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Abstract 

We analyze the effect of pre-IPO credit ratings on underpricing found in initial public 
offerings, through its effect on value uncertainty and information asymmetry among IPO 
market participants. Based on a sample of U.S. common share IPOs between 1986 and 
2016, we find that firms with credit ratings experience significantly lower levels of 
underpricing than firms without credit ratings. We argue that there exists an endogenous 
relation between having a credit rating and IPO underpricing. Therefore, we abandon the 
conventional OLS regression method, and adopt the more sophisticated Maddala (1986, 
p.117) and generated instrumental variable approaches. The two methods yield similar 
results, indicating that the choice of a specific estimation method does not drive our 
findings. In line with prior literature, our result suggests that credit ratings reduce 
information asymmetry and firm value uncertainty of investors.  

Keywords: IPO underpricing; Credit ratings; Information asymmetry; Value uncertainty 
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1. Introduction 

Although Initial Public Offering (IPO) underpricing has become a widely 

observed phenomenon in the financial world, no consensus exists regarding it cause. 

Stocks typically close significantly above the IPO offering price after the first day of 

trading publicly. Underpricing in the United States was on average 15 percent in the 

nineties, prior to soaring to 65 percent during the dotcom bubble in 2000-2001, after 

which it reduced back to an average of 12 percent (Loughran & Ritter, 2002). In some 

cases, this underpricing lead to extreme sums of money left on the table. For example, 

when Twitter Inc. went public on November 6th, 2013, they initially priced their shares 

at $26, only to discover a closing price of $44.90 after the first day of trading. This 

underpricing of 73 percent left billions on the table for shareholders of Twitter Inc., that 

otherwise could have been obtained and would have increased the value for pre-IPO 

shareholders. Another popular example is Palm, going public in March 2000. Palm went 

public for $38 a share, before peaking the next day at $165 and closing at $95. Palm went 

public during the dot com bubble, during which high market speculation soared IPO 

underpricing to record levels.  

 Many different theories have been proposed to explain IPO Underpricing, but 

most of them do not seem to explain underpricing for more than only a few percent (Ritter 

& Welch, 2002). However, a large share of those theories is based on the assumption that 

there exists some kind of information asymmetry in the IPO markets that causes the 

underpricing, and that underpricing increases with the value uncertainty of the issuing 

firm. One of the resolutions proposed in order to reduce information asymmetries and 

increase the value certainty of the issuing firm is obtaining a credit rating prior to the 

offering.  
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Credit ratings convey important information about the firms to the participants of 

the IPO market, often information that is otherwise not publicly available. If that 

information indeed reduces information asymmetries in the IPO market and uncertainty 

about the issuing firm’s value, it can thereby reduce underpricing. The findings provided 

by An and Chan (2008), suggest that firms that obtain a credit rating indeed suffer less 

underpricing. 

The objective of this paper is to further examine to what extent credit ratings have 

a mitigating effect on IPO underpricing by reducing the potential existing information 

asymmetries between investors and increasing the value certainty of the issuing firm.  In 

this paper, we there aim to answer the questions whether credit ratings can reduce IPO 

underpricing. We perform our analysis using IPO data of the United States over a duration 

of 31 years between 1986 and 2016. In our analysis, we use firms’ annual reports and IPO 

prospectuses to account for incorrect data listed in widely used databases, to establish a 

consistent model without any misspecifications. We find that having a credit rating prior 

to issue date reduces IPO underpricing significantly. This indicates that credit ratings 

effectively reduce information asymmetries and increase value certainty about the issuing 

firm.  

In our analysis, we strive to control for the potential endogenous relationship 

between credit ratings and underpricing. We identify two potential sources of 

endogeneity. First, it may occur as the firm can choose itself whether it obtains a credit 

rating (e.g. there exists a self-selection bias). Second, having a credit rating might affect 

investors’ valuations of the firm through other channels than by the reduction of value 

uncertainty. In order to obtain consistent estimates, we approach our analysis by using 

two alternative models. First, we use Maddala’s (1983, p. 117) approach, which builds 

upon Heckman’s (1979) view that a selection bias can be viewed as an omitted variable 

bias. Second, we use Wooldridge’s (2010, p.938) generated instrumental variable 
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approach for models with an endogenous dummy variable. Our results confirm the 

existence of an endogenous relationship between credit ratings and IPO underpricing. 

This paper contributes to existing literature, as it widens the understanding about 

the role that credit ratings can play in reducing IPO underpricing. We find that having a 

credit rating can significantly reduce the amount of money left on table. Additionally, our 

results suggest that information asymmetries exist in the IPO market, and that 

underpricing increases with value uncertainty of the issuing firm. We organize the 

remainder of this paper as following. Section 2 reviews and analyses existing literature in 

both IPO and credit rating theories. We form our methodology and hypotheses in section 

3. Our data collection is described in section 4. Section 5 displays and interprets our 

results, after which we summarize and provide our concluding remarks.  

2. Literature Review 

In this section, we provide an overview of the existing literature related to Initial 

Public Offering (IPO) underpricing and credit ratings. We subdivide this section in three 

parts. First, we outline the IPO process and different theories attempting to explain IPO 

underpricing. Second, we discuss existing theories regarding the usage and quality of 

credit ratings. Third, we establish the link between credit ratings and IPO underpricing 

based on the existing literature. 

2.1 The theoretical context of IPO underpricing 

Ritter and Welch (2002) state that Initial Public Offerings (IPOs) are underpriced, 

on average, in all countries. The majority of firms going public experience a significant 

increase in their stock price on the first day of trading publicly. Ritter and Welch (2002) 

emphasize that the average first-day returns are too high to be merely explained by market 
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miss-evaluations and risk-premia. Thus, the explanation for the high significant first-day 

returns has to relate to the pre-IPO process of setting the offer price and deciding on share 

allocations to investors.  

 Ritter and Welch (2002) classify different theories that are developed throughout 

the years in order to explain IPO underpricing into different groups. These groups of 

theories are based on the assumption of asymmetric information and symmetric 

information. Theories that try to explain underpricing based on the assumption of 

asymmetric information state that one of the parties has superior information compared 

to the other parties involved in the IPO process. In contrast, the other group of theories is 

based on the assumption that the different parties involved in the process are equally well-

informed. Finally, Ritter and Welch (2002) discuss theories relating IPO underpricing to 

post-IPO ownership structure through the share allocation process separately from the 

first two groups of explanations due to an increasing focus on those theories. Below, we 

first briefly describe the simple framework of the IPO process. Second, we outline 

theories focusing on share allocation explanations related to ownership structure. Then, 

we explain theories assuming symmetric and asymmetric information.  

