US IPOs issued during January 1999 to December 2012. We employ 

three market-based measures of divergence of opinion: effective spread, return volatility, 

and dispersion in analyst coverage. Prior research argues that market spread, such as 

effective spread, captures the differences of opinion between the most optimistic and 

pessimistic investors (Handa, Schwartz, & Tiwari, 2003; Houge et al., 2001). Following 

Gao et al. (2006) and Shalen (1993), we use stock return volatility as a measure of 

divergence of opinion, as price variability captures the dispersion of expectations among 

investors. In both univariate and multivariate analyses, we find that all the measures of 

investor heterogeneity are significantly lower in IPOs backed by MLUs. The differences 

are both economically as well as statistically significant, and provide strong support to 

our hypothesis that MLUs should reduce investor heterogeneity of IPO firms. As a further 

support of our evidence, we find that MLU backed IPOs not only exhibit significantly 

lower underpricing on the first trading day, but also experience higher abnormal holding 

return relative to SLU-backed IPOs after the relaxation of short sales constraints. We also 
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find that, compared to MLU-backed IPOs, SLU-backed IPOs experience in higher 

reduction in investor heterogeneity during first trading year, which leads to poor long-run 

performance. Taken together, these results are consistent with our predictions and provide 

support for Miller’s (1977) theory. 

We perform several additional tests to rule out several alternative explanations for the 

findings. Since the choice of the underwriting syndicate structure may influenced by the 

preference of issuers, one may be concerned that our empirical findings are vulnerable to 

an endogeneity bias. For instance, while larger firms are more likely to employ 

underwriting syndicates with MLUs, they may also exhibit narrow market spreads and 

lower volatility due to lower ex-ante information asymmetry. To alleviate this concern, 

we show that our results are robust to any other self-selection, and omitted variable biases 

by using propensity score matching methodologies and instrumental variable approach.  

One could argue that the negative relation between investor heterogeneity and size of lead 

underwriter syndicate is due to liquidity effect or pre-offer marketing activities, rather 

due to the information production, as argued above. For instance, prior research suggests 

that higher liquid stocks have lower effective spreads and lower trading volatility 

(Hendershott & Riordan, 2013). Moreover, the literature also demonstrates that   

underwriters’ marketing activities can reduce differences of opinion among investors 

(Berkman et al., 2009; Tetlock, 2010), while Jeon et al. (2015) report that MLU-backed 

IPOs have higher pre-market market media coverage compared to SLU-backed IPOs. To 

examine these alternative explanations, we re-estimate our results by removing the 

liquidity effect and marketing activities from our heterogeneity measures. Our results are 

robust even after accounting for these alternative explanations.  We also find that our 
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conclusions are robust to firm size, financial leverage, exchange of listing, market 

conditions and alterative measurement periods. 

Finally, to provide further support to our findings, we demonstrate that information 

channels indeed enable MLUs to achieve lower investor heterogeneity. Bajo et al. (2016) 

and Chuluun (2015) demonstrate that underwriters who are centrally positioned within 

the peer network are able to produce and disseminate more information regarding the 

offering. Using network centrality as a proxy for underwriters’ ability to produce and 

disseminate information, we find that MLUs with higher network centrality can achieve 

a larger reduction in investor heterogeneity. These results, together with our earlier 

finding, suggest that MLUs play an important role in reducing divergence of investor 

opinion in IPOs. 

Our paper makes two important contributions to the literature. Our first contribution is to 

the literature on investor heterogeneity in IPOs. Using a comprehensive set of investor 

heterogeneity proxies, we document a robust relationship between the size of the lead 

underwriting syndicate and divergence of opinion among investors. Our study adds to the 

relatively sparse literature that examines factors influencing the level of investor 

heterogeneity across firms (Chemmanur & Krishnan, 2012; Jiao et al., 2013; Jiao & Yan, 

2015). Whilst the prominent use of multiple lead underwriting syndicates is, perhaps, an 

outcome of the structural shift in the IPO underwriting market since the late 1990s, we 

find clear and robust evidence of lower investor heterogeneity in IPO firms that are 

backed by an MLU syndicate.  

Second, our study complements and extends the growing literature on IPO underwriting 

syndicates. Several related studies suggest that, by employing larger underwriting 



 

 

156 

syndicates, firms can achieve higher information production (Corwin & Schultz, 2005), 

bargaining power (Hu & Ritter, 2007) and improved visibility (Jeon et al., 2015). We add 

to this literature by showing that firms that employ MLU syndicates experience lower 

investor heterogeneity. These results also complement our findings in Chapter(4) that 

MLU-backed IPOs are less overvalued at the offer price than SLU-backed IPOs are. 

Overall, this study provides further empirical support for Miller’s theory (1977) on the 

impact of heterogeneity of investor belief on asset pricing in the relatively less explored 

IPO setting.  

The rest of this paper is organised as follows. Section 6.2 discusses the related literature, 

while Section 6.3 formulates our hypotheses. Section 6.4 describes our data, sample 

selection procedure and methodology. Section 6.5 and 6.6 report the results for the main 

hypothesis and discuss some robustness tests. We conclude in Section 6.7. 

6.2 Literature Review  

In this section, we review two strands of literature that are relevant to our study. The first 

strand relates to the role of investor heterogeneity in security pricing. The second strand 

relates to the literature on IPO underwriting syndicates, which has received attention in 

recent times.  

Miller (1977) provides an early theoretical relationship between investor heterogeneity 

and security pricing; he shows that in the presence of heterogeneity and short-sales 

constraints, the opinion of only the most optimistic investor is reflected in the stock 
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price.63 This results in an initial upward bias or overvaluation in the security price, and a 

gradual reduction of price over time due to relaxation of short sale constraints and 

information realisation. In other words, Miller’s (1997) theoretical framework shows that 

greater divergence in investor beliefs about the firm’s true value will lead to short-run 

overvaluation and long-run underperformance . 

Several papers provide empirical evidence that supports Miller’s (1997) theory. Using 

dispersion in analyst forecasting as a measure of investor heterogeneity, Diether et al. 

(2002) show that stocks with high levels of dispersion are associated with lower returns. 

Similarly, Boehme et al. (2006) and Berkman et al. (2009) find that stocks with higher 

turnover and higher return volatility (both proxies of investor heterogeneity) have short-

run overvaluation and long-run underperformance. Similarly, Chen, Hong, and Stein 

(2002), using breadth of mutual fund ownership as a proxy for the heterogeneity in fund 

managers’ opinions, and Lee and Swaminathan (2000), using momentum and trading 

volume as proxies for investor heterogeneity, find evidence that is consistent with 

Miller’s (1997) theoretical prediction.  

In general, IPO firms provide an ideal setting to test Miller’s (1977) predictions for two 

key reasons. First, the theoretical requirement of constraint on short selling is met, as 

short selling is not possible prior to the listing. Further, due to stock lending restrictions 

imposed by both the National Association of Securities Dealers (NASD) and Securities 

                                                 

63 Miller’s (1977) original argument is based on a simple static model that only considers an environment 

with one risk-free bond and one risky stock. Following Miller’s (1977) work, Harrison and Kreps (1978), 

Harris and Raviv (1993), Basak (2005) and Hong, Scheinkman, and Xiong (2006) develop dynamic asset 

pricing models in which divergence of investor expectations on a firm’s prospects leads to over valuation 

for its stock during the short-run. 
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and Exchange Commission (SEC), short-sale constraints also exist for IPO shares for the 

first thirty trading days following the listing date (Houge et al., 2001). Second, due to the 

non-standardised nature of the offering, most of the market participants, including the 

issuer, investors, analysts and underwriters, are likely to be uncertain about the underlying 

value of the firm as well as its future performance, resulting in heterogeneous 

expectations.  

In the context of IPOs, several papers have examined the relation between investor 

heterogeneity and IPO performance. Houge et al. (2001) (using percentage bid-ask 

spread, time of first trade, and flipping ratio) and Loughran and Marietta-Westberg (2005) 

(using average daily turnover) provide empirical support for IPO firms’ short-term and 

long-term performance that is consistent with Miller’s (1977) predictions. Similarly, Gao 

et al. (2006) (using return volatility) and Chemmanur and Krishnan (2012) (using volume, 

turnover and number of trades) provide evidence of the negative relation between investor 

heterogeneity and long-run IPO returns.64 

The second strand of literature related to our study, which has only received attention in 

recent times, is the literature on IPO underwriting syndicates. Corwin and Schultz (2005) 

examine the role of the IPO underwriting syndicate and show that larger underwriting 

syndicates perform several important roles. They find that larger syndicates not only 

produce additional information during the bookbuilding period, but also provide 

additional certification to the issue. Moreover, they show that each additional syndicate 

                                                 

64 Consistent with Miller's (1977) prediction, Ritter (1991), Loughran and Ritter (1995) and Purnanandam 

and Swaminathan (2004)) provide indirect evidence for short-term over-valuation and long-run 

underperformance of IPO firms. 
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member leads to an increase in the number of analysts and market makers. In a related 

paper, Hu and Ritter (2007) demonstrate that an MLU underwriting syndicate provides 

higher bargaining power to the issuer, which results in higher offer price and lower 

underpricing. The findings of a recent study by Jeon et al. (2015) suggest that MLUs have 

more public information, as they provide greater visibility to the IPO firm as well as 

enable IPO firms to expand their investor base. Our paper adds to this stream of research 

by examining whether MLUs influence the level of investor heterogeneity in IPO firms, 

and consequently, their performance.  

6.3 Hypothesis Development  

The findings of recent studies on IPO underwriting syndicates suggest that larger 

underwriting syndicates such as MLUs offer higher information advantage to the IPOs 

they manage. For instance, Corwin and Schultz (2005) and Hu and Ritter (2007) find that 

offer prices are more likely to be revised away from the midpoint of the initial filing range 

for IPOs underwritten by a large underwriting syndicate. With access to one another’s 

network of contacts and investor base as well as the capacity to pool more resources, it is 

evident that MLU underwriting syndicates are likely to produce and gather more 

information during due diligence and in the bookbuilding process.  

In addition to improved information production, a larger syndicate also allows 

underwriters to gather as well as disseminate information about the IPO to a wider group 

of prospective investors. As different underwriters specialise in different client segments 

across various geographic regions, a larger underwriting syndicate has access to a diverse 

group of potential investors (Corwin & Schultz, 2005). In this context, Jeon et al. (2015) 

report that a larger syndicate improves the pre-IPO media coverage, with MLU-backed 
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IPOs experiencing nearly 90 percent higher media coverage than single lead underwriter-

led IPOs (SLU-backed IPOs) during the registration period. This is important, as Fang 

and Peress (2009) show that improved media attention eases informational friction for 

investors, even when the news is not genuine. Cliff and Denis (2004), Loughran and Ritter 

(2004), and Corwin and Schultz (2005) also provide evidence that a larger underwriter 

syndicate leads to an increase in analyst coverage in the post-listing period.  

Improved information production and better dissemination should enable underwriters to 

reduce the residual information in the market (Ellul & Pagano, 2006), which, in turn, 

should make investors less dependent on their private information. This is important, as 

prior studies show that investor heterogeneity increases when investors rely more on their 

private information, which they do either because information about the firm is scarce, or 

because there is no feedback on the firm’s fundamentals (Daniel et al., 1998; Hirshleifer, 

2001). Since an MLU underwriter syndicate is likely to produce and disseminate more 

information, we can expect investors in MLU IPOs to rely less on their private 

information, which should lead to a reduction in investor heterogeneity. Thus, our first 

hypothesis is as follows:  

Hypothesis 6.1: Other things being equal, MLU-backed IPOs exhibit less 

divergence in investor beliefs than do SLU-backed IPOs.  

A direct outcome of Miller’s (1977) theory is that IPOs with higher levels of investor 

heterogeneity should have a higher level of underpricing, as the optimistic investors 

dominate the initial secondary market price, while pessimistic investors are more likely 

to be inactive due to short sale restrictions. Moreover, Miller (1977) suggests that an 

initial overvaluation due to divergence of opinion gradually corrects over time with the 
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relaxation of short-sales constraints. As discussed before, underwriting syndicate 

members are not allowed to lend shares for short sales in the first 30 days; however, it is 

commonly believed that short-sales constraints extend further due to the scarcity 

of lendable shares (Gao et al., 2006; Houge et al., 2001; Patatoukas, Sloan, & Wang, 

2016). Duffie, Garleanu, and Pedersen (2002) and Geczy, Musto, and Reed (2002) show 

that IPO shares are initially very costly (on average 3% fee) due to supply limitations, 

and the shorting costs significantly decline (on average 1% fee) subsequent to lockup 

expirations. Upon the IPO lockup expiration, insiders are allowed to sell or lend their 

shares to short sellers, which effectively relaxes the short sale constraints (Duffie et al., 

2002; Hong et al., 2006). Therefore, price convergence should be accelerated at the end 

of lockup expiration. Consistent with this view, several empirical studies demonstrate 

that IPOs regularly underperform and exhibit less divergence of options at the expiration 

of the lockup period (Aggarwal et al., 2002; Bradley, Jordan, Yi, & Roten, 2001; Field & 

Hanka, 2001; Jiang, Peterson, & Doran, 2014). Following these arguments, if MLU-

backed IPOs have less divergence in investor beliefs than SLU-backed IPOs do, we 

predict that MLU-backed IPOs should have lower underpricing and better abnormal 

performance after the lockup expiry. We hypothesise the following: 

Hypothesis 6.2a: Other things being equal, MLU-led IPOs should have lower 

underpricing than SLU-backed IPOs.  

Hypothesis 6.2b: Other things being equal, MLU-led IPOs should have higher 

abnormal performance after the lockup expiry than SLU-backed IPOs.  
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6.4 Data and Variables 

6.4.1 Data Sources 

Our sample covers IPOs of common stock of US firms from January 1999 to December 

2012.65 Our initial source of data is Thomson Financial SDC Platinum New Issues 

Database (SDC) and changes are made using the corrections from Jay Ritter’s IPO 

database.66 We obtain data on the financial information from COMPUSTAT and trading 

data from the Centre for Research in Security Prices (CRSP) and Bloomberg databases. 