2.1.1 The IPO process  

Booth and Chua (1996) illustrate the IPO process during which the offer price is 

determined. Although this informational framework is based on an assumption which 

might not be the underlying assumptions for some of the theories that we outline below, 

it gives a good overview of the IPO process. The underlying assumption used in their 

framework is that all participants of the IPO process have noisy estimates of value, but 

that the quality of those estimates is equal across the different participants. Based on this 

assumption, information is produced in two ways. First, firms that are going public use 

mechanisms such as reputable underwriters in order to convey information about their 
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value estimates. Second, underwriters market the issue and approach a number of 

investors that are then encouraged to investigate the issue. Those investors then reveal 

their private value estimates and demand for the issue to the underwriter. Based on those 

estimates and the issuer’s preferred post-IPO market liquidity and ownership dispersion, 

the underwriter sets a final offer price. The final offer price includes expected 

underpricing, as investors that have revealed their private estimates and demand need to 

be compensated for doing so.  

It is important to note that above framework is already based on a strong 

assumption, namely that the involved parties have noisy information of equal quality. 

This assumption holds for some of the theories explained throughout this paper, but not 

for all of them. However, when trying to understand different potential explanations for 

IPO underpricing, it helps to understand what the different steps of the IPO process are. 

Below, we first outline explanations related to share allocations and preferred Post-IPO 

ownership structures.  

2.1.2 IPO underpricing theories related to the share allocation process 

In order to explain the underpricing of IPOs, several papers focus on the 

relationship between desired post-IPO ownership structure of the issuing firm and IPO 

pricing (Smart & Zutter, 2003). When firms are going public, the initial owners of the 

firm can decide what fraction of the firm to sell and to some extent to whom the shares 

will be sold (Field & Sheehan, 2004). These decisions will have an impact on the post-

IPO ownership structure of the firm. Therefore, original owners could potentially price 

the IPO in such a way that they can retain control of the company after the IPO. 

Booth and Chua (1996) argue that firms deliberately underprice their IPO in order 

to create ownership dispersion. In their paper, they argue that firms with a more dispersed 
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ownership structure often experience a more liquid secondary market for their shares. 

Increased liquidity in the secondary market can reduce the firm’s cost of capital. A 

dispersed ownership structure can be achieved by rationing shares if the demand for the 

shares of the IPO exceeds the number of shares offered for a given final offer price. In 

order to promote such oversubscriptions, firms can deliberately underprice the IPO. The 

empirical results of the study by Booth and Chua suggest that underpricing is positively 

related to (the demand for) ownership dispersion. This indicates that the underpricing that 

is observed in the market might be more reasonable than is often assumed. 

        Another theory that assumes that firms deliberately underprice their IPO to create 

oversubscriptions for their shares, is developed by Brennan and Franks (1997). However, 

the assumed motives for firms to underprice their IPOs differ from the motives as 

assumed by Booth and Chua (1996). Brennan and Franks (1997) argue that in the case of 

oversubscriptions, the issuing firm’s owners have the possibility to ration share allocation 

and thereby discriminate between investors. The opportunity of discriminating between 

investors allows them to ensure that new shareholders do not obtain large blocks of shares. 

In this way, the initial owners of the firm retain control of the firm and can have the 

associated private benefits associated with the control. Supporting their theory, Brennan 

and Franks find that the majority of the costs associated with underpricing are absorbed 

by non-directors. These non-directors may not have any private benefits of controls, and 

therefore often sell their shares through the IPO and post-IPO market. In contrast, 

director’s shareholdings often remain unchanged for a long period following the IPO. 

        Stoughton and Zechner (1998) use the same starting point as Brennan and Franks 

(1997), as they also relate deliberate IPO underpricing to post-IPO ownership 

structure.  However, in their paper Stoughton and Zechner argue that issuing firms use 

rationing in the IPO process to favor larger shareholders instead of smaller shareholders. 
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Blockholders potentially improve monitoring of the firm, and could thereby increase firm 

value. 

Brennan and Frank’s (1997) theory is supported by the findings from Smart and 

Zutter (2003). Smart and Zutter compare the underpricing of single-class IPOs to the 

underpricing of dual-class IPOs. In the majority of dual-class IPOs, insiders of the firm 

retain a class of shares with superior voting rights, while issuing ordinary common shares 

to outside investors. By doing so, the initial owners of the company can secure control 

without having to underprice the IPO voluntarily. In contrast, initial owners of companies 

that go public through a single-class IPO tend to secure control of the firm by underpricing 

the IPO deliberately, as this increases the dispersion of ownership. The empirical results 

provided by Smart and Zutter (2003) suggest that dual-class IPOs are indeed underpriced 

less, which is in line with Brennan and Frank’s (1997) theory that managers of dual-class 

firms lack the incentive to underprice their IPOs.   

Field and Sheehan (2004) also test the hypotheses developed by Brennan and 

Franks (1997). They find that IPO underpricing has little or no significant effect on the 

post-IPO ownership structure. More specifically, they argue that underpricing does not 

play a role as important determinant of the presence of blockholders after the IPO. 

Instead, they find that there are other factors related to the IPO process that influence the 

post-IPO ownership structure more.  

Li and Zheng (2008) describe the relationship between post-IPO ownership 

structure and IPO underpricing. In line with Field and Sheehan (2004), they do not find a 

significant relationship between underpricing and post-IPO blockholder ownership. 

Contradicting Brennan and Franks (1997), they find a negative relationship between 

ownership dispersion and underpricing. However, they do find a positive relationship 

between the number of non-block institutional investors and underpricing. Additionally, 
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they find that the number of non-block institutional investors positively influences the 

post-IPO market liquidity. As Booth and Chua (1996) also suggest, this could indicate 

that firms might use underpricing in order to target non-block institutional investors, 

thereby increasing the after-market liquidity. Aside from the share allocation process, 

available information and its distribution plays a significant role in IPO issues. Two 

opposing assumptions can be made, whether symmetric or asymmetric information exists. 

2.1.3 Underpricing theories based on the symmetric information assumption 

The first group of the other existing theories assumes that information is equally 

available to all market participants. Under such an assumption, investors, issuers, and 

underwriters use the same information in determining the value of a share. In addition, 

different investors are assumed to have the same information regarding the issue. Existing 

literature provides a variety of conjectures to which observed underpricing of common 

stock can be explained under the symmetric information assumption. These theories are 

explained briefly below. 

 Ibbotson (1975) suggests that underpricing can be used as an insurance against 

potential legal suits. Legal suits coming from errors in the prospectus may be less likely 

to occur when a stock’s initial return is positive. Tiniç (1988) supports this hypothesis 

and adds to this that this ‘insurance-against-legal-liability’ hypothesis works as protection 

from liabilities that may arise from due diligence and disclosure requirements of the 

federal securities regulations established in the Securities Act of 1933. The empirical 

results based on IPO samples just before and after the enactment of this Act, provide 

considerable support for the existence of this hypothesis. This act mandates each 

professional involved in the offering to diligently examine and inquire all information 

related. Everything that may affect a potential investor has to be properly examined and 

disclosed. It was found that the post-SEC period averaged an underpricing of 11 percent, 
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as opposed to the 5 percent in the pre-SEC period. In this sense, investors are provided 

with excess returns as an insurance premium against possibilities of small errors. Tiniç’s 

study is however subject to a number of caveats. First, he compares IPOs of 1923-1930 

to IPOs issued during 1966-1971. It is difficult to interpret differences in this data as other 

factors may have been at play here. The differences between hot and cold markets were 

not yet fully understood. Second, Tiniç’s sample post-1933 consisted of a smaller average 

real issue size than his pre-1933 sample. However, existing literature suggests that IPOs 

are generally less underpriced the greater the issue size (Chalk & Peavy, 1990, Ritter & 

Welch, 2002). The post-1933 period of Tiniç also postdates the Escott v. BarChris 

Construction Corporation litigation of 1968. Drake and Vetsuypens (1993) note that this 

law has established stricter due diligence standards for IPOs, which could explain higher 

underpricing. In their paper, Drake and Vetsuypens (1993) take a sample of 93 IPOs over 

21 years (1969 – 1990). They conclude IPO underpricing to be an inefficient way to avoid 

lawsuits, complementing Beatty (1993) and Ibbotson and Ritter (1991). They do note that 

they could only study the effect of IPO lawsuits published in the legal database. 

Furthermore, they cannot disprove that more lawsuits would have occurred if IPOs were 

not underpriced. 

Risk aversion of underwriters is another popular opinion to explain underpricing 

of equity (Tiniç, 1988). When underwriting a security, investment bankers face risks of 

an unsuccessful equity issue. To reduce these risks of incomplete offerings and associated 

costs, they use underpricing as an insurance. However, this does not explain why issuers 

do not simply insist on underwriters to adjust their spreads to compensate for the risks 

associated with the issue. A way to examine the robustness of this theory is to test if new 

issues with a best-efforts contract are be priced more correctly than those issued through 

a firm-commitment contract. As opposed to a firm-commitment contract, underwriters 

face a minimal risk under a best-efforts contract. Therefore, if underpricing is associated 
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with the risks underwriters face, there should be a significant difference. Ritter (1984) 

and Chalk and Peavy (1987) find that the opposite holds. IPO issues with investment 

bankers under a best-efforts contract tend to be underpriced by a much larger amount than 

issues with investment bankers under a firm-commitment contract. This finding casts 

serious doubt on the validity of the risk aversion hypothesis. 

Another theory explaining underpricing of equity, suggests that underwriters 

intentionally underprice issues to earn profits by allocating these issues only to favored 

customers. Ritter (1984) explains this theory in his research on the ‘Hot Issue Market of 

1980’. He argues that the IPO market is segmented and that – for some unexplained 

reason – small, more speculative firms’ IPO’s are underwritten by investment bankers 

with greater bargaining power over the issuers. The superior power of investment bankers 

works as a discouragement for managers to exert marketing efforts and integrate 

themselves with the buy-side clients to establish an accurate fair value of the issue. 

Similarly, Chalk and Peavy (1987) and Ritter (1984) suggest that underwriters could then 

allocate underpriced issues to favored outside investors, capturing larger commission fees 

that are far in excess of competitive rates. This practice, known as spinning, comes from 

the phenomenon that the issued shares are directly sold in the secondary market, or spun 

for an immediate profit and is one of the four IPO scandals that has been associated with 

the dotcom bubble at the end of the 20th century.1 Liu and Ritter (2010) find that spinning 

is significantly negatively related to the likelihood of switching underwriters between IPO 

and SEO. This suggests that spinning indeed affected corporate decision-making and was 

used by underwriters to cultivate loyalty and/or quid pro quos.  

                                                 
1 The other three IPO scandals were identified as laddering, analyst coverage, and soft-dollar commissions 
for IPO allocations. These phenomena are discussed and analyzed in depth by Hao (2007), Cliff and Denis 
(2004), and Reuter (2006) respectively. 
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Another theory to explain underpricing comes from the rationale that the 

speculative appetites of investors who were not allocated any shares at the IPO, leads 

them to increase prices once the shares are traded in the market. This theory assumes that 

the offer prices of the issue were consistent with underlying firm fundamentals. 

Speculation in the aftermarket can then push share prices above their fair value, creating 

a speculative bubble. If this theory holds, positive after-market returns will then have to 

be followed by negative after-market returns, as the created bubble bursts. Although the 

rationale behind this theory is sound, no empirical evidence has been found to support the 

claim. Ritter (1984) studies the hot market in the early 1980’s issues using a sample of 

highly speculative small natural resource IPOs. He finds that the increase in market 

valuation of these issues are consistent with the market assessment of natural resource 

issues in general. He therefore concluded that there was no evidence supporting the 

implications of a speculative bubble.  A similar explanation is provided by the 

manipulation hypothesis (Allen & Gale, 1992). This hypothesis states that manipulation 

is possible through pooling, where an informed investor may still buy a stock even though 

he knows the stock’s fundamental value in the future will be low. He may exhibit positive 

returns via a laddering arrangement with the underwriter.2 Momentum traders may choose 

to follow an informed investor, thereby creating a speculative bubble.  