We obtain analysts’ earnings forecast data from the Thomson Reuters' Institutional 

Brokers Estimate System (I/B/E/S). The founding dates of the IPO firms and Carter and 

Manaster (1990) underwriter reputation data are obtained from Jay Ritter’s IPO database. 

Fama-French factors are obtained from Kenneth R. French’s website.67 

In line with the prior literature (see e.g. Loughran & Ritter, 2004), we exclude the 

following IPOs: firms not registered on the COMPUSTAT at least one fiscal year prior 

to the listing; firms that are not listed on CRSP within one day from the listing date; 

financial companies (SIC codes 6000–6999); American depository receipts (ADRs); non-

ordinary shares; real estate investment trusts (REITs); closed-end fund shares; unit 

offerings; IPOs with an offer price of less than five dollars; and firms with missing data 

for prior listing sales and venture capitalist investors. We use share codes from CRSP 

instead of SDC classifications to apply these filters (share codes 10 and 11). Our final 

                                                 

65 We start the sample period from January 1999, as prior to that a majority of the IPOs were backed only 

by a single lead underwriter.  
66 Accessed via http://site.warrington.ufl.edu/ritter/ipo-data/ 
67 Accessed via http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 

http://site.warrington.ufl.edu/ritter/ipo-data/
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.
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sample consists of 1,555 IPOs. To minimise the impact of the potential outliers, all the 

variables are trimmed at 1 percent level at each tail end. 

6.4.2 Measurement of Variables 

We provide a detailed review of all the variables used in this study along with the data 

sources in Appendix 1. Appendix 2 presents the Pearson correlation for the key variables 

used in this study. Our key variables are discussed below.  

6.4.2.1 Investor Heterogeneity Measures 

Since heterogeneous belief is related to investor cognition, and, as a single proxy may not 

be able to precisely capture investor heterogeneity (Berkman et al., 2009), we use three 

different proxies (effective spread, return volatility, and dispersion of analyst earnings 

forecasts) to ensure that the relationships are robust for proxy selection. These proxies 

have been widely used both in the context of IPOs (Gao et al., 2006; Houge et al., 2001) 

as well as in other settings to measure heterogeneity in investor beliefs (Berkman et al., 

2009; Boehme et al., 2006; Diether et al., 2002). 

Our first heterogeneity proxy is percentage effective spread, which captures investor 

heterogeneity arising from information asymmetry. Several market microstructure studies 

argue that disagreements among investors result in widening the market spread 

(Copeland & Friedman, 1987; Glosten & Milgrom, 1985). In other words, market spread 

reflects the level of divergence of belief between the most optimistic and pessimistic 

investors (Handa et al., 2003; Houge et al., 2001). The effective spread for each firm is 

calculated as twice the absolute difference between the share price and the midpoint of 

the bid-ask spread, divided by the midpoint of the bid-ask spread (Lobanova, Hamid, & 
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Prakash, 2011). We calculate the average effective spread for each firm using daily 

closing data over the 100 trading day estimation window, excluding the first trading day.  

Our second proxy for investor heterogeneity is the stock return volatility. Diether et al. 

(2002), Gao et al. (2006) and Boehme et al. (2006) argue that greater stock return 

volatility indicates a larger degree of dispersion of expectations among investors 

regarding future market prices; hence, stock return volatility can be used as an effective 

proxy for investor heterogeneity. We calculate stock return 

volatility as the standard deviation of daily stock returns of the IPO firm over the 100 

trading day estimation window, excluding the first trading day.  

Diether et al. (2002) and Boehme et al. (2006) use dispersion of analyst earnings forecasts 

as a proxy for divergence of opinion in non-IPO stocks. They argue that a wide dispersion 

in the analyst forecasts suggests a higher degree of heterogeneity among analysts. 

Following Diether et al. (2002), we calculate dispersion as the standard deviation of 

earnings forecasts divided by the absolute value of the mean earnings forecast. We use 

long-term EPS forecast as analysts tends to disagree more on the long-term growth 

potential of the firms. We limit our sample to IPO firms with at least three earnings 

forecasts within twelve months of the listing date. As a results, only 53 percent of our 

sample firms have dispersion of analyst earnings forecasts.  

6.4.2.2 Abnormal Performance Measure 

We use buy and hold abnormal return (BHAR) as our abnormal returns measure. Barber 

and Lyon (1997), and Lyon, Barber, and Tsai (1999) argue that the BHAR is an 

appropriate estimator for long-term abnormal returns, as it accurately represents the 
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investor experience. Follwing Ritter (1991) and Carter et al. (1998), we calculate the 

market adjusted return by subtracting the CRSP value-weighted market returns from the 

raw return for the respective time period. As the lockup expiration effectively relaxes the 

short-sale constraints in IPOs (Duffie et al., 2002; Hong et al., 2006; Patatoukas et al., 

2016), we measure abnormal return for the period starting ten trading days before to 

twenty trading days after the lockup expiration. This short measurement window not only 

alleviates measurement errors, but also mitigates concerns that the abnormal returns may 

be significantly influenced by firm characteristics. 

6.4.2.3 Underwriting Syndicate and Reputation Measures  

Our underwriter syndicate data is obtained from Thomson SDC. For each IPO, SDC 

categorises the underwriting syndicate members into six roles: book manager, joint book 

manager, joint lead manager, co-manager, syndicate member, or global lead managers. 

Following Corwin and Stegemoller (2014) and Lowry, Michaely, and Volkova (2017), 

we classify book managers, joint book managers and joint lead managers as “lead 

underwriters,” co-managers as “co-managers,” and syndicate members as “non-managing 

members.” We use Megginson and Weiss’s (1991) measure of underwriter reputation as 

the proxy for lead underwriter quality, which is based on relative market share of 

underwriters estimated over a three-year period prior to the listing year. For IPOs with 

MLUs, we split the proceeds equally among all lead underwriters.  

6.4.2.4 Network Centrality 

Following Bajo et al. (2016) and Chuluun (2015), we use degree and eigenvector as the 

underwriter network centrality measures. Degree, which is arguably the simplest 
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centrality measure, indicates the number of ties possessed by a specific underwriter in the 

peer network. In other words, degree represents the number of syndicate members whom 

underwriters have worked with in the past. Our second centrality measure is eigenvector, 

which is a recursive measure of degree. While degree centrality measures the number of 

connections in the peer network, eigenvector also takes into account that connections to 

actor who are more influential (i.e., central) in the network should be valued more than 

connections to actors who are less influential (Bonacich, 1972). Using UCINET 6 

(Borgatti, Everett, & Freeman, 2002), we calculate the centrality measures by considering 

the IPO underwriting syndicates in which that lead underwriter has participated in the 

previous four years. For example, we calculate network centrality for each underwriter in 

2012 based on their connections established during 2008–2011. Following Chuluun 

(2015), we exclude non-managing underwriters when creating network centrality, as they 

have a minor role in the information production and dissemination process. For 

underwriting syndicates with MLUs, we calculate the average centrality of the syndicate. 

6.4.3 Summary Statistics  

Table 6-1 presents the summary statistics of the variables used in this study for the overall 

sample (Columns 2 & 3), and separately for SLU-backed IPOs (Columns 4 &5) and 

MLU-backed IPOs (Columns 6 & 7).  

Panels A and B of Table 6-1 present the descriptive statistics related to firm and issue 

characteristics respectively. For the overall sample, median sales are around $46.67 

million, median net income is $-3.44 million, median proceeds is $72.00 million, and 

median firm age is eight years. Consistent with Loughran and McDonald (2013), on 

average 37 percent of our IPO firms report positive earnings prior to listing, and about 52  



 

 

167 

Table 6-1 Descriptive Statistics 

This table reports the descriptive statistics for the sample of 1,555 IPOs from 1999 to 2012. SLU-backed IPOs are the 

IPOs underwritten by a single lead manager. MLU-backed IPOs are the IPOs underwritten by more than one lead manager. 

All the variables are defined in Appendix 1. All accounting data are for the fiscal year prior to the IPO. The last two 

columns of this table report the p-values for the t-test and Wilcoxon rank-sum test.  

  Overall (N=1,555) SLU-backed IPOs (N=840) MLU-backed IPOs (N=715) 

  Mean Median Mean Median SD Mean Median SD 

Panel A: Firm Characteristics         

Sales  522.13 46.67 174.33 22.07 1185.80 933.32*** 137.76*** 4812.24 

Net Earnings  67.64 -3.44 -6.98 -4.46 44.82 156.85***   -0.68*** 4004.57 

Age 16.42 8.00 12.45 7.00 17.93 21.07*** 10.00*** 26.67 

VC Dummy 0.52 1.00 0.57 1.00  0.46*** 1.00***  

Profitable Dummy 0.37 0.00 0.29 0.00  0.47*** 0.00***  

EBITDA Margin -0.97 -0.06 -1.23 -0.25 34.60 -0.65*** 0.01*** 47.10 

Proceeds  130.38 72.00 68.79 46.11 100.24 203.25*** 121.40*** 231.59 

Pre Relation Dummy  

 

0.13 0.00 0.09 0.00  0.19*** 0.00***  

        
Panel B: Issue Characteristics 

 
          

Percentage Sold 0.28 0.27 0.27 0.28 0.12 0.29*** 0.27  0.16 

NYSE/AMEX Dummy 0.20 0.00 0.07  0.00  0.37*** 0.00***  

Gross Spread 6.83 7.00 6.96 7.00 0.81 6.68*** 7.00  0.89 

Offer Price 14.24 14.00 13.65 13.00 5.87 14.92*** 14.00*** 6.28 

Revision  0.01 0.00 0.02 0.00 0.15 -0.01*** 0.00*** 0.14 

Abs. Revision 0.11 0.08 0.11 0.08 0.11 0.11 0.08 0.09 

        
Panel C: Syndicate Characteristics 

   
      

# Lead Manager 1.71 1.00 1.00 1.00 0.00 2.54*** 2.00*** 1.10 

# Book Manager 1.55 1.00 1.00 1.00 0.00 2.21*** 2.00*** 1.18 

# Co-Manager  2.73 2.00 2.48 2.00 1.63 3.03*** 2.00*** 2.63 

# Non-Manager 3.70 0.00 5.27 0.00 7.75 1.85*** 0.00*** 4.68 

LM Market Share 0.03 0.03 0.03 0.01 0.04 0.04*** 0.04*** 0.03 

Degree 0.13 0.13 0.11 0.11 0.11 0.16*** 0.14*** 0.07 

Eigenvector 0.26 0.26 0.23 0.23 0.20 0.30*** 0.30*** 0.11 

         

Panel D: Heterogeneity Measures         

Effective Spread  0.99 0.76 1.25 1.02 0.89 0.69*** 0.47*** 0.59 

Return Volatility 0.05 0.04 0.06 0.06 0.03 0.04*** 0.03*** 0.02 

Analyst Forecast Dispersion 

 

0.35 0.16 0.38 0.17 0.78 0.30* 0.16 0.41 

         
Panel E: Performance         

Initial Return 0.32 0.13 0.46 0.18 0.76 0.17*** 0.09*** 0.34 

BHAR -0.02 -0.03 0.01 -0.00 0.25 -0.03 -0.06 0.35 
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percent of the IPOs are backed by venture capital (VC) investors. The mean price revision 

from the file range mid-price to final offer price is one percent. There are significant 

differences in the firm and offer characteristics between SLU and MLU-backed IPOs. 

SLU-backed IPOs, on average, are more likely to be smaller, younger, unprofitable, and 

VC-backed compared to MLU-backed IPOs. It is apparent that MLU-backed IPOs, on 

average, incorporate negative offer price revision during bookbuilding, while SLU-

backed IPOs, on average, incorporate positive price revisions. In line with Corwin et al. 

(2004), we also find that NYSE/AMEX listed IPOs are more likely to be backed by 

MLUs.  

Panel C of Table 6-1 reports the characteristics related to underwriting syndicates. 

The mean and median lead underwriter market share is three percent. For the overall 

sample, the average numbers for lead manager, co-manager and non-managing 

underwriter are 1.71, 2.73 and 3.70 respectively. The corresponding figures for MLU-

backed IPOs (SLU-backed IPOs) are 2.54 (1.00), 3.03 (2.48) and 1.85 (5.27) respectively. 

Thus, while MLU-backed IPOs include more co-managers, SLU-backed IPOs include 

more non-managing underwriters in the underwriting syndicate. The median centrality 

measures of degree and eigenvector are 0.13 and 0.26, respectively. The univariate results 

suggest that MLU syndicates have higher average centrality than SLU syndicates, which 

is not surprising, as MLUs have more interactions with peer underwriters than SLUs.  

In Panel D of Table 6-1, where we report statistics on investor heterogeneity, we find that 

all the measures of investor heterogeneity are significantly lower in MLU-backed IPOs 

compared to SLU-backed IPOs. The median effective spread is 0.89 percent for SLU-

backed IPOs, while it is only 0.47 percent for MLU-backed IPOs. The median return 
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volatility is nearly two times higher in SLU-backed IPOs (0.06 vs. 0.03). In addition, we 

also find that MLU backed IPOs have lower Analyst Forecast Dispersion. The t-stat and 

Wilcoxon rank-sum test (z-test) results confirm that the differences are highly significant, 

except for Analyst Forecast Dispersions.  Thus, the univariate results strongly support our 

first hypothesis (H6.1) that MLU-backed IPOs exhibit less investor heterogeneity than 

SLU-backed IPOs do.  

In Panel E of Table 6-1 we report the summary statistics of the IPO underpricing and 

BHAR. The mean and median underpricing are about 32 and 13 percent, respectively, 

which are, on average, similar to those reported in previous studies that use similar time 

periods (Guo, 2011; Liu & Ritter, 2011; Loughran & McDonald, 2013). The mean and 

median BHAR over the estimation window are about -2 and 3 percent, respectively. We 

find that the SLU-backed IPOs exhibit significantly higher underpricing, with the median 

SLU-backed IPOs underpricing at about 18 percent, compared to the median underpricing 

of about nine percent for MLU-backed IPOs; the difference is statistically significant at 

less than one percent level. We also find that MLU-backed IPOs perform better than SLU-

backed IPOs following the lockup expiry. The median BHAR is about -0.6 percent for 

SLU-backed IPOs, while it is only about 0 percent for MLU-backed IPOs. The t-stat and 

Wilcoxon rank-sum test (z-test) results confirm that the differences are highly significant. 

Taken together, these findings support our hypotheses (H6.2a) and (H6.2b): that MLU-

backed IPOs should have lower underpricing and better long-term performance relative 

to SLU-backed IPOs. Overall, the univariate results appear to support both of our 

hypotheses (H1 and H2). In the following sections, we conduct multivariate analysis 

along with endogeneity tests to see whether the univariate results hold up in the 

multivariate setting. 
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6.5 Main Analysis  

6.5.1 Heterogeneity of Investor Belief and Syndicate Structure 

We begin the multivariate analysis by examining the relation between underwriting 

syndicate structure and investor heterogeneity after controlling for firm and issue specific 

characteristics. For the purpose of this analysis, we use the following OLS regression 

model:  

𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑒𝑡𝑒𝑟𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 

+  ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(6.1) 

The key variable of interest is the lead manager syndicate structure, and in the analysis 

we use both a binary (MLU) and a continuous specification. For the binary specification, 

we use the MLU dummy variable, that takes the value of one if the IPO is backed by more 

than one lead underwriter, and zero otherwise. As for the continuous specification, we 

use the number of lead managers (# Lead Manager) and quadratic term of the number of 

lead managers (# Lead Manager^2) in the underwriting syndicate.  

As discussed in Section 6.4, we use three measures of investor heterogeneity as dependent 

variables: logarithm of effective spread, logarithm of return volatility, and Analyst 

Forecast Dispersion. To reflect the other factors that may affect investor heterogeneity, 

we include the following control variables in the model: market share of the lead 

underwriter; number of co-managers; logarithm of proceeds; VC-backed dummy; 

logarithm of firm age; Nasdaq return during the 90 days prior to the offer date; absolute 

price revision; weighted average underpricing in the month prior to listing; and logarithm 

of return volatility (see Chemmanur and Krishnan, 2012, and Gao et al., 2006, for a 
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discussion of these variables in the context of investor heterogeneity). As heterogeneity 

proxies can be time varying and industry specific (Jiao & Yan, 2015), we control for 

industry using Fama and French’s (1997) 48 industry dummies and year fixed effects in 

all our regression models. To control for possible heteroscedasticity, we use robust 

standard errors computed with the Huber-White sandwich estimator (Huber, 1967; White, 

1980).  

The results in Table 6-2 show that all the heterogeneity measures have negative and 

statistically significant relation with the lead manager syndicate size (i.e., the MLU 

Dummy, #Lead Manager, or #Lead Manager^2). In particular, the coefficient of the MLU 

dummy is negative and significant across all the regressions, indicating that 

heterogeneous beliefs are significantly lower in MLU-backed IPOs. More specifically, 

we find that (using the MLU dummy variable specification) MLU-backed IPOs exhibit 

13.3 [=exp0.125-1] percent lower effective spread (t=-4.12), 0.3 [=exp0.003-1] percent lower 

return volatility (t=-3.30), and 9.7 percent lower analyst forecast dispersion (t=1.98). 

Further, the relations remain negative and significant when we use the number of lead 

managers as the syndicate specification. In unreported results, we also find that our results 

remain qualitatively similar if we exclude the bubble period.  

Moreover, we include the quadratic term of the number of lead managers as an 

explanatory variable to account for a potential nonlinear relation between the number of 

lead managers and investor heterogeneity measures. In models (3), (6) and (9), the 

coefficient of the number of lead managers (#Lead Manager) is negative and significant, 

while the squared term of the number of lead managers (#Lead Manager^2) is positive 

and significant; this indicates a U-shaped relation between lead manager syndicate size 
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and investor heterogeneity. Further, the inclusion of the squared term marginally 

increases the explanatory power of the model. These results may imply that the reduction 

in investor heterogeneity diminishes when the syndicate size becomes larger. Since the 

analyst forecast dispersion is only available for smaller sample, as a robustness test, we 

re-estimate the remaining heterogeneity measures for that subsample. The results in 

models (10)–(15) indicate that our finding remain robust for the smaller sample; hence, 

our findings on analyst forecast dispersion are not bias to the sample selection.     

Overall, these results are consistent with the univariate statistics, and support our first 

hypothesis (H6.1) that MLU-backed IPOs should exhibit lower divergence in investor 

beliefs than SLU-backed IPOs do. To estimate the economic significance of the above 

findings, we calculate the impact of one standard deviation change in the number of lead 

managers on the percentage change in the heterogeneity measures. The results indicate 

that one standard deviation increase in number of lead managers is associated with 7.7 

percent68 decrease in effective spread, 0.11 percent decrease in return volatility, and 3.8 

percent decrease in analyst forecast dispersion. 

In terms of control variables, the coefficient on lead manager market share is negative in 

all of the specifications, suggesting that the reputation of the underwriting syndicate also 

reduces divergence of opinion among investors. While these findings are not consistent 

with Chemmanur and Krishnan (2012), we believe the inconsistent result is due to the  

                                                 

68 The standard deviation (SD) of # Lead Manager is 1.086. Hence, if we increase # Lead Managers by one 

SD, the predicted effect on effective spread is (# Lead Manager coefficient in Model (2) of Panel A, Table 

2) * 1.086 *100 = (-0.071) * 1.086 * 100 = -7.711%.  
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Table 6-2 MLUs and Investor Heterogeneity 

This table reports the results from the OLS regressions of IPO Heterogeneity measures against the underwriter syndicate size. The sample includes 1,555 IPOs from 1999 to 

2012. All the variables are defined in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined by the Fama-French 48 industry 

classification. The p-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 Ln Effective Spread Ln Return Volatility Analyst Forecast Dispersion 

MLU Dummy -0.125***   -0.003***   -0.097**    
(-4.08)   (-3.29)   (-1.98)   

# Lead Manager  -0.071*** -0.142***  -0.001** -0.003***  -0.035 -0.139**  
 (-5.20) (-4.66)  (-2.11) (-3.24)  (-1.34) (-2.19) 

# Lead Manager^2   0.010***   0.000***   0.019** 

   (3.04)   (2.90)   (2.13) 
LM Market Share -4.332*** -4.384*** -4.299*** -0.015 -0.017 -0.014 0.005 0.008 0.005  

(-11.95) (-12.18) (-11.89) (-1.22) (-1.40) (-1.18) (0.74) (1.00) (0.72) 
# Co-Manager -0.028*** -0.023*** -0.026*** -0.000 -0.000 -0.000 -0.724* -0.745* -0.719* 

 (-4.07) (-3.35) (-3.71) (-0.60) (-0.06) (-0.66) (-1.84) (-1.88) (-1.83) 

Ln Proceeds -0.217*** -0.212*** -0.208*** -0.002*** -0.002*** -0.002*** 0.014* 0.011 0.014  
(-14.21) (-13.82) (-13.50) (-4.58) (-4.78) (-4.45) (1.68) (1.52) (1.66) 

VC Dummy -0.052* -0.055** -0.057** 0.004*** 0.004*** 0.004*** -0.016 -0.020 -0.017 
 (-1.88) (-1.98) (-2.03) (4.15) (4.11) (4.07) (-1.34) (-1.41) (-1.35) 

Ln (1+ Age) -0.026* -0.025* -0.025 -0.004*** -0.004*** -0.004*** 0.008 0.009 0.008 

 (-1.70) (-1.65) (-1.60) (-7.54) (-7.50) (-7.47) (0.29) (0.33) (0.30) 
Nasdaq 90 day Return 0.137 0.125 0.123 0.013** 0.013** 0.013** 0.401 0.408 0.393  

(0.95) (0.86) (0.86) (2.57) (2.54) (2.55) (1.41) (1.43) (1.38) 
Abs. Revision -0.021 -0.033 -0.019 0.012** 0.011** 0.012** 0.273 0.269 0.285 

 (-0.14) (-0.22) (-0.13) (2.33) (2.26) (2.35) (1.04) (1.02) (1.08) 
Monthly IPO Return 0.001 0.001 0.001 0.000* 0.000** 0.000* -0.002 -0.002 -0.002 

 (1.61) (1.64) (1.62) (1.94) (1.97) (1.96) (-1.05) (-1.08) (-1.04) 

Ln Market Volatility -0.054 -0.061 -0.061 -0.004*** -0.004*** -0.004*** -0.040 -0.049 -0.041  
(-1.07) (-1.19) (-1.20) (-2.66) (-2.72) (-2.72) (-0.57) (-0.70) (-0.58) 

Industry and Year Fixed Effects Y Y Y Y Y Y Y Y Y 
Constant 4.431*** 4.430*** 4.433*** 0.113*** 0.116*** 0.116*** 0.051 0.163 0.179  

(10.30) (10.32) (10.50) (8.72) (8.66) (8.86) (0.11) (0.33) (0.37) 

Adj. R-sq 0.602 0.603 0.604 0.665 0.664 0.665 0.062 0.060 0.061 

N 1,511 1,511 1,511 1,513 1,513 1,513 829 829 829 
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Table 6-2 Continuation  

 (10) (11) (12) (13) (14) (15) 

 Ln Effective Spread Ln Return Volatility 

MLU Dummy -0.143***   -0.003**    
(-3.55)   (-2.29)   

# Lead Manager  -0.094*** -0.157***  -0.001 -0.005***  
 (-4.51) (-2.86)  (-1.50) (-2.68) 

# Lead Manager^2   0.011   0.001** 
   (1.37)   (2.49) 

LM Market Share -0.043*** -0.040*** -0.041*** -0.000* -0.000 -0.000*  
(-3.85) (-3.58) (-3.69) (-1.71) (-1.49) (-1.77) 

# Co-Manager -3.718*** 0.000 -3.661*** -0.011 -0.012 -0.011 

 (-8.23) (.) (-8.09) (-0.69) (-0.72) (-0.66) 
Ln Proceeds -0.157*** -0.150*** -0.149*** -0.002*** -0.002*** -0.002***  

(-7.71) (-7.25) (-7.16) (-3.23) (-3.29) (-3.17) 
VC Dummy -0.006 -0.016 -0.014 0.003** 0.003** 0.003** 

 (-0.18) (-0.46) (-0.42) (2.18) (2.07) (2.16) 
Ln (1+ Age) -0.024 -0.021 -0.022 -0.005*** -0.005*** -0.005*** 

 (-1.17) (-1.04) (-1.07) (-6.00) (-5.93) (-6.01) 

Nasdaq 90 day Return -0.043 -0.046 -0.054 0.020*** 0.020*** 0.020***  
(-0.24) (-0.25) (-0.30) (3.08) (3.10) (3.03) 

Abs. Revision -0.105 -0.087 -0.078 0.011* 0.011* 0.011* 
 (-0.60) (-0.50) (-0.45) (1.79) (1.78) (1.87) 

Monthly IPO Return 0.000 0.000 0.000 0.000 0.000 0.000 

 (0.38) (0.34) (0.37) (0.46) (0.42) (0.48) 
Ln Market Volatility 0.036 0.020 0.024 -0.004** -0.005** -0.004**  

(0.58) (0.33) (0.39) (-2.19) (-2.31) (-2.16) 
Industry and Year Fixed Effects Y Y Y Y Y Y 

Constant 2.460*** 2.457*** 2.481*** 0.121*** 0.124*** 0.125***  
(4.62) (4.58) (4.65) (7.81) (8.05) (8.16) 

Adj. R-sq 0.577 0.579 0.580 0.676 0.675 0.676 

N 828 828 828 829 829 829 
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structural changes in the IPO market in recent times.69 The coefficients of the remaining 

control variables are mostly consistent with previous studies. Consistent with 

Chemmanur and Krishnan (2012) and Houge et al. (2001), we observe that older firms, 

firms with larger offerings and firms with VC backing, exhibit significantly lower 

investor heterogeneity in the secondary market. 

6.5.2 IPO Performances and Syndicate Structure 

If MLUs indeed reduce investors’ heterogeneity, then in line with our second hypothesis, 

we should find that the size of the syndicate is negatively related to underpricing and 

positively related to abnormal performance. We test this particular hypothesis by using 

the following OLS regression model: 

𝐼𝑃𝑂 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = 𝛼 +  𝛽1 𝐿𝑒𝑎𝑑 𝑀𝑎𝑛𝑎𝑔𝑒𝑟 𝑆𝑦𝑛𝑑𝑖𝑐𝑎𝑡𝑒 

+ ∑ 𝛾𝑖  𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 +  𝜀 

(6.2) 

In Eq. (6.2), we measure short-run IPO performance by underpricing while we measure 

the abnormal performance by BHAR following the lockup expiration. As before, we use 

both the binary (MLU) and the continuous specifications of lead manager syndicate 

(#Lead Manager, or #Lead Manager^2). Following previous studies, we include the 

following control variables that are related to underpricing and abnormal IPO 

performance (Carter et al., 1998, and Loughran and Ritter, 2004): lead manager market 

share; number of co-managers; logarithm of IPO proceeds; VC-backed dummy; 

profitability dummy; logarithm of firm age; absolute revision; Nasdaq return during the 

                                                 

69 Chemmunar and Krishnan (2012) use IPOs issued during 1980–2000 in their analysis. Further, they only 

use trade related proxies for measuring divergence in opinion among investors.  
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90 days prior to the offer date; and weighted average underpricing in the month prior to 

listing. We also control for industry (based on Fama and French, 1997), in this case 

48 industries, and year fixed effects in all our regression models.  