Aggarwal, Krigman and Womack (2002) analyze an information momentum 

model where owner-managers strategically price their shares to maximize personal 

wealth from selling shares at lockup expiration. This information momentum effect 

attracts attention from research analysts and the media towards to stock, shifting the 

demand curve outwards, allowing managers to sell shares at a higher profit than they 

would otherwise obtain. They find that greater managerial share and option holdings lead 

                                                 
2 Laddering is an action of repeatedly buying shares in an IPO to force up the price, then selling the whole 
investment at a profit. 
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to greater underpricing. Additionally, they find that first-day underpricing is positively 

correlated with research coverage by non-leading analysts. This in turn, is positively 

correlated with stock returns to the lockup expiration. Insiders sell more stock at lockup 

expiration when research coverage is higher.  

Hakenes and Nevries (2002) propose a model in which underpricing is used as 

publicity towards the market, thereby attracting customers and increasing firm value. In 

their research, they let go of the assumption that firm value is fixed, but instead can 

depend on the process and statistics of the IPO. They find that the more enterprises rely 

on public fame or brand recognition, the more likely they are to underprice the IPO to 

reap the benefits from ‘free advertisement’. Similarly, Habib and Ljungqvist (2001) 

assess IPOs in a short time span from 1991 to 1995 and report that underpricing can also 

be seen as a substitute for costly marketing expenditures. They show that in their sample 

leaving one dollar on the table at the IPO in the form of underpricing, reduces other 

marketing costs with one dollar. 

The findings of Cliff and Denis (2004) confirm the validity of the hypothesis 

formed by Aggarwal et al. (2002) that underpricing is used, in part, as a compensation 

tool for analyst coverage as they find a positive relation between underpricing and analyst 

coverage. In their paper, they use a two-step method in order to control for the potential 

endogenous relationship between underpricing and analyst coverage. They state that 

research coverage has become more essential in securing underwriting business, in turn 

increasing the importance of star analysts. Dunbar (2000) states that the presence of a star 

analyst increases IPO market share of an underwriter. He reported that a high-ranking 

level of an analyst in the Institutional Investor Survey increases IPO market share of 

underwriters. Cliff and Denis (2004) suggest that if firms value research coverage, they 

would be willing to pay to obtain such services. They would be able to do so by allowing 

underpricing of their IPO’s, enabling underwriters to allocate these to preferred clients. 
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Underwriters in turn could benefit from these increased business relations in the form of 

future higher future trading commissions, or through an increase in the volume of 

business. Additionally, they examine the relationship between the likelihood of switching 

underwriter between IPO and SEO and the expected degree of post-IPO analyst coverage. 

They quantify expected analyst coverage by using the model of Krigman, Laurie, Shaw 

and Womack (2001). These authors find that firms with low underpricing are more likely 

to switch underwriter. Although Cliff and Denis (2004) confirm these findings, they 

additionally find that controlling for underpricing, issuing firms are more likely to switch 

underwriter if the lead underwriter does not have a recommendation standing one-year 

post-IPO issue. 

While some theories under the information symmetry assumption are supported 

by empirical evidence, with some more than others, it is believed that it does not fully 

comply with the financial market. Ritter and Welch (2002) provide a broad qualitative 

analysis on different theories of IPO underpricing under both symmetrical- and 

asymmetrical information assumptions. They state that it is unlikely for one assumption 

to be dominant in explaining underpricing, but that rather a combination of more factors 

is at play. They believe that agency conflicts, share allocations, and behavioral 

explanations are factors that require more future research, and that the challenge for such 

theories is to explain the wide variations of underpricing in the past decades. 

2.1.4 Underpricing theories based on the asymmetric information assumption 

Theories that try to explain underpricing based on the assumption of asymmetric 

information assume that one of the parties has superior information compared to the other 

parties.  In this section, we first outline an important theory based on the assumption that 

the information levels differ across investors. Second, we discuss theories that assume 

that issuers are less well informed than either investors or underwriters. Third, touch upon 



16 
 

theories based on the assumption that issuers have superior information compared to 

investors or underwriters.  

Rock (1986) developed a leading theory related to the IPO underpricing literature. 

His theory is based on the assumption that the information level differs across investors. 

According to his theory, investors that are relatively well-informed, will only buy shares 

if they think the issue is a good issue. In this case, a good issue refers to high demand for 

the shares. A high demand for the shares of the firm that is going public makes it likely 

for the IPO to be underpriced, as it is likely that demand will also be high on the first day 

of trading publicly. In the case of underpricing, investors that have bought shares at the 

offer price generate a positive return on the first day of trading. Less-informed investors 

do not know beforehand which issues are good and which issues are bad, and therefore 

try to buy shares in both cases. In the case of good issues, the number of shares investors 

demand is usually higher than the number of shares that is being sold through the IPO. 

This causes the share allocation to be rationed, meaning that investors only receive a 

partial allocation and not the total number of shares they wanted to buy. In the case of a 

bad issue, uninformed investors will receive full allocations as the informed investor do 

not request any shares. Only receiving full allocations in the case of a bad issue is often 

referred to as the winner’s curse. In order for the uninformed investors to break even, 

IPOs have to be underpriced. 

Welch (1992) develops a theory based on the assumption that investors are better 

informed. An issuer may pay close attention not only to their own issue, but also to 

investors’ demands. Underwriters approach interested investors in order to gauche the 

investors’ demand. An investor’s demand is shaped not only by private information, but 

also by looking what other investors do. Welch refers to cases where not all investors 

have to indicate their demand for the shares simultaneously, but are approached 

sequentially instead. Investors approached after some time can infer information from 
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investors approached earlier in the process. If the early investors do not engage in buying 

an issue, an investor might refrain from investing as well, irrespective of favorable private 

information about the firm that is going public. Thus, investors might ignore their private 

information about the firm and base their decision whether to invest on the information 

revealed by earlier investors. In case a few of the early investors believe that the IPO is 

overpriced, investors that are approached by the underwriter later during the process will 

also be discouraged to invest. This can cause the IPO to fail completely, as all investors 

will now abstain from investing. In contrast, if early investors believe the IPO is 

underpriced they might encourage the other investors to also invest heavily. In the latter 

case, an almost unlimited demand for the issue can be created. Thus, based on the beliefs 

of the early investors, IPOs can rapidly fail or become a success, a phenomenon that 

Welch (1992) named informational cascades. In order to completely avoid failure, issuers 

can underprice their IPO as to ensure that early investors perceive the offering as being 

underpriced. Amihud, Hauser and Kirsch (2003) find evidence supporting the theory of 

Welch (1992). They indicate that there are limited IPOs that are moderately 

oversubscribed or undersubscribed. Instead, most IPOs appear to be either heavily 

oversubscribed or heavily undersubscribed. 