Table 6-3 MLU and IPO Performance 

This table reports the results from the OLS regressions of IPO performance against the underwriter 

syndicate size. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are defined in 

Appendix 1. The models also include dummy variables for each offer year and for industries, as defined by 

the Fama-French 48 industry classification. All tests use White heteroskedasticity robust standard errors. 

The p-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent 

levels, respectively. 

 (1) (2) (3) (4) (5) (6) 

  Underpricing  Ln BHAR Lockup 

MLU Dummy -0.057**   0.040*    
(-2.14)   (1.95)   

# Lead Manager  -0.022* -0.053**  0.003 0.063*** 
 

 (-1.90) (-1.98)  (1.30) (3.14) 

# Lead Manager^2   0.005**   -0.009*** 

   (1.93)   (-4.08) 

LM Market Share 2.161*** 2.119*** 2.159*** 0.072 0.113 0.039 
 

(4.57) (4.51) (4.55) (0.26) (0.41) (0.14) 

# Co-Manager  -0.003 -0.001 -0.002 -0.001 -0.002 0.001 
 

(-0.49) (-0.14) (-0.40) (-0.25) (-0.44) (0.13) 

Ln Proceeds 0.031* 0.030* 0.032* -0.009 -0.005 -0.008 
 

(1.88) (1.78) (1.87) (-0.80) (-0.42) (-0.76) 

Percentage Sold -0.448*** -0.459*** -0.453*** 0.042 0.043 0.032 
 

(-5.20) (-5.22) (-5.14) (0.71) (0.71) (0.53) 

VC Dummy 0.113*** 0.112*** 0.111*** -0.009 -0.009 -0.008 
 

(4.01) (3.96) (3.94) (-0.45) (-0.45) (-0.41) 

Ln (1+ Age) -0.043** -0.042** -0.042** 0.028*** 0.029*** 0.028*** 
 

(-2.56) (-2.55) (-2.53) (2.80) (2.81) (2.76) 

Profitable Dummy -0.024 -0.025 -0.024 0.043** 0.044** 0.043** 
 

(-0.91) (-0.96) (-0.94) (2.36) (2.36) (2.33) 

Abs. Revision 0.562*** 0.555*** 0.561*** -0.123 -0.118 -0.130 
 

(3.66) (3.62) (3.65) (-1.23) (-1.18) (-1.30) 

Monthly IPO Return 0.008*** 0.008*** 0.008*** -0.001* -0.001* -0.001* 
 

(6.91) (6.90) (6.89) (-1.76) (-1.81) (-1.77) 

Industry and Year Fixed 

Effects  

Y Y Y Y Y Y 

Constant -0.595** -0.569** -0.568** -0.101 -0.158 -0.157 
 

(-2.15) (-2.05) (-2.04) (-0.52) (-0.80) (-0.81) 

Adj. R-sq 0.325 0.324 0.324 0.036 0.034 0.038 

N 1,511 1,511 1,511 1,505 1,505 1,505 
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The dependent variable in models (1)–(3) of Table 6-3 is underpricing, while the 

dependent variable in models (4)–(6) is BHAR following the lockup expiration. 

Consistent with the theoretical predictions of Hu and Ritter (2007) and empirical findings 

of Abrahamson et al. (2011), model (1) indicates that MLU-backed IPOs exhibit 

significantly lower underpricing (t=-2.14) than SLU-backed IPOs do. Similarly, the 

coefficient estimate in model (2) suggests that the number of lead underwriters has a 

negative and significant (t=-1.90) effect on IPO underpricing. This result is consistent 

with our second hypothesis (H6.2a) that IPOs backed by MLUs have lower underpricing 

than IPOs backed by SLUs.  

The results in models (3)–(6) of Table 6-3indicate that the number of lead managers in 

the underwriting syndicate also has a positive and significant effect on abnormal lockup 

returns around the lockup expiration. As shown, MLU-backed IPOs have a significant 

four percent (t=1.95) higher abnormal holding return than SLU-backed IPOs. These 

results are also broadly consistent with Dong et al. (2011) and findings in our Chapter 

(5), which demonstrate that the number of managing underwriters can predict long-run 

IPO performance. In sum, these results indicate that IPOs backed by MLU syndicates tend 

to perform better around the lockup expiration, which is consistent with our second 

hypothesis (H6.2b).  

We also estimate the economic significance of MLU on underpricing and abnormal 

lockup returns and find that a one standard deviation increase in the number of lead 

managers is associated with a 2.39 percent decrease in underpricing, and a 0.33 percent 
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increase in abnormal lockup returns.70 Consistent with our prior evidence, we also 

observe a U-shaped relation between lead manager syndicate size and underpricing, and 

an inverted U-shaped relation between lead manager syndicate size and abnormal lockup 

returns.  

Regarding the control variables, the results in models (1)–(3) are consistent with those of 

prior studies (Liu & Ritter, 2011; Loughran & Ritter, 2004): IPOs underwritten by high 

reputed underwriters have higher underpricing; IPOs with a higher number of co-

managers exhibit lower underpricing; venture capital backed IPOs experience higher 

underpricing; and older firms exhibit a lower level of underpricing. In line with Hanley 

(1993), our results also show that IPOs with higher price revisions exhibit higher 

underpricing. Similarly, the coefficients of other control variables in models (3)–(6) are 

mostly consistent with existing IPO long-term performance literature (Carter et al., 1998; 

Lyon et al., 1999). Consistent with Carter et al. (1998) and Dong et al. (2011), our results 

suggest older IPOs and profitable firms perform better during the long-run.  

In summary, the evidence provided in this section suggests a negative relationship 

between MLU-backed IPOs and underpricing, and a positive association between MLU-

backed IPOs and abnormal lockup expiry returns, which is consistent with our second 

hypothesis (H6.2b). Overall, and more importantly, these results strongly corroborate our 

first hypothesis as well as provide support for Miller’s (1977) prediction that divergence 

of opinion causes short-term over-valuation of IPOs and long-run underperformance.  

                                                 

70 The SD of # Lead Manager is 1.086. Hence, if we increase # Lead Managers by one SD, the predicted 

effect on Underpricing is (# Lead Manager coefficient in Model 2 of Table 3) * 1.086 *100 = (-0.022) * 

1.086 * 100 = 2.39%. 
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6.5.3 Investor Heterogeneity and Long-run Performance 

Our finding in Chapter (5) suggests that MLU-backed IPOs exhibit higher long-run 

performance over the three-year holding period. In this subsection, we examine whether 

investor heterogeneity explains the observed differences in long-run performance 

between SLU-backed IPOs and MLU-backed IPOs. Under Miller’s framework, the 

divergence of opinion about the firms declines over time with the discovery and 

dissemination of new information. Given that SLU-backed IPOs have higher initial 

divergence of opinion compared to MLU-backed IPOs, SLU-backed IPOs should 

therefore experience a higher reduction in investor heterogeneity during the first trading 

year.  The univariate statistics in Panel A of Table 6-4 support this view. For most of the 

heterogeneity measures, SLU-backed IPOs exhibit at least twice the reduction in average 

investor heterogeneity that MLU-backed IPOs do during the first trading year. 

To examine whether the changes in investor heterogeneity during the first trading year 

explain long-term performance differences, we re-estimate equation (6.1) with two 

additional variables—investor heterogeneity change, and the interaction between an 

MLU dummy and investor heterogeneity change. As the dependent variable, we use 

BHAR over a three-year holding period following the IPO. We report the results in Panel 

B of Table 6-4. The coefficients of investor heterogeneity change measures in models (1), 

(3) and (5) are negative and significant at 5 percent level. Consistent with Miller’s 

framework, these results suggest that IPOs that have a higher reduction in investor 

heterogeneity during the first year experience lower long-run performance. The 

coefficients of the interaction term in models (2), (4) and (6) are negative, but only 

significant for return volatility (t=-1.69).  
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Table 6-4: Investor Heterogeneity and Long-run Performance 

Panel A reports univariate comparisons of mean and median values of change in investor heterogeneity. 

Panel B reports results from the OLS regressions of 3 Year BHAR against the underwriter syndicate size 

and investor heterogeneity change. The sample includes 1,555 IPOs from 1999 to 2012. All the variables 

are defined in Appendix 1. The models also include dummy variables for each offer year and for industries, 

as defined by the Fama-French 48 industry classification. All tests use White heteroskedasticity robust 

standard errors. ∆ refers to the changes in the variables and t-statistics are presented in parentheses. ***, **, and * 

indicate significance at the 1, 5, and 10 percent levels, respectively. 

Panel A: Univariate statistics 

Panel B: OLS regressions 

 

 SLU -IPOs MLU-backed IPOs 

Change in Investor Heterogeneity Mean Median Mean Median 

∆ Effective Spread 0.36 0.12 0.01*** 0.03*** 

∆ Return Volatility 0.63 0.07 0.31** 0.06 

∆ Analyst Forecast Dispersion 0.42 0.04 0.12** 0.01** 

 (1) (2) (3) (4) (5) (6) 

 BHAR 3 Year 

MLU  0.144**  0.148*  0.217** 
  (2.20)  (1.80)  (2.41) 

∆ Effective Spread  -3.102** -3.172**      
(-1.98) (-2.49)     

MLU × ∆ Effective Spread 

Difference 

 -0.611     

  (0.12)     
∆ Return Volatility    -0.002** -0.236***   

   (-2.06) (-9.29)   
MLU ×   ∆ Return Volatility    -0.091*   

    (-1.69)   

∆ Analyst Forecast Dispersion     -0.053*** -0.155 
     (-4.69) (-1.17) 

MLU × ∆ Analyst Forecast 

Dispersion 

     -0.01 
     (-1.04) 

LM Market Share 0.024 -0.050 0.004 -0.149 -0.045 -0.268  
(0.04) (-0.08) (0.01) (-0.27) (-0.05) (-0.32) 

Ln Proceeds 0.025 -0.002 0.024 -0.014 0.007 -0.051  
(1.01) (-0.07) (0.99) (-0.55) (0.16) (-1.26) 

VC Dummy -0.070 -0.025 -0.064 -0.052 -0.113 -0.076 

 (-1.12) (-0.42) (-1.03) (-0.85) (-1.09) (-0.83) 
Ln (1+ Age) 0.126*** 0.111*** 0.128*** 0.086*** 0.120** 0.129*** 

 (3.89) (3.56) (3.97) (2.64) (2.37) (2.85) 

Nasdaq 90 day Return -0.031 0.037 -0.031 0.022 -0.239 -0.100  
(-0.13) (0.16) (-0.13) (0.10) (-0.74) (-0.32) 

Abs. Revision -0.011 0.222 -0.022 -0.091 -0.137 -0.218 
 (-0.04) (0.55) (-0.08) (-0.34) (-0.38) (-0.62) 

Monthly IPO Return -0.003** -0.005*** -0.003** -0.003** -0.004 -0.004* 
 (-2.43) (-3.12) (-2.54) (-2.45) (-1.62) (-1.94) 

Ln Market Volatility 0.065 0.061 0.067 0.075 0.063 0.064  
(0.73) (0.69) (0.76) (0.86) (0.47) (0.51) 

Industry and Year Fixed Effects Y Y Y Y Y Y 

Constant -1.197* 0.069 -1.233* 0.126 -0.996 0.102  
(-1.74) 1505 (-1.79) 1375 (-0.83) 887 

Adj. R-sq 0.077 0.069 0.077 0.126 0.093 0.102 

N 1,505 1,505 1,505 1,505 829 829 
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However, the coefficient of the investor heterogeneity change measures in models (2), 

(4) and (6) are negative and statistically significant at 5 percent or lower, except for 

Analyst Forecast Dispersion. Moreover, the magnitude of the investor heterogeneity 

change coefficient is at least three times higher than the magnitude of the interaction term. 

These results suggest that long-term performance of SLU-backed IPOs are negatively 

influenced by the significant drop in investor heterogeneity during the first year.  In 

contrast, long-term performance of MLU-backed IPOs appears to be less influenced by 

the reduction in investor heterogeneity. Taken together, our findings suggest that the 

relative higher performance in MLU-backed IPOs can be explained by the level of 

investor heterogeneity. 

6.6 Additional Analysis 

Our main results demonstrate that MLUs reduce investor heterogeneity in IPO firms. In 

this section, we perform various extensions to test whether our results are robust to self-

selection and omitted variable biases, alternative variable specifications, and alternative 

explanations.  

6.6.1 Endogeneity 

In our main analysis, we assume that underwriter syndicate selection is an exogenous 

factor in determining IPO firms’ heterogeneity characteristics and performance. 

However, underwriters may self-select certain types of IPOs, preferring larger offerings 

(Fernando et al., 2005; Jeon et al., 2015). Further, previous studies also suggest that a 

firm’s prior relationships with underwriters and the personal preferences of the senior 
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management may influence underwriter selection (Ljungqvist et al., 2009). Therefore, we 

perform additional analyses to address endogeneity concerns.  

6.6.1.1 Matching Approach  

To address potential endogeneity due to selection bias, we use four matching procedures 

based on propensity scores matching (PSM) to match MLU-backed IPOs with similar 

SLU-backed IPOs. Jeon et al. (2015) and Jeon and Lee (2015b) use similar matching 

approaches to treat for endogeneity in IPO underwriting syndicates. The purpose of PSM 

is to find a comparable firm that has similar firm characteristics of MLU-IPO, but 

employs SLU to manage the offering. However, it is important to mention that the 

matching techniques can address only potential endogeneity caused by self-selection of 

observables, not that due to unobserved or unobservable characteristics (Dehejia, 2005; 

Heckman & Navarro-Lozano, 2004). 