A second theory based on the assumption that investors are better informed relates 

underpricing to the pre-IPO price setting process (Benveniste & Spindt, 1989). Firms can 

use underwriters to gauge investors’ demand and information to better set an accurate 

price. Benveniste and Spindt show that underwriters then set a preliminary offer price 

range, and use this information to assist in pricing of the issue. This practice of 

bookbuilding allows underwriters to go on a road-show to market the company to 

prospective buyers. If there is a high demand, underwriters will set a higher offer price. 

Investors know, however, that if they show their demand they will indirectly increase the 

initial offer price. To induce investors to reveal their true interest, underwriters must offer 
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them something in return. They do this by offering them a combination of more IPO 

allocations and underpricing if they show a willingness of buying at a higher price.  

This phenomenon – the information-gathering theory as stated by Benveniste and 

Spindt (1989), is studied by Hanley (1993), who finds that underpricing tends to be higher 

when underwriters increase the offer price from their original estimate. She explains that 

this finding comes from the extra underpricing underwriters require from the issuer to 

provide investors to induce them to reveal their true personal demands. They do so by 

setting price limits (instead of quantity limits) or revised bids, as found by Cornelli and 

Goldreich (2001). Ritter and Welch (2002) show that this pattern was consistent 

throughout 1980 to 2001. Assessing the mean first-day returns of IPOs, they categorize 

IPOs by whether the offer price is below, within, or above the original file price range, 

and show average first-day returns of 3-, 12-, and 53 percent respectively. The 53-percent 

return significantly exceeded the 3- and 12 percent returns. However, Ritter and Welch 

(2002) state that although the information gathering perspective of this bookbuilding 

perception is useful, it cannot explain an average of 53 percent first-day returns. They 

argue that this theory is unlikely to explain more than a few percent of underpricing. 

Baron (1982) models a set-up where issuers are less informed than underwriters, 

not relative to investors. Issuing firms would like the underwriters to market shares for 

the issue at first-best level. However, monitoring the underwriter would come at a cost 

that the issuer has to bare. In order for the underwriter to exert maximum effort to market 

the shares, it can be optimal for the issuer to allow for some underpricing, instead of 

having to monitor de underwriter closely. Muscarella and Vetsuypens (1989) find results 

that suggest that Baron’s theory might not hold. They investigate the IPOs of underwriting 

firms themselves, and find that those IPOs are also underpriced. As underwriting firms 

themselves do not face the monitoring problem non-underwriting firms do, you would 

expect that their issues would not be underpriced if Baron’s hypothesis holds. However, 
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it is important to note that underwriters might deliberately underprice their own IPOs, in 

order to indicate that underpricing is a necessary cost related to going public.  

In contrast to a number of theories assuming that either investors or underwriters 

have superior information compared to the issuing firms, below described explanations 

for IPO underpricing are based on the assumption that issuers are better informed than 

the other parties involved in the IPO process. In case issuers have superior information 

compared to investors, it can be difficult for investors to distinguish between firms of 

high quality and firms of low quality. Ritter and Welch (2002) argue that in such a setting, 

a lemons problem for rational investors exists. As investors do not have sufficient 

information in order to decide whether a firm is of high or of low quality, they are only 

willing to pay the average price for IPOs. However, at this average price only firm of 

worse-than-average quality want to sell their shares. To make it possible for investors to 

distinguish between low-quality and high-quality firms, high-quality firms may try to 

signal their quality to investors. 

        Welch (1989) describes a signaling model in which high-quality firms deliberately 

underprice their IPO, in order to obtain a higher price for subsequent equity offerings 

(SEO) He assumes that low-quality firms incur imitation expenses when they attempt to 

appear to investors as being a high-quality firm. High-quality firms can then add signaling 

costs on top of the already existing imitation expenses for low-quality firms by 

underpricing their IPOs. If the imitation expenses combined with the signaling cost are 

sufficiently high, it might be optimal for low-quality firms to voluntarily reveal their 

quality themselves.  Welch (1989) does find that many firms raise significant additional 

equity capital during the years following the IPO, and it seems clear that firms take into 

account potential future equities when conducting their IPO. However, in further analysis, 

Ritter and Welch (2002) state that is not clear whether post-IPO issue activity can explain 

underpricing specifically, or IPO activity in general. 
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        Jegadeesh, Weinstein and Welch (1993) use Welch’s signaling theory developed 

in 1989 as a starting point. They estimate the relationship between secondary equity 

offering activity and IPO underpricing. More specifically, they examine the relationship 

between the probability of a SEO within a short time after the IPO and underpricing and 

find that the degree of underpricing and the probability of a secondary equity issue are 

positively related. However, they also find that returns in the 40-day period following the 

IPO are also strongly positively related to the probability of a secondary equity issue. This 

indicates that it is not underpricing specifically that can explain secondary equity offering 

activity, but that returns in general predict whether a firm will issue seasoned equity or 

not. Therefore, the findings by Jegadeesh et al. (1993) can only be considered to be weak 

evidence in favor of the signaling hypothesis. 

        Based on their findings, Jegadeesh et al. (1993) propose an alternative hypothesis 

explaining SEOs. This market-feedback hypothesis refers to the idea that stock price 

changes can provide valuable information about the profitability of the firm. In contrast 

to the signaling hypothesis, the market-feedback hypothesis assumes that investors are 

better informed than issuers. The returns in the period following the IPO can indicate to 

firms whether their projects are considered to be profitable, and whether the firm’s 

investments should be increased. 

        Francis, Hasan, Lothian and Sun (2010) state that the evidence in favor of the 

signaling hypothesis seems to be mixed at best. They argue that not all issuers of high-

quality need and want to signal their quality by underpricing their IPO. Instead, they argue 

that only firms that face higher information asymmetries are likely to use underpricing as 

a signaling device. They estimate a similar model as Jegadeesh et al. (1993), to examine 

the relationship between underpricing and SEOs. However, they focus on a sample of 

foreign IPOs, i.e. IPOs of foreign companies in the United States. They then split up the 

sample in firms from financially integrated markets and firms from financially segmented 
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markets. They state that firms from financially segmented are likely to experience a high 

degree of information asymmetry and often lack access to external capital markets. 

Therefore, those firms are more likely to use underpricing as a signaling device. Their 

results support their hypotheses, as they find a strong relation between underpricing and 

the probability of a SEO for firms from segmented markets. For firms from financially 

integrated markets, they find that the analyst-coverage purchase hypothesis appears to be 

better in explaining IPO underpricing. 

 Even though the evidence for some of the theories is mixed, it appears that the 

theories under the information asymmetry assumption in the IPO market often form the 

starting point to explain positive first-day IPO returns. Norden and Weber (2004) state 

that credit rating agencies are important institutions that can reduce information 

asymmetry between capital market participants. Therefore, we outline the function and 

quality of credit ratings below. Then, we discuss the ability of credit ratings to reduce 

information asymmetries in financial markets. Finally, we describe and analyze the 

existing literature linking credit ratings to the IPO process at the end of the literature 

review. 

2.2 The theoretical context of credit ratings 

 Aside from important theories and prior research done in the IPO literature, it is 

important to identify and examine the many features of credit ratings. Below we critically 

assess prior research done on these financial instruments and then attempt to link this 

research to the IPO market. 
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2.2.1 The function and quality of credit ratings  

Credit ratings are widely used in financial markets, which are created by credit 

rating agencies (CRAs) to provide information on the quality of a firm beyond other 

publicly available information. Griffin and Sanvicente (1982) state that CRAs act as a 

carrier of private information. Additionally, they are seen as outside “gatekeepers” that 

act as independent reputational intermediaries that protect outside investors (Pinto, 2006). 

CRAs assess the creditworthiness of a firm through assessing firms’ default and credit 

risks, and reflect a company’s score without revealing too much information. A firm uses 

these agencies as they might be reluctant of giving out company information that could 

give away corporate strategies to competitors.  

  Credit ratings consist of a small number of rating categories, while default and 

credit risks of firms lie in a continuum. Therefore, assigning rating categories to these 

risks would lead to rating coarseness. Goel and Thakor (2013) explain in their paper that 

the cost of credit rating coarseness is easy to observe. Credit rating coarseness is the extent 

of imprecision of ratings, and therefore the quality of information about a firm. If 

investors act on these ratings, increased coarseness reduces overall welfare. Goel and 

Thakor (2013) develop a model in which it is a CRAs incentive to balance divergent goals 

of issuers and investors. In this model, investors wish ratings to be as accurate as possible, 

whereas issuers wish to receive a rating that is a high as possible, since higher ratings 

mean lower costs of debt financing. Because CRAs’ revenues come from fees received 

from issuers, this creates a tradeoff between the incentive of underwriters to please paying 

customers and precision of credit ratings. 

This incentive to inflate ratings keeps ratings agencies from a credible 

presentation of firm quality, leading to a breakdown in the market for credit ratings with 

firm qualities that lie in a continuum. CRAs then end up reporting a rating whose inflation 
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lies below the upper bound that is acceptable to the agency. In turn, increased coarseness 

leads to two contrasting effects of representation of firm risk. First, sufficient coarseness 

leads to CRAs having to choose between an accurate rating and an inflated rating, where 

the rating scheme is designed to favor the accurate rating over the inflated one (Goel and 

Thakor, 2013). Second, coarseness has a cost that arises from imprecise presentation of 

firm quality coming from inflated coarse ratings. Investment decisions relying on inflated 

coarse ratings will reduce overall welfare. 

Another model that was used to test credit rating coarseness was that of Tang 

(2009). He examines Moody’s credit rating refinement of 1982, where Moody’s included 

in its credit ratings classes rating modifiers of ‘1’, ‘2’, or ‘3’ to represent best, average, 

and worst credit quality respectively. This effectively increased credit rating categories 

from nine to nineteen. Tang showed that firms’ ex-ante borrowing costs changed 

significantly based on whether they were down- or upgraded. Firms that received higher 

refined ratings saw a drop of 20 basis points in their corporate bond yield. Goel and 

Thakor (2013) confirmed this finding and found that upgraded firms had faster asset 

growth than those who were downgraded.  

Goel and Thakor (2013) show that competition of CRAs also plays a role in credit 

coarseness. They show that going from one to two CRAs can actually increase rating 

coarseness. The reason for this is that an increased availability of rating agencies lowers 

CRA’s marginal impact on investor’s perception of quality or credit ratings. The 

increased availability of information does however increase aggregate information 

available, in turn increasing overall welfare. 

It is complex to determine the quantitative consequences of credit coarseness and 

imprecise rate reporting. However, after the mass defaults of highly rated finance 

products in 2007 and 2008, many researchers found that it was time to renew their focus 
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on the quality of ratings issued by CRA’s (Dimitrov, Palia & Tang, 2015) In 2008, both 

Lehman Brothers and AIG collapsed with at least A-ratings maintained at Moody’s, 

Standard & Poor’s, and Fitch at the time of default. In response to this, the Obama 

administration and United States Congress passed the Dodd-Frank Wall Street Reform 

and Consumer Protection Act in 2010. This act contained two important provisions. First, 

CRAs’ liabilities for issuing inaccurate ratings was significantly increased by lessening 

the standards for private actions and lawsuits against the agencies. Second, the act made 

it easier for the Securities and Exchange Commission (SEC) to impose sanctions on CRAs 

for misstatements and fraud. 