Under the PSM method, we consider MLU-backed IPOs as the treated group, and SLU-

backed IPOs as the control group. For each of the IPOs in the treated and control groups, 

we calculate the propensity score, that is, the likelihood of employing MLU-backed IPOs 

using a probit model. Following the literature on the determinates of syndicate structure 

(Corwin & Schultz, 2005; Fernando et al., 2005; Jeon et al., 2015), we include lead 

manager market share, logarithm of proceeds, logarithm of firm age, VC dummy, pre-

relation dummy, NYSE/AMEX exchange dummy, and Tech industry dummy as 

covariates in constructing the propensity scores.  

Then for each observation from the treated sample, we find matching observations from 

the control sample using nearest neighbour matching with replacement, caliper matching, 
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kernel matching, and local linear regression (Dehejia & Wahba, 2002; Heckman et al., 

1998; Rosenbaum & Rubin, 1983). We match using a maximum of four nearest 

neighbours for the nearest neighbour method, and a caliper of 0.02 for the radius caliper 

matching. The caliper is chosen to be wide enough to allow for a reasonable number of 

matches. For the kernel matching, we employ a Gaussian kernel function with a 

bandwidth of 0.06. In unreported results, we verify the overlap condition to make sure 

the propensity scores for MLU-backed IPOs and SLU-backed IPOs lie in a common 

support, and conduct the balancing tests to determine whether there are significant 

differences between the control and target after matching. The standard errors are 

calculated using 10,000 bootstrap replications. 

Table 6-5 Endogeneity Test: PSM Approach 

The table reports estimation of average treatment effects for the treated (ATT) using propensity score 

matching (PSM). The sample includes 1,550 IPOs from 1999 to 2012. All the variables are defined in 

Appendix 1. The coefficient is reported in the first column and the z value of a two tailed test is shown in 

the second column for each method. The standard errors are based on 10,000 bootstrapped replications. 

  Nearest 

Neighbour  

Caliper Kernel density Local linear 

regression 
  ATT Z ATT Z ATT Z ATT Z 

Panel A: Heterogeneity Measures       

Effective Spread  -0.159 -4.95*** -0.153 -4.30*** -0.172 -6.42*** -0.159 -5.68*** 

Return Volatility -0.013 -7.32*** -0.013 -6.49*** -0.013 -9.04*** -0.012 -8.14*** 

Analyst Forecast 

Dispersion 

-0.081 -1.81* -0.012 -1.85* -0.055 -1.75* -0.058 -1.32 

Panel B: Performance Measures       

Underpricing -0.211 -5.87*** -0.207 -5.77*** -0.202 -7.12*** -0.194 -6.66*** 

BHAR Lockup  0.040 1.79* 0.051 2.17** 0.035 1.98** 0.032 1.63 

 

Panel A of Table 6-5 presents the average treatment effect on the treated (ATT) for the 

various measures of investor heterogeneity for MLU backed IPO firms. For all PSM 

methods, the ATT of effective spread and return volatility are negative and statistically 

significant at one percent level. Further, the ATT estimates of dispersion in the analyst 
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estimate are negative and statistically significant around 10 percent level for most 

methods. These results are qualitatively similar to the results from descriptive and OLS 

regression methods, and indicate that an MLU syndicate reduces investor heterogeneity.  

To investigate the effect of MLU syndicates on IPO performance, we estimate ATT of 

underpricing and BHAR for MLU-backed IPOs and show the results in Panel B of Table 

6-5. We find that MLU IPOs are associated with lower underpricing in all the matching

methods, with the estimates significant at less than one percent level. These results are 

consistent with the previous findings and support our second hypothesis (H6.2A). The 

ATT estimates for BHAR are positive and significant again at the less than 10 percent 

level except for local linear regression methods. These results indicate that MLU-backed 

IPOs exhibit better abnormal lockup performance, which also supports the second 

hypothesis (H6.2B).  

6.6.1.2 Instrumental Variable Approach 

In this section, we use an instrumental variable approach to isolate the influence of MLU 

syndicates that is due to unobservable variables. The main endogenous variable, MLU, 

in both Eq. (6.1) and Eq. (6.2) is a dummy variable; thus both models are dummy 

endogenous variable models (Heckman, 1977). We use the three-stage generated 

instrumental variable approach suggested by Adams et al. (2009) and Wooldridge 

(2002).71 In this method, we first estimate the probability of selecting an MLU syndicate 

using a maximum likelihood probit model.  

71 See Adams et al. (2009) for more details on the estimation procedure and the advantages of this approach 

over the conventional 2SLS estimation. 
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Table 6-6 Endogeneity Test 

This table reports the results of the two-stage least squares model. The sample includes 1,555 IPOs from 

1999 to 2012. In the first stage, IPOs with multiple lead underwriters (MLU) are estimated using Avg. 

Industry Lead Manager (LM) Syndicate as the instrumental variables. The definitions of all the variables 

are found in Appendix 1. All the second stage 2SLS regressions include dummy variables for each offer 

year and for industries defined in the Fama-French 48 industry classification. All regressions use White 

heteroskedasticity robust standard errors. The p-values are reported in parentheses. ***, **, and * indicate 

significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) 
  MLU 

Dummy 

Ln Effective 

Spread 

Ln Return 

Volatility 

Analyst 

Forecast 

Dispersion 

Underpricing Ln BHAR 

Predicted MLU 

Dummy 

 
-0.620** -0.009* -0.413 -0.338 0.548**  
(-2.14) (-1.80) (-1.61) (-1.20) (2.26) 

LM Market Share 3.136** -3.799*** -0.007 -1.000 2.467*** -0.496  
(2.51) (-7.53) (-0.53) (-1.63) (4.27) (-1.19) 

# Co-Manager  -0.083*** -0.038*** -0.000 0.016 -0.009 0.010  
(-3.82) (-3.73) (-1.18) (1.10) (-1.09) (1.26) 

Ln Proceeds 0.512*** -0.157*** -0.001** -0.056*** 0.064 -0.071**  
(10.91) (-4.21) (-1.97) (-2.02) (1.55) (-2.14) 

VC Dummy -0.040 -0.056* 0.004*** 0.008 0.109*** -0.004  
(-0.46) (-1.90) (4.14) (0.16) (3.80) (-0.17) 

Profitable Dummy 
    

-0.022 0.044**      
(-0.81) (1.98) 

Ln (1+ Age) 0.011 -0.021 -0.004*** 0.028 -0.039** 0.026**  
(0.22) (-1.25) (-7.47) (0.71) (-2.33) (2.20) 

Percentage Sold 
    

-0.446*** 0.049      
(-4.92) (0.68) 

Abs. Revision 0.724* 0.044 0.013** 0.334 0.599*** -0.177  
(1.90) (0.28) (2.50) (1.06) (3.71) (-1.61) 

Monthly IPO Return -0.013*** 0.001 0.000* -0.001 0.008*** -0.001  
(-6.31) (1.31) (1.84) (-0.54) (6.70) (-0.91) 

Ln Market Volatility 0.300*** -0.033 -0.004*** -0.115 
  

 
(2.82) (-0.63) (-2.65) (-1.47) 

  

NASDAQ 90 day 

return 

0.478 0.082 0.012** 0.502* 
  

(1.21) (0.54) (2.55) (1.74) 
  

Avg. Industry LM 

Syndicate 

0.516*** 
     

(4.79) 
     

Year Fixed Effects N Y Y Y Y Y 

Industry Fixed Effects Y Y Y Y Y Y 

Constant -9.548*** 3.504*** 0.104*** 1.745 -1.053* 0.748  
(-7.78) (5.61) (7.09) (1.50) (-1.75) (1.54) 

Adj. R-sq / Pseudo R-

sq 

0.2892 0.527 0.658 0.014 0.293 0.0328 
N 1,498 1,493 1,498 829 1,496 1,490 

First Stage F Statistics 
 

19.889 57.786 11.04 14.484 15.330 

Darbin-Wu-

Hausman test 

 

 
0.065 0.230 0.247 0.290 0.054 
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We then obtain the fitted probability of the MLU syndicate, and estimate Eq. (6.1) and 

Eq. (6.2) using the two-stage least squares (2SLS) method, by employing fitted 

probabilities as the instrument for MLU. Wooldridge (2002) argues that this approach 

provides more efficient estimators; the 2SLS standard errors and test statistics are 

asymptotically valid. This approach has been used in finance literature to address binary 

endogenous variables such as credit ratings (An & Chan, 2008; Faulkender & Petersen, 

2006), founder–CEO (Adams et al., 2009), and diversification choice (Campa & Kedia, 

2002; Lin & Su, 2008). 

We use the average number of lead managers in the same industry (based on Fama–

French's 12-industry classification) during the 3-month period prior to the listing date as 

the instrumental variable (IV) to capture the likelihood of employing MLUs.72 The 

intuition is that the issuers are more likely to employ MLUs if the recent peer firms 

employ MLUs to manage their offerings (Jeon et al., 2015). This instrument satisfies the 

exclusion restriction as it is unrelated to the firm characteristics and, therefore, only 

influences the IPO outcomes through an endogenous relation. The results of the two-stage 

estimation method using generated instrumental variables are reported in Table 6-6. We 

present the results of the first stage in model (1), and the second stage 2SLS estimates in 

the remaining models respectively.73  

Model (1) of Table 6-6 reports first stage estimation results for investor heterogeneity 

measures.74 The coefficient of the IV (Avg. Industry LM Syndicate) is positive and 

72 In this study we use a different IV compared to Chapter (4) and (5) as we are unable to reject the null 

hypothesis of endogeneity for several heterogeneity measures.  
73 To preserve space, we only report first stage regression for effective spread analysis.  
74 We did not include year fixed effects in the first stage model as among-year variations are integrated 

within the IV. 
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strongly significant (t=4.79), suggesting that the IV captures the likelihood of employing 

an underwriting syndicate with MLUs. For each of the 2SLS regressions, the Durbin-Wu-

Hausman (DWH) test rejects the null hypothesis that instruments are irrelevant, while the 

F statistic of the first stage exceeds the threshold of 10, which indicates the reliability and 

the strength of the instrument.  

The second stage estimation results in models (2)–(4) reconfirm the ability of MLU-

backed IPOs to reduce investor heterogeneity, even after controlling for potential 

endogeneity concerns. The negative relation between heterogeneity and the MLU dummy 

remains negative and statistically significant at 10 percent level or better, other than for 

analyst forecast dispersion (t=-1.61). In addition, estimates in model (2) of Panel B 

indicate that the predicted MLU is negatively associated with underpricing at 10 percent 

level, while positively associated with the BHAR at 5 percent level. Overall, all of these 

results support hypotheses H6.1, H6.2a, and H6.2b, even after controlling for 

endogeneity. 

6.6.2 Alternative Explanations 

The results of our analyses so far confirm that MLU-backed IPOs have lower investor 

heterogeneity. In this subsection, we carefully control for several alternative explanations 

that might account for the negative relation between heterogeneity proxies and MLU 

syndicate size. 

6.6.2.1 Impact of Liquidity  

Since effective spread is a proxy for both investor heterogeneity and liquidity, the validity 

of heterogeneity proxy is crucial for the robustness of our findings. Furthermore, higher 
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liquidity allows traders to execute trades without impacting the share price, therefore 

higher liquid stocks may have lower trading volatility (Hendershott & Riordan, 2013). To 

control for this alternative explanation, we remove the liquidity effect on effective spread 

and return volatility by estimating a regression of heterogeneity measures on a proxy for 

liquidity. We then use the residual term from that regression as a dependent variable to 

re-estimate Eq. (6.1).  

Table 6-7 Liquidity and Investor Heterogeneity 

This table examines the association between residual Heterogeneity measures against the underwriter 

syndicate size. The residual heterogeneity measures are calculated as the residual from a regression of 

heterogeneity measures on Kyle’s lambda (price impact). The sample includes 1,555 IPOs from 1999 to 

2012. All the variables are defined in Appendix 1. The models also include dummy variables for each offer 

year and for industries, as defined by the Fama-French 48 industry classification. The p-values are reported 

in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) 

  Ln Residual Effective Spread Ln Residual Return Volatility 

MLU Dummy -0.123***   -0.003***    
(-3.95)   (-3.63)   

# Lead Manager  -0.068*** -0.143***  -0.001 -0.004***  
 (-4.87) (-4.60)  (-1.38) (-4.58) 

# Lead Manager^2   0.011***   0.001*** 

   (3.10)   (5.03) 

LM Market Share -0.028*** -0.024*** -0.027*** -0.000 -0.000 -0.000  
(-4.03) (-3.33) (-3.71) (-0.85) (-0.41) (-1.26) 

# Co-Manager -4.429*** -4.482*** -4.393*** -0.020* -0.023* -0.019  
(-11.88) (-12.11) (-11.81) (-1.70) (-1.93) (-1.59) 

Ln Proceeds -0.218*** -0.214*** -0.209*** -0.002*** -0.002*** -0.002***  
(-13.80) (-13.45) (-13.12) (-4.13) (-4.52) (-4.04) 

VC Dummy -0.053* -0.056* -0.058** 0.003*** 0.003*** 0.003***  
(-1.87) (-1.96) (-2.02) (3.74) (3.70) (3.65) 

Ln (1+ Age) -0.021 -0.021 -0.020 -0.003*** -0.003*** -0.003***  
(-1.36) (-1.32) (-1.26) (-5.71) (-5.69) (-5.65) 

Nasdaq 90 day Return 0.132 0.120 0.119 0.016*** 0.016*** 0.016***  
(0.89) (0.82) (0.81) (3.01) (2.98) (2.99) 

Abs. Revision -0.024 -0.034 -0.021 0.008 0.008 0.009  
(-0.16) (-0.23) (-0.14) (1.56) (1.49) (1.62) 

Monthly IPO Return 0.002* 0.002* 0.002* 0.000*** 0.000*** 0.000*** 

 (1.80) (1.82) (1.80) (2.71) (2.75) (2.73) 

Ln Market Volatility -0.047 -0.053 -0.054 -0.005*** -0.005*** -0.005*** 

 (-0.90) (-1.03) (-1.04) (-3.24) (-3.27) (-3.30) 

Constant 4.834*** 4.846*** 4.841*** 0.064*** 0.069*** 0.069***  
(11.32) (11.53) (11.68) (6.21) (6.59) (6.69) 

Adj. R-sq 0.582 0.583 0.584 0.506 0.503 0.506 
N 1,503 1,503 1,503 1,505 1,505 1,505 
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To control for liquidity, we use Kyle’s (1985) lambda (price impact), which measures the 

impact of order flow on price. We define lambda as the regression coefficient of the return 

between periods 0 and 1 on volume in Period 1. The result of this analysis is presented in 

Table 6–7. 