 In their paper, Goel and Thakor (2013) find that although CRAs did not 

significantly improve the quality of reported ratings post-Dodd-Frank, they do become 

more protective of their reputation. This phenomenon is consistent with the reputation 

model introduced by Morris (2001). He argues that a reputational bias can interfere with 

information quality going from an informed advisor (CRA) to an uninformed decision 

maker (investor). This reputational bias arises from a belief an investor can have that the 

CRA might be biased towards a direction. This bias in fact is present as a CRAs get paid 

by issuers for their services. Dimitrov et al. (2015) examine this theory and create a model 

to assess pre- and post-Dodd-Frank credit rating quality. In their research, they find that 

CRAs issue lower ratings following Dodd-Frank, give more false warnings, and issue 

downgrades that are less informative. These results are consistent with the reputation 

hypothesis and suggest an increased level of protectionism of reputation. They also find 

that these results are stronger for industries with low Fitch market share, suggesting that 

the incumbents in the market (Moody’s and Standard & Poor) have stronger incentives 

to protect their reputation.  
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2.2.2 Informativeness of credit ratings 

Although above theories shed light on existing biases of credit ratings, CRAs still 

provide a significant amount of information not available to the public. Belkaoui (1983) 

claims that the “inside” information credit ratings provide, conveys firms’ future 

investment/financing plans, projections of future income, and capital plans, and has an 

effect of lowering bond yields and therefore cost of capital for those firms that obtain a 

corporate credit rating.  

When a CRA assigns a credit rating to a firm, it pools the firm in a group of firms 

in the same score category. In the extreme case, firms in the same pool should then yield 

the same bond spreads and have the same default probability. In the event of a rating 

adjustment, the firm is assigned a higher or lower rating with a lower or higher underlying 

risk respectively. Ederington, Yawitz, and Roberts (1987) analyze whether rating changes 

have any informational content by analyzing the market reactions right before and after a 

rating change. They find that market yields vary with ratings independently of financial 

accounting variables considered, suggesting the existence of ratings’ informational 

content. One limitation to this finding is that the magnitude of market adjustments due to 

a rating change depends on ratings’ informational content as well as an agency’s 

promptness of rating revisement. A market adjustment can be small if rating revisement 

is fast and occurs as soon as risks cross the borderline between ratings. If, however, 

revision is slow, the riskiness may lie within the rating interval, resulting in a larger price 

adjustment. Therefore, an important feature in determining to what extent market 

adjustments arise from credit rating changes comes from the size of rating intervals. 

Hite and Warga (1997) examine investment performance of bonds undergoing 

rating changes. Downgrades in bond ratings between any levels appear to yield significant 

effects on returns for both Moody’s and Standard & Poor’s ratings. Additionally, they 
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find that upgrades going from a non-investment grade level to an investment grade level 

yield significant positive effect to returns. However, other upgrades yield an insignificant 

or weakly significant effect. In line with Ederington et al. (1987) and Hite and Warga 

(1997), Hull, Mirela, and White (2004) explore the relationship between rating 

announcements and the credit default swap (CDS) market. As such they examine the 

effects of analysts’ forecasts of the future rating of the firms. These effects fall into three 

categories: upward rating revision, downward rating revision, and no revision. Aside from 

analyzing rating change announcements, they examine the effect of so called Watchlists 

and outlook reports. Watchlists are defined as reviews for either an upward or downward 

revision rather than the rate change announcement itself. They perform two analyses. 

First, they examine CDS changes conditional on a rating announcement. They find that 

reviews for downgrade contains significant information, but that negative outlooks and 

downgrades do not. They find an anticipation effect for each type of rating change 

announcement. Second, they examine credit rating announcements conditional on CDS 

levels and CDS changes. Here they find a significant effect for credit rating downgrade, 

review for downgrade, and negative outlook on adjusted spread changes. This indicates 

that negative forecasts yield informational content beyond what is publicly available, and 

therefore lowers information asymmetry.  

Similarly, Norden and Weber (2004) analyze the response of the stock market and 

CDS market to rating announcements. Instead of focusing on one agency, they include 

Standard and Poor’s, Moody’s, and Fitch in their analysis. They find that for all three 

rating agencies both markets respond to rating downgrades and review for downgrades, 

and a weak / insignificant result for rating upgrades. These findings are similar to those 

of Griffin and Sanvicente (1982), Hite and Warga (1997), and Hull et al. (2004). 
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Having found evidence for the existence of informational content of credit ratings 

and their clear effect on the financial market, we continue to examine how these effects 

relate to firms in the private sector that are going public.   

2.3 Credit ratings and IPO underpricing 

From the above subsections, it becomes clear that there exist many different 

theories trying to explain IPO underpricing. A great number of these theories assumes 

that some kind of information asymmetry between market participants forms the basis for 

this phenomenon. Additionally, we indicate in subsection 2.2 that credit ratings provide 

information about firms that is otherwise not publicly available. Hence, credit ratings 

could potentially narrow the information asymmetries that exist between market 

participants in the IPO market and increase the value certainty of the issuing firm. An and 

Chan (2008) were the first to examine whether firms with credit ratings indeed experience 

less underpricing.  

In their paper, An and Chan (2008) establish a model in which they link credit 

ratings and their influence on IPO underpricing. They argue that, if underpricing increases 

with information asymmetries in the IPO market and with value uncertainty about the 

issuing firm, credit ratings can potentially reduce underpricing. They find that if a firm 

has a credit rating before going public, it experiences significantly lower underpricing. 

Their sample includes IPOs ranging from 1986 to 2004 and they control for several issue- 

and market related variables. Moreover, they use different methods in order to attempt to 

control for the potential endogenous relationship between the decision for a firm to obtain 

a credit rating or not and IPO underpricing. They argue that the potential endogeneity 

stems from the fact that issuing firms can choose themselves whether to obtain a credit 

rating. 
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Besides finding a lower level of underpricing for firms that have obtained a credit 

rating pre-IPO, An and Chan (2008) also find that credit rating levels do not affect IPO 

underpricing differently. This suggests that instead of the rating level, obtaining a credit 

rating reduces uncertainty and information asymmetry, irrespective of which level the 

firm receives. Therefore, they conclude that the mitigating effect on underpricing in IPOs 

works through the mere existence of the credit rating.  

3. Methodology and Hypothesis 

 In this section, we outline the methods used in order to examine the relationship 

between the presence of pre-IPO credit ratings and IPO underpricing. First, we explain 

the main model in it most basic form without emphasizing on potential shortcomings. 