Consistent with our prior results, in Table 6–7, we show that the coefficient of MLU 

dummy proxies remains significantly negative with residual effective spread and residual 

return volatility, even after controlling for liquidity. We also find that the coefficient of 

number of lead managers remains significantly negative. Moreover, our previous findings 

on the non-linear relation between lead manager syndicate size and effective spread and 

return volatility remain robust. Therefore, we can conclude that our results are not due to 

the liquidity effect.  

6.6.2.2 Impact of Marketing Effort 

Another potential alternative explanation for lower investor heterogeneity in MLU-

backed IPOs is that lower investor heterogeneity may be due to the marketing effort by 

the MLUs. Huang and Zhang (2009) define marketing role as the actions that may 

influence the investor demand without discovering new value related information on 

security. Prior empirical research suggests that marketing effort reduces differences of 

opinion among investors (Berkman et al., 2009; Tetlock, 2010). IPO evidence reported 

by Jeon et al. (2015) and SEO evidence by Huang and Zhang (2009) shows that larger 

lead underwriting syndicates improve the pre-market marketing effort. In this sub-

section, we perform a robustness test to rule out this alternate explanation.  
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We remove the effect of marketing efforts on investor heterogeneity by estimating a 

regression of heterogeneity measures on a proxy for pre-market marketing proxy. We 

then use the residual term from that regression to re-estimate Eq (6.1). Following Cook 

et al. (2006), we use a number of articles in the Factiva database that have an issuer’s 

name on the headline six months prior to its offer date as the proxy for underwriters’ 

marketing efforts. As an additional measure, we also use number of articles that have an 

issuer’s name in the lead paragraph.  In unreported results and consistent with Jeon et al. 

(2015), we observe that MLU-backed IPOs have significantly higher pre-market news 

coverage compared to SLU-backed IPOs.  

Table 6-8 provides the results for each of the residual heterogeneity proxies. Consistent 

with our prior results, we find that the coefficient of MLU dummy proxies remains 

significantly negative, even after controlling for underwriters’ pre-filing marketing 

activities. We also find that the coefficient of number of lead managers remains 

significantly negative. Therefore, we can conclude that marketing effort does not account 

for our results. 
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Table 6-8 Marketing and Investor Heterogeneity 

This table examines the association between residual Heterogeneity measures against the underwriter syndicate size. The residual heterogeneity measures are calculated as the 

residual from a regression of heterogeneity measures on a pre-market news coverage. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are defined in 

Appendix 1. The models also include dummy variables for each offer year and for industries, as defined by the Fama-French 48 industry classification. The p-values are reported 

in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 
  Ln Residual Effective Spread Ln Residual Return Volatility Analyst Forecast Dispersion 

MLU Dummy -0.109***   -0.004***   -0.102**    
(-3.52)   (-3.83)   (-2.20)   

# Lead Manager  -0.056*** -0.141***  -0.001*** -0.003***  -0.034 -0.149**  
 (-3.71) (-4.44)  (-3.18) (-3.16)  (-1.39) (-2.43) 

# Lead Manager^2   0.012***   0.000**   0.021** 

   (3.38)   (2.20)   (2.41) 

LM Market Share -0.019*** -0.015** -0.019*** -0.000* -0.000 -0.000* -0.544 -0.581 -0.536  
(-3.03) (-2.35) (-2.86) (-1.91) (-1.20) (-1.67) (-1.22) (-1.29) (-1.20) 

# Co-Manager -3.990*** -3.951*** -3.941*** -0.024** -0.026** -0.024** 0.002 0.004 0.002  
(-10.81) (-10.73) (-10.69) (-2.02) (-2.20) (-2.01) (0.32) (0.59) (0.29) 

Ln Proceeds -0.204*** -0.201*** -0.195*** -0.002*** -0.003*** -0.002*** -0.004*** -0.007*** -0.005***  
(-13.17) (-12.89) (-12.53) (-5.35) (-5.43) (-5.13) (-2.19) (-2.28) (-2.19) 

VC Dummy -0.015 -0.018 -0.020 0.003*** 0.003*** 0.003*** 0.002 -0.001 0.001  
(-0.55) (-0.62) (-0.69) (3.16) (3.11) (3.07) (0.03) (-0.02) (0.02) 

Ln (1+ Age) -0.032** -0.031** -0.030* -0.004*** -0.004*** -0.004*** 0.020 0.022 0.020  
(-2.01) (-1.97) (-1.91) (-7.38) (-7.33) (-7.31) (0.52) (0.56) (0.53) 

Nasdaq 90 day Return 0.105 0.095 0.094 0.014*** 0.013*** 0.013*** 0.407 0.412 0.398  
(0.72) (0.65) (0.64) (2.77) (2.73) (2.74) (1.59) (1.60) (1.55) 

Abs. Revision 0.074 0.064 0.080 0.009* 0.009* 0.009* 0.412 0.410 0.424  
(0.50) (0.43) (0.54) (1.82) (1.74) (1.82) (1.40) (1.38) (1.43) 

Monthly IPO Return 0.002* 0.002* 0.002* 0.000* 0.000* 0.000* -0.001 -0.001 -0.001 

 (1.75) (1.77) (1.75) (1.88) (1.91) (1.89) (-0.47) (-0.49) (-0.46) 
Ln Market Volatility -0.055 -0.061 -0.061 -0.004*** -0.004*** -0.004*** -0.096 -0.104 -0.096 

 (-1.08) (-1.18) (-1.19) (-2.61) (-2.70) (-2.70) (-1.36) (-1.46) (-1.36) 
Constant 4.349*** 4.365*** 4.368*** 0.073*** 0.075*** 0.075*** 0.250 0.361 0.387  

(10.20) (10.25) (10.44) (5.50) (5.51) (5.62) (0.40) (0.58) (0.62) 

Adj. R-sq 0.578 0.578 0.580 0.667 0.666 0.667 0.033 0.031 0.032 
N 1,507 1,507 1,507 1,512 1,512 1,512 829 829 829 
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6.6.3 Alternative Variable Specifications 

6.6.3.1 Residual Heterogeneity  

Our previous results indicate that MLUs can reduce the proxies of investor heterogeneity; 

however, our heterogeneity proxies may also be affected by other factors such as firm 

characteristics and market microstructure factors. For instance, smaller firms, tech firms 

and NASDAQ listed firms can be associated with higher market spreads and higher return 

volatility (Corwin, 1999; Gao et al., 2006). In this subsection, we examine whether our 

results are robust to firm characteristics and market microstructure factors by 

decomposing heterogeneity proxies into intrinsic and residual components.  

To do so, we first regress heterogeneity proxies on firm, market and time trend 

characteristics. We then calculate the residual heterogeneity by subtracting the actual 

heterogeneity from the predicted heterogeneity. To control for firm-specific factors, we 

include leverage, logarithm of sale, NYSE/AMEX dummy and industry-fixed effects. In 

order to control for market and time trend factors, we include Fama-French’s three 

factors; logarithm of average market effective spread; logarithm of average market return 

volatility; and year-fixed effects. We calculate average market effective spread and 

average market return volatility over a 100 day event window following the IPO date by 

using average daily trading statistics for all the stocks covered in CRSP. The average 

Market Analyst Forecast Dispersion is calculated using all available long-term EPS 

forecast for US stocks in I/B/E/S. Table 6-9 reports the results of the decomposition of 

heterogeneity proxies.  
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Table 6-9 Residual Heterogeneity Measures 

This table reports univariate statistics and results from the OLS regressions of IPO Heterogeneity measures 

against the underwriter syndicate size. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are 

defined in Appendix 1. The models also include dummy variables for each offer year and for industries, as defined 

by the Fama-French 48 industry classification. The p-values are reported in parentheses. ***, **, and * indicate 

significance at the 1, 5, and 10 percent levels, respectively. 

 
(1) (2) (3) (4) (5) (6)  
Ln Effective 

Spread 

Ln Return 

Volatility 

Analyst 

Forecast 

Dispersion 

Ln Residual 

Effective 

Spread 

Ln Residual 

Return 

Volatility 

Residual 

Analyst 

Forecast 

Dispersion  

MLU Dummy 
   

-0.055* -0.002* -0.112**     
(-1.80) (-1.89) (-2.40) 

LM Market Share 
   

-3.364*** 0.005 -0.558     
(-9.54) (0.45) (-1.28) 

# Co-Manager 
   

-0.012 0.000 -0.004     
(-1.60) (1.18) (-0.52) 

Ln Proceeds 
   

-0.143*** -0.001 -0.800***     
(-10.26) (-1.25) (-2.02) 

VC Dummy 
   

-0.126*** 0.002** -0.014     
(-4.51) (2.23) (-0.31) 

Ln (1+ Age) 
   

0.061*** -0.001*** 0.023     
(3.93) (-2.86) (0.59) 

NASDAQ 90 day Return 
   

0.140 0.014*** 0.383     
(1.00) (2.97) (1.49) 

Abs. Revision 
   

-0.158 0.009** 0.432     
(-1.12) (1.99) (1.46) 

Monthly IPO Return 
   

0.001 0.000 -0.002     
(1.30) (0.63) (-1.37) 

Mkt-RF -0.006* -0.000 0.003 
   

 
(-1.89) (-0.89) (0.55) 

   

SMB -0.001 -0.000 0.006 
   

 
(-0.17) (-1.49) (0.96) 

   

HML -0.008* -0.000*** -0.008 
   

 
(-1.65) (-2.98) (-1.02) 

   

Leverage 0.034 -0.002* 0.004    
 (1.24) (-1.68) (0.33)    

Ln Sale -0.077*** -0.003*** -0.062 
   

 
(-8.41) (-9.69) (-1.04) 

   

NYSE/AMEX Dummy -0.367*** -0.004*** -0.059 
   

 
(-9.34) (-3.40) (-1.16) 

   

Ln Market Effective Spread 24.770** 
     

(2.23) 
     

Ln Market Return Volatility 
 

0.011** 
    

 
(2.09) 

    

Market Analyst Forecast 

Dispersion 

 
 0.003** 

   
 

 (2.37) 
   

Industry and Year Fixed 

Effects 

Y Y Y Y Y Y 
Constant 0.181 0.058*** 0.159* 2.293*** 0.009 0.049  

(0.59) (9.44) (1.78) (8.60) (1.00) (0.11) 

Adj. R-sq 0.504 0.667 0.009 0.164 -0.003 -0.055 
N 1,507 1,511 829 1,499 1,503 829 
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In models (4)–(6) we re-estimate equation (6.1) using the residual heterogeneity measures 

as the dependent variable. As shown in models (4)–(6), we find that the MLU dummy is 

negative and significant at 10 percent level for all the residual heterogeneity measures. In 

unreported results, we also find that the number of lead managers is negatively related to 

residual heterogeneity measures at five percent levels. Hence, our results are not driven 

by firm- or market-specific factors.  

6.6.3.2 Alternative Estimation Periods 

To evaluate whether our results are robust to the event window used to calculate investor 

heterogeneity, for Effective Spread and Return Volatility, we re-estimate the Eqn. (6.1) 

on alternative event windows. First, instead of the 100 trading day estimation window, 

we use 25 days (W1) and 50 days (W2) event windows to estimate heterogeneity 

measures. Second, to eliminate the impact of the underwriters’ market making and price 

support activities on investor heterogeneity proxies, we re-calculate the measures over a 

100-day estimation window (W3) excluding the price support period. Following Lowry 

et al. (2010), we define the price support period as the first 21 trading days after the listing. 

The results in Table 6-10 suggest that our conclusions are similar to the baseline estimates 

even after excluding the price support period. 
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Table 6-10 Alternative Estimation Period 
This table reports the OLS regressions of IPO Heterogeneity measures against the underwriter syndicate size. The 

sample includes 1,555 IPOs from 1999 to 2012. All the variables are defined in Appendix 1. The models also include 

dummy variables for each offer year and for industries, as defined by the Fama-French 48 industry classification. The 

p-values are reported in parentheses. ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively. 

 

 (1) (2) (3) (4) (5) (6) 

 Ln Effective Spread  Ln Return Volatility 
 W1 W1 W1 W1 W2 W3 

MLU Dummy -0.075** -0.001 -0.001 -0.001 -0.109*** -0.130***  
(-2.28) (-0.53) (-0.53) (-0.53) (-2.86) (-3.06) 

LM Market Share -0.016*** 0.000 0.000 0.000 -0.042*** -0.034*** 
 

(-2.60) (1.16) (1.16) (1.16) (-4.53) (-3.84) 

# Co-Manager -2.766*** 0.021 0.021 0.021 -3.893*** -4.692*** 

 (-7.48) (1.18) (1.18) (1.18) (-8.44) (-9.29) 

Ln Proceeds -0.175*** -0.002*** -0.002*** -0.002*** -0.225*** -0.238*** 
 

(-10.24) (-3.29) (-3.29) (-3.29) (-10.95) (-10.29) 

Ln TA -0.065*** -0.001 -0.001 -0.001 -0.044*** -0.052*** 

 (-5.59) (-1.10) (-1.10) (-1.10) (-3.03) (-3.22) 

VC Dummy -0.018 0.004*** 0.004*** 0.004*** -0.114*** -0.143*** 

 (-0.62) (3.08) (3.08) (3.08) (-3.46) (-3.87) 

Profitable Dummy -0.087*** -0.004*** -0.004*** -0.004*** -0.091*** -0.095*** 

 (-3.10) (-3.09) (-3.09) (-3.09) (-2.81) (-2.67) 

Ln (1+ Age) 0.027 -0.004*** -0.004*** -0.004*** 0.068*** 0.068*** 

 (1.59) (-5.43) (-5.43) (-5.43) (3.49) (3.11) 

NASDAQ 90 day Return -0.131 0.011 0.011 0.011 0.096 0.159 
 

(-0.90) (1.52) (1.52) (1.52) (0.58) (0.85) 

Abs. Revision -0.069 0.019** 0.019** 0.019** -0.270 -0.247 

 (-0.48) (2.47) (2.47) (2.47) (-1.61) (-1.24) 

Monthly IPO Return -0.000 -0.000 -0.000 -0.000 -0.000 0.002* 

 (-0.04) (-0.38) (-0.38) (-0.38) (-0.02) (1.85) 

Ln Market Volatility -0.013 -0.003 -0.003 -0.003 -0.074 -0.103 
 

(-0.26) (-1.44) (-1.44) (-1.44) (-1.30) (-1.55) 

Industry and Year Fixed 

Effects 

Y Y Y Y Y Y 

Constant 3.354*** 0.125*** 0.125*** 0.125*** 4.688*** 5.228*** 
 

(7.87) (7.14) (7.14) (7.14) (8.10) (8.34) 

Adj. R-sq 0.487 0.569 0.569 0.569 0.573 0.623 

N 1,494 1,499 1,499 1,499 1,496 1,497 

 

6.6.4 Impact of Lead Managers Network 

To provide further support to our first hypothesis (H6.1), in this section we examine 

whether information production and dissemination indeed enable MLUs to achieve lower 
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investor heterogeneity. Bajo et al. (2016) and Chuluun (2015) find that the peer network 

of the underwriter significantly influences the information flow during an IPO. 

Specifically, using SNA techniques, both the studies demonstrate that underwriters who 

are centrally positioned within their networks produce and disseminate more information 

to investors. In other words, centrality of the underwriters in their peer network acts as a 

proxy for the underwriters’ ability to produce and disseminate information. If information 

production and dissemination indeed facilitate MLUs to achieve lower investor 

heterogeneity, we can expect that MLUs with higher network centrality should lead to 

additional reduction in investor heterogeneity.  

To test this conjecture, in Table 6-11, we re-estimate equation (6.1) with two additional 

variables, centrality of lead manager, and interaction between the MLU dummy and the 

centrality of the lead manager.75 We use degree and eigenvector as the centrality measure 

of lead managers. The coefficient of interaction term in models (1)–(6) is negative and 

statistically significant, suggesting that MLU syndicates with higher network centrality 

result in additional reductions in investor heterogeneity.76 Therefore, we can conclude 

that information production and dissemination enable MLUs to reduce investor 

heterogeneity in IPOs. Further, the negative sum of the interaction term and the centrality 

measure coefficient suggest that more centrally located underwriters can reduce investor 

heterogeneity.  

  

                                                 

75 Following Bajo et al. (2016), to avoid multicollinearity between lead manager market share, IPO 

proceeds and centrality measures, we orthogonalise lead manager market share, IPO proceeds.  
76 In unreported results, we observe similar conclusions when using “Betweenness” and “2-StepReach” as 

the network centrality measures.  
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Table 6-11 Network effect of MLUs 

This table reports results from the OLS regressions of IPO Heterogeneity measures against the underwriter 

syndicate size. The sample includes 1,555 IPOs from 1999 to 2012. All the variables are defined in 

Appendix 1. The models also include dummy variables for each offer year and for industries, as defined by 

the Fama-French 48 industry classification. The p-values are reported in parentheses. ***, **, and * indicate 

significance at the 1, 5, and 10 percent levels, respectively. 

  (1) (2) (3) (4) (5) (6) 
 Ln Effective Spread 

 

Ln Return Volatility  Analyst Forecast 

Dispersion  

MLU Dummy -0.109* -0.113* -0.003 -0.001 -0.098 -0.106  
(-1.85) (-1.83) (-1.40) (-0.37) (-1.52) (-1.50) 

Degree -0.919***  -0.002  -0.105  

 (-3.97)  (-0.35)  (-0.25)  

MLU × Degree -1.682***  -0.016*  -0.026*  

 (-4.96)  (-1.69)  (-1.86)  

Eigenvector  -0.464***  -0.001  -0.055  

 (-3.83)  (-0.22)  (-1.22) 

MLU × Eigenvector  -0.908***  -0.015***  -0.012**  

 (-4.68)  (-2.65)  (-2.05) 

LM Market Share -2.793*** -2.816*** -0.009 -0.005 -0.741 -0.755  
(-4.86) (-4.87) (-0.63) (-0.37) (-1.04) (-1.05) 

# Co-Manager -0.044*** -0.043*** -0.000 -0.000 0.003 0.002  
(-4.86) (-4.67) (-0.54) (-0.48) (0.36) (0.33) 

Ln Proceeds -0.250*** -0.252*** -0.002*** -0.002*** -0.004 -0.004  
(-13.11) (-13.17) (-4.34) (-4.22) (-1.15) (-1.15) 

VC Dummy -0.100*** -0.099*** 0.004*** 0.004*** -0.025 -0.025  
(-3.07) (-3.05) (3.75) (3.74) (-0.53) (-0.53) 

Profitable Dummy -0.112*** -0.111*** -0.003*** -0.003*** -0.190*** -0.190***  
(-3.46) (-3.43) (-3.64) (-3.65) (-3.24) (-3.25) 

Ln (1+ Age) 0.049*** 0.049*** -0.003*** -0.003*** 0.049 0.049  
(2.68) (2.64) (-6.46) (-6.45) (1.20) (1.20) 

Nasdaq 90 day Return 0.099 0.082 0.012** 0.012** 0.322 0.325  
(0.61) (0.50) (2.50) (2.48) (1.25) (1.26) 

Abs. Revision -0.277* -0.271 0.011** 0.011** 0.409 0.410  
(-1.67) (-1.63) (2.24) (2.23) (1.40) (1.41) 

Monthly IPO Return 0.000 0.000 0.000* 0.000** -0.001 -0.001 

(0.06) (0.12) (1.94) (1.96) (-0.30) (-0.31) 

Ln Market Volatility -0.086 -0.085 -0.004** -0.004** -0.091 -0.091 

(-1.50) (-1.49) (-2.54) (-2.50) (-1.30) (-1.30) 

Industry and Year Fixed 

Effects 

Y Y Y Y Y Y 

Constant 0.756 0.748 0.075*** 0.075*** 0.500 0.504  
(1.56) (1.56) (6.73) (6.90) (1.39) (1.40) 

Adj. R-sq 0.574 0.574 0.668 0.668 0.014 0.014 
N 1,508 1,508 1,513 1,513 829 829 
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6.7 Conclusion 

In this paper, we study the impact of lead underwriting syndicates on investor 

heterogeneity and IPO firm performance. We present two main findings. First, our study 

shows that IPOs managed by multiple lead underwriters (MLUs) exhibit significantly 

lower divergence of opinion among investors. Second, we find that MLU-led IPO firms 

experience lower underpricing and higher abnormal performance once the short-sales 

constraints are relaxed. These results are robust after controlling for possible endogeneity 

concerns about the syndicate selection.  

We conjecture that the above results are due to the improved information production and 

dissemination of a larger underwriting syndicate, which reduces investor overconfidence 

in their private information. This consequently leads to a reduction in investor 

heterogeneity. To the best of our knowledge, this is the first direct evidence for the 

relationship between lead manager syndicate structure and investor heterogeneity. 

Overall, this study provides empirical support for Miller’s hypothesis (1977): that 

divergence of opinion causes short-term over-valuation of IPOs and long-run 

underperformance. 
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 : Summary and Concluding Remarks 

7.1 Summary of Findings and Contribution 

Despite IPO firms’ leaning towards employing MLUs to manage their offerings, the 

existing literature is silent on the effects of MLUs on IPO outcomes. To close this gap, 

this thesis presents three studies which investigate the role of MLUs in IPOs from 

different but related angles; namely, information production, pricing, and investor 

heterogeneity. 

The first empirical essay discusses the role of MLUs in the pre-filing phase. Through 

comparative analysis of pre-filing information production decisions of SLUs and MLUs, 

we find evidence that MLUs produce more information during the pre-filing period than 

do SLUs. Specifically, our analysis suggests that MLUs produce more pricing 

information during the pre-filing period, that allows underwriters to accurately estimate 

preliminary offer prices. We also find that MLUs signal their pre-filing information 

production effort by providing unique information disclosure in the IPO prospectuses. 

Furthermore, they use a more readable writing style to effectively communicate 

prospectus disclosure to investors. Our findings also show that MLUs could substitute 

extensive pre-filing information aggregation for the costly bookbuilding information 

process. An important implication of our findings is that the pre-filing information 

production of MLUs can reduce the potential indirect cost of offerings, since underwriters 

are not required to leave excess money on the table as they are in bookbuilding.  

The central focus of the second empirical essay is the role of MLUs in the IPO pricing 

stage. Specifically, we examine whether the presence of MLUs in the underwriting 



 

 

200 

syndicate influences IPO pricing and subsequent market performance of those firms. Our 

findings indicate that MLUs price the offer closer to the firm’s intrinsic value. We also 

find that MLU-backed IPOs are associated with lower underpricing, lower variability of 

underpricing, and better long-term performance over a three-year investment horizon. 

Taken together, our findings are consistent with the notion that MLUs provide additional 

certification to the offering.  

In the third essay, we explore the influence of MLUs on post-listing investor behaviour. 

On account of the enriched information production and dissemination, we examine 

whether MLUs tend to lower the divergence of opinion among investors. As expected, 

our findings suggest that IPOs managed by MLUs exhibit significantly lower divergence 

of investor opinion compared to SLU counterparts. In addition, consistent with Miller’s 

theory (1977) on the influence of heterogeneous beliefs on asset prices, we find that 

MLU-backed IPOs attract lower short-run investor overreactions. Further, we observe 

that MLU-backed IPOs exhibit higher abnormal performance once the short-sales 

constraints are relaxed. 

The findings presented in this thesis have important implications for several key parties 

associated with the IPO market. It is hoped that our findings will be of interest to the 

academics researching on IPOs in general, but in particular to those examining 

underwriting syndicates, IPO performance, and textual analysis application in financial 

research. Given the significant rise in the use of MLU syndicates, it would not be unwise 

to presume that the issuing firms would be keen to understand the cost and benefits 

associated with employing MLUs. We believe that our work goes some way in 

contributing to this understanding. Our evidence suggests that MLUs contribute to the 
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IPO process in multiple facets. Among others, we find that, although MLUs charge 

similar underwriting gross-spread, the total IPO cost to issuers is significantly lower due 

to the lower underpricing in MLU-backed IPOs. Our results also suggest that MLUs assist 

issuers to mitigate pre-IPO adverse incidents such as withdrawals and enable issuers to 

conduct large SEO when they come back to the market for further equity offerings. 

When making investment decisions, investors rely heavily on the financial information 

provided by IPO firms. Our findings indicate that investors should consider the lead 

underwriter syndicate structure as an additional matrix during their decision-making 

process. As our findings suggest that MLUs-backed IPOs exhibit lower IPO underpricing 

and better long-run market performance, these offerings should be of interest to value 

oriented as well as long term investors. We also resist the call to employ MLU in all the 

IPOs. The underwriting syndicate size is too complex for a “one size fits all” to work. It 

should be acknowledged that the appropriate underwriting syndicate composition varies 

from firm to firm. Therefore, more attention should be given to special circumstances of 

the firm when deciding on the underwriting syndicate structure.  

One interesting finding of the thesis was the significant and favourable influence of 

prospectus readability IPO outcomes. We document that IPOs with higher readable 

prospectus exhibit lower offer price revisions and lower underpricing. Despite the 

prospectus being the primary source of information for potential IPO investors (Daily, 

Certo, & Dalton, 2005), the readability aspect has not gained enough attention from the 

security legislators. We recommend that the capital market regulators and policy makers 

across the world should enforce firms to adopt mandatory plain language disclosures in 

the prospectus to improve the information dissemination to IPO investors. Our findings 



 

 

202 

lead us to call for additional empirical work that examines the implication of disclosure 

readability on the IPO outcomes using data from various IPO markets. 

7.2 Potential Limitations and Further Research 

Despite careful analysis and significant effort, the findings of this thesis are subject to 

several limitations that are generally associated with IPO studies. Endogeneity is an 

inherent characteristic of all the variables associated with underwriters, and MLUs are no 

exception. Through these analyses, we have attempted to minimise potential endogeneity 

bias in MLU syndicate selection by using matching methods and instrumental variable 

methods, although it is impossible to completely eliminate such concerns using these 

techniques. Future researchers may need to consider either “natural experiments” or 

“exogenous shocks” to identify the causal effects of MLUs on IPO outcomes.  

In our first empirical chapter, we consider the IPO prospectus as the primary information 

channel that underwriters use to credibly convey their pre-filing information effort. 

However, underwriters may also use several other channels to communicate their pre-

filing information to potential investors. One potential channel is road show 

presentations, where underwriters interact with potential investors during the 

bookbuilding process (Kuhn, 1990). We suggest that future research should consider 

remaining information channels that underwriters use to produce and disseminate 

information.  

Another limitation of this thesis is that the findings of this thesis may not be generalisable 

beyond the US capital markets due to differences in regulatory frameworks. For instance, 

unlike the US counterparts, the European underwriters are able to elicit information from 
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investors prior to the bookbuilding period (Jenkinson & Jones, 2004; Jenkinson et al., 

2006). Therefore, the European IPO prospectus may include private information acquired 

from informed investors, which could limit the validity of our results. It is thus 

worthwhile to explore the effects of MLUs on IPO outcomes using different institutional 

environments.  

Another topic of interest is the involvement of MLUs in secondary equity issuing (SEO). 