Second, we describe the potential for an endogenous relationship between credit ratings 

and underpricing. Third, we provide comprehensive descriptions of the two techniques 

that will be used in order to account for the potential endogeneity bias. Fourth, we provide 

the motivation for including the selected control variables and their expected effect on 

underpricing. Finally, we describe our instrumental variable in detail, before finishing 

with our formal hypothesis regarding the effect of credit ratings on IPO underpricing, 

3.1 Model of interest and OLS estimation 

The objective of this paper is to test whether obtaining a credit rating before the 

initial public offering can reduce underpricing of the IPO. We test this by estimating the 

relationship between underpricing of the IPO and whether a firm has a credit rating 

(CreditRating) before going public. The model of interest is specified as follows; 

 

𝑈𝑃 = 𝛼 +  𝛿 ∗ 𝑋 +  𝛽 ∗ 𝐶𝑅 +  𝜀  (𝟏),  
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Where 𝑈𝑃  represents underpricing for firm i, which is defined as the percentage change 

in the stock price of firm i on the first day of trading publicly; 

 

𝑌 = 𝑈𝑛𝑑𝑒𝑟𝑝𝑟𝑖𝑐𝑖𝑛𝑔 =
( )

∗ 100% (2) 

 

In equation (1), 𝐶𝑅  represents a dummy variable indicating whether firm i has a credit 

rating before going public. We limit the timeframe as such that a credit rating needs to be 

observed within a year prior to the IPO. The parameter of main interest is 𝛽, as this 

parameter indicates whether the presence of a credit rating influences IPO underpricing. 

A vector of independent control variables is represented by 𝑋𝑖, and the vector consisting 

of their parameters by  𝛿. Finally, 𝜀  is the error term included in the model. 

 The model will first be estimated using basic ordinary least squares (OLS) 

estimation. Underpricing will be the dependent variable of various model specifications. 

All specifications include CR as the independent variable of interest, but the control 

variables included vary across the specifications in order to examine which control 

variables seem to play a key role in explaining underpricing. In the model specifications, 

we account for industry and time fixed-effects using dummy variables.  

3.2 Potential endogeneity bias 

  When using OLS to estimate model (1), we ignore the potential for endogeneity, 

leading to estimates that are likely to be biased and inconsistent. In this subsection, we 

explain where the potential endogeneity arises from. From an economic point of view, 

we identify two potential sources of endogeneity. We first provide the main condition that 
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is required to hold in order to obtain consistent estimates. Second, we discuss the first 

source that can potentially cause credit rating to be endogenous in model (1). Third, we 

discuss the other potential source of endogeneity.  

In order to obtain consistent estimates of 𝛽, we need the variable 𝐶𝑅  to be 

uncorrelated with the error term, 𝜀 . In other words, the error term needs to be independent 

of 𝐶𝑅 . More formally, the zero-conditional mean assumption in relation to model (1) and 

𝐶𝑅  specifically, can be expressed as following; 

 

𝐸(𝜀|𝐶𝑅  = 1) = 𝐸(𝜀|𝐶𝑅  = 0) =  𝐸(𝜀|𝐶𝑅  ) = 0 (3) 

 

If the above condition is violated, 𝐶𝑅  is correlated with the error term and the 

OLS estimator will yield inappropriate inferences (Lowry & Shu, 2002). 

When estimating the relationship between underpricing and  𝐶𝑅 , we are likely to 

find that the error term and 𝐶𝑅  are not independent. Wooldridge (2010) describes how 

self-selection can cause the error term to be correlated with one or more of the 

independent variables in the model. Self-selection refers to the possibility for agents, in 

this case issuing firms, to determine the value of one of the independent variables. 

Whether a firm has a credit rating is not random, but depends on firms’ decisions to obtain 

one instead.  If there are unobservable factors that both influence the decision whether to 

obtain a credit rating and influence the degree of underpricing at the same time, the error 

term in model (1) will be correlated with the 𝐶𝑅  variable. This stems from the fact that 

variables that are unobservable cannot be included in model (1).  
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An example of an unobservable factor that potentially influences both IPO 

underpricing and the decision to obtain a credit rating is the value of patents that a firm 

has. As this can represent a large portion of the firm’s value, it might influence the firm’s 

optimal capital structure and thus the decision whether to obtain a credit rating. At the 

same time, one can argue that the value of firms for which patents are a large portion of 

the total firm value is relatively uncertain. Based on the arguments we outline in the 

literature review above, underpricing of the IPO is said to be increasing with uncertainty 

about the firm’s value. As the value of a firm’s patents in not directly observable, we 

cannot include it in model specification (1). As 𝐶𝑅  potentially depends on the firm’s 

patents value, it can be correlated with the error term. In that case, 𝐶𝑅  is endogenous in 

equation (1), and estimating the effect of 𝐶𝑅   on underpricing using OLS will lead to a 

biased and inconsistent estimated parameter for 𝐶𝑅 . 

Having mentioned the fact that OLS estimation of equation (1) is likely to suffer 

from the self-selection bias mentioned above, we discuss another potential source of 

endogeneity. The second potential source of endogeneity stems from the idea that 

investors base their company valuations on their analysis of fundamentals of the 

company. The valuation of these fundamentals is potentially influenced by a credit rating. 

To explain this more formally, we refer to a simplified version of Merton’s model 

(Merton, 1973). Let us propose that a firm’s value (At) depends on a firm’s equity and 

debt value as: 

 

𝐴 = 𝐸 + 𝐷  (4) 

 

This firm issued a single class of debt, a zero-coupon bond, with a face value of 

K payable at time T. If at time T firm value is lower than the face value of the bond and 



32 
 

default occurs, creditors take over the company and realize the amount AT, leaving ET = 

0 for the shareholders. If the firm does not default, creditors realize K and leave 

ET = AT - DT  for the shareholders. This leads to a payoff function for shareholders and 

debtholders of: 

 

𝐸 = max(𝐴 − 𝐾, 0) (5) 

𝐷 = min(𝐴 , 𝐾) = 𝐾 − (𝐾 − 𝐴 )  (6) 

 

Following the reasoning of Merton (1974) and Sundaresan (2013), we point out 

that from above equation it is clear that the creditors of the firm short a put option on the 

assets of the firm with a strike price equal to K. Using the put-call parity and taking the 

above equations to current times we can express the debt and equity values as: 

 

𝐷(𝑉 , 𝑡) = 𝑃𝑉[𝐾](𝑡, 𝑇) − 𝑃𝑢𝑡(𝑉 , 𝐾, 𝑟, 𝑇 − 𝑡, 𝜎) (7) 