Although less frequently employed than IPOs, underwriting syndicates with MLUs are 

equally important during SEOs. Therefore, it is valuable to investigate the motives for 

issuers to employ MLUs for their SEOs, and what the effects of MLUs on the SEO 

process might be.  
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Appendix 1: Variable Definitions and Sources 

Variable Name Definition Source 

Firm Characteristics   

   

Age The number of years from IPO firm founding year to 

the IPO year 

Jay Ritter’s 

Database 

Sale Prior listing year Net Sales in millions of dollars (Data 

Item 12) 

COMPUSTAT 

EBITDA Prior listing year EBITDA in millions of dollars (Data 

Item 13) 

COMPUSTAT 

EBITDA Margin EBITDA/Sale COMPUSTAT 

Net Earnings Prior listing year Income Before Extraordinary Items 

in millions of dollars (Data Item 20) 

COMPUSTAT 

Profitable Dummy Dummy variable Equals to one if the issuer has 

positive net income for the year prior to the IPO, zero 

otherwise 

COMPUSTAT 

VC Dummy Dummy variable Equals to one if the IPO firm is 

backed by Venture capital investor, zero otherwise 

SDC 

Pre relation Dummy Dummy variable Equals to one if the at least one of 

the lead underwriter has business relation at the time 

of the IPO, and zero otherwise  

Form S-1 

Tech Dummy Dummy variable Equals to one if the IPO firm belongs 

to the technology sector (using Loughran and Ritter 

2004 definition), and zero otherwise 

SDC 

Leverage  Book Value of Debt / Book Value of Total Assets  COMPUSTAT 

Issue Characteristics   

   

Offer Price Offer Price of the Issue SDC  

Proceeds Offer Price * Number of Shares Issued  SDC 

Percentage Sold Number of shares sold in an IPO / Number of shares 

outstanding 

SDC 

File Range Mid-Point  (High File Range + Low File Range) /2  SDC 

Revision (Offer price - Midpoint of Original File Range) / 

Midpoint of Original File Range 

SDC 

Absolute Revision Absolute value of Revision SDC 

Pos. Revision Dummy Dummy variable Equals to one if the offer price is 

above the file range mid-point, zero otherwise 

SDC 

Neg. Revision Dummy Dummy variable Equals to one if the offer price is 

below the file range mid-point, zero otherwise 

SDC 

Zero Revision Dummy Dummy variable Equals to one if the offer price equals 

to the file range mid-point, zero otherwise 

SDC 

Predicted Revision The price revision component that can be explain by 

informative content, standard content and readability.  

 

Residual Revision The price revision component that cannot be explain 

by informative content, standard content and 

readability. 

 

Gross Spread Total Underwriting Fees/ Total Proceeds SDC 
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Underpricing/ Initial Return (Closing Price- Offer Price)/ Offer Price *100 SDC / CRSP 

Return Volatility The standard deviation of daily stock return during the 

first five trading days following IPO 

CRSP 

NYSE/AMEX Dummy  Dummy variable Equals to one if the IPO firm listed 

on NYSE or AMEX, zero otherwise 

SDC 

Withdrawn Dummy Dummy variable equals to one if the firm withdraw 

the IPO, and zero otherwise 

SDC/ 

ipo.Nasdaq.com 

SEO Dummy Dummy variable equals to one if the firm conduct an 

SEO within the first three years of listing, zero 

otherwise 

SDC 

SEO Relative Size SEO size / IPO size SDC 

Syndicate Characteristics  

   

# Lead Manager Number of Lead Managers in the underwriting 

Syndicate. (Sum of the book manager, joint book 

managers and joint lead managers) 

SDC 

# Book Manager Number of Book Managers in the underwriting 

Syndicate (Sum of the book manager and joint book 

managers) 

SDC 

# Co-Manager Number of Co-Managers in the underwriting 

Syndicate 

SDC 

# Non-Manager Number of Non-Managers in the underwriting 

Syndicate 

SDC 

MLU Dummy Dummy variable Equals to one if syndicates consists 

more than one lead manager, zero otherwise 

SDC 

MBM Dummy Dummy variable Equals to 1 if syndicates consists 

more than one book manager, zero otherwise 

SDC 

LM CM Rank The average Carter and Manaster (1990) lead 

underwriter ranking  

Jay Ritter’s 

Database 

LM Market Share The average Megginson and Weiss (1991) lead 

underwriter ranking  

SDC 

High Rep. UR Dummy  

 

Dummy variable Equals to 1 if the the average Carter 

and Manaster (1990) lead underwriter ranking is 

greate than or equal to 8 

Jay Ritter’s 

Database 

Degree The number of ties (i.e., connections) possessed by 

an underwriter 

SDC 

Eigenvector Measures how close an underwriter is to all other 

underwriters 

SDC 

Avg. Industry LM Syndicate Average number of lead managers in the same 

industry during the 3-month period prior to the 

listing date 

SDC 

Market Condition Variables  

  

Dot Com Dummy Dummy variable Equal to one if the IPO issued in 

1999–2000, zero otherwise 

SDC 

Post GFC Period Dummy variable Equal to 1 if the IPO after 2007, 

zero otherwise 

SDC 

Bookbuilding Return  Return of CRSP value-weighted index during the 

Bookbuilding Period 

CRSP/ SDC 
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Monthly IPO Return Weighted average IPO under-pricing of the month 

prior listing 

Jay Ritter’s 

Database 

Market Volatility SD of daily return of CRSP value-weighted index over 

event window 

Market Volatility 

NASDAQ 90 day Return NASDAQ return in the 90 days prior to the IPO 

trading date 

Bloomberg 

NASDAQ 30 day Return NASDAQ return during the 30 days period after 

submission of the registration statement (S-1)  

Bloomberg 

Hot Market Dummy Dummy variable Equals to 1 if the if number of IPOs 

in the three months prior to the IPO registration is 

greater than the sample mean, zero otherwise 

SDC 

UW IPO Ratio Natural log of one plus the total number of IPOs filed 

by all lead underwriters in the given IPO’s syndicate 

in the year prior to the current IPO’s filing, divided by 

the number of IPOs filed by the same underwriters in 

the previous two years. 

SDC 

Ln # 90 day IPOs Natural log of the number of IPOs used to calculate 

the 90 day components of standard content 

SDC 

Ln # Industry IPOs Natural log of the number of IPOs used to calculate 

the industry components of standard content 

SDC 

Mkt-RF Market excess return Kenneth R. 

French’s Database SMB Small minus Big size factor 

HML High minus Low book-to-market factor 

Prospectus Text Content  

Total Words Number of total words in the IPO prospectus EDGAR 

Total Root Words Number of total roots words in the IPO prospectus EDGAR 

Total Sentences Number of total sentences in the IPO prospectus EDGAR 

Total Letters Number of total letters in the IPO prospectus EDGAR 

Standard Content Standard content in the prospectus calculated 

according to Hanley and Hoberg (2010) 

EDGAR 

Informative Content Unique content in the prospectus calculated according 

to Hanley and Hoberg (2010) 

EDGAR 

Gunning Fog Index Gunning Fog Index of readability calculated 

according to Gunning (1952) 

EDGAR 

SMOG Index  SMOG Index of readability calculated according to 

McLaughlin (1969) 

EDGAR 

   

Valuation   

OP/IV Ratio of offer price to intrinsic value  SDC/ 

COMPUSTAT 

SMP/IV Ratio of first trading day closing secondary market 

price to intrinsic value 

SDC/ 

COMPUSTAT 

OP/IV Ratio of offer price to intrinsic value  SDC/ 

COMPUSTAT 

SMP/IV Ratio of first trading day closing secondary market 

price to intrinsic value 

SDC/ 

COMPUSTAT 

P/SOP OP/IV ratio calculated using P/S multiple SDC/ 

COMPUSTAT 

P/EBITDAOP OP/IV ratio calculated using P/EBITDA multiple SDC/ 

COMPUSTAT 
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P/EOP OP/IV ratio calculated using P/E multiple SDC/ 

COMPUSTAT 

P/SSMP SMP/IV ratio calculated using P/S multiple SDC/ 

COMPUSTAT 

P/EBITDASMP SMP/IV ratio calculated using P/EBITDA multiple SDC/ 

COMPUSTAT 

P/ESMP SMP/IV ratio calculated using P/E multiple SDC/ 

COMPUSTAT 

Performance   

BHAR 3 Year Three-year Buy and Hold Abnormal Return *100 CRSP 

BHAR Lockup Buy and hold abnormal return for the period starting 

ten trading days before to twenty trading days after 

the lockup expiration 

CRSP 

CAR 3 Year Three-year Cumulative Abnormal Return*100 CRSP 

Return Volatility The standard deviation of daily stock return during 

the first twenty-one trading days following IPO 

CRSP 

Squared Deviation of Initial 

Return 

Squared difference between observed initial return 

and predicted initial return 

SDC / CRSP 

Heterogeneity Measures   

Effective Spread 2* | Price – Mid-point of Quote | / Mid-point of Quote 

*100 

CRSP 

Bid-Ask Spread (Ask – Bid) / Mid-point of Quote *100 CRSP 

Return Volatility SD of Daily Return over measuring window CRSP 

Analyst Dispersion SD of Analyst EPS Forecast / Mean of Forecasted EPS  I/B/E/S 

Market Effective Spread Average market effective spread over a 100-day event 

window following the IPO date for all the stocks 

covered in CRSP 

CRSP 

Market Return Volatility Average Market Return Volatility over a 100-day 

event window following the IPO date for all the stocks 

covered in CRSP 

CRSP 

Market Analyst Forecast 

Dispersion 

Average Analyst Forecast Dispersion of long-term 

EPS forecast for US stocks 

I/B/E/S 
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Appendix 2: Pearson Correlation Table 

This table is a Pearson correlation table and report the correlation between the key dependent, independent and control variables used in this study. The sample includes 1,555 IPOs 

from 1999 to 2012. All the variables are defined in Appendix 1. The bolted coefficients indicate significant at 5 percent level or lower.  

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 
1 MLU Dummy 1.00 

                      

2 # Lead Manager 0.71 1.00 
                     

3 # Co-Manager 0.12 0.30 1.00 
                    

4 LM Market 

Share 

0.20 0.17 0.20 1.00 
                   

5 LM CM Rank 0.17 0.15 0.25 0.48 1.00 
                  

6 Underpricing -0.23 -0.17 -0.04 0.04 0.19 1.00 
                 

7 Revision -0.12 -0.09 0.00 0.06 0.13 0.44 1.00 
                

8 BHAR: 3 Years 0.17 0.12 0.10 0.05 0.07 -0.15 -0.13 1.00 
               

9 CAR: 3 Years 0.05 0.02 0.03 0.01 0.05 -0.13 -0.11 0.41 1.00 
              

10 P/SOP -0.19 -0.12 -0.02 0.03 0.05 0.30 0.23 -0.08 -0.07 1.00 
             

11 P/EBITDAOP -0.20 -0.15 -0.03 0.02 0.03 0.31 0.25 -0.08 -0.07 0.87 1.00 
            

12 P/EOP -0.14 -0.05 0.02 0.01 -0.04 0.17 0.06 -0.06 -0.07 0.50 0.55 1.00 
           

13 Informative 

Cont.  

0.08 0.01 -0.02 0.01 -0.06 -0.12 -0.19 0.01 0.00 -0.11 -0.11 -0.03 1.00 
          

14 Standard Cont.  0.00 -0.02 0.02 -0.06 -0.03 0.03 0.13 0.02 -0.04 -0.01 -0.01 0.02 0.11 1.00 
         

15 Gunning Fog 

Index 

-0.02 -0.04 -0.07 -0.09 -0.18 -0.02 0.02 0.02 0.01 0.04 0.02 0.07 0.02 0.02 1.00 
        

16 SMOG Index 0.00 -0.01 -0.05 -0.08 -0.16 0.01 0.02 0.02 0.00 0.07 0.04 0.06 -0.02 -0.01 0.94 1.00 
       

17 Effective Spread -0.32 -0.28 -0.17 -0.26 -0.33 0.01 -0.01 -0.26 -0.28 0.09 0.11 0.18 -0.05 0.03 0.00 -0.01 1.00 
      

18 Return Volatility -0.17 -0.15 -0.04 0.01 0.04 0.21 0.07 -0.16 -0.16 0.13 0.15 0.16 -0.03 -0.01 -0.05 -0.04 0.29 1.00 
     

19 Analyst Forecast 

Dispersion 

-0.06 -0.04 0.02 -0.03 -0.01 0.11 -0.01 -0.02 0.00 0.06 0.14 0.19 -0.04 0.02 0.00 0.00 0.04 0.03 1.00 
    

20 Ln Proceeds 0.46 0.51 0.43 0.24 0.30 -0.13 0.06 0.12 -0.03 -0.10 -0.15 -0.06 -0.02 0.03 -0.08 -0.07 -0.38 -0.14 0.01 1.00 
   

21 VC Dummy -0.11 -0.15 -0.13 0.01 0.18 0.19 0.11 -0.05 0.00 0.13 0.15 -0.07 -0.20 -0.11 0.02 0.05 0.03 0.05 0.01 -0.19 1.00 
  

22 Profitable 

Dummy 

0.19 0.18 0.13 0.09 0.05 -0.15 -0.04 0.13 0.05 -0.06 -0.18 -0.09 0.04 0.03 0.00 -0.06 -0.27 -0.19 -0.12 0.25 -0.29 1.00 
 

23 Ln AGE 0.23 0.24 0.18 0.11 0.08 -0.22 -0.12 0.13 0.05 -0.25 -0.27 -0.09 0.10 -0.02 -0.08 -0.14 -0.24 -0.17 -0.01 0.32 -0.32 0.43 1.00 

24 Percentage Sold 0.08 0.02 0.09 -0.03 -0.12 -0.21 -0.12 0.03 0.00 -0.19 -0.19 -0.05 0.08 0.00 0.02 0.01 -0.04 -0.09 -0.05 0.13 -0.23 0.11 0.17 
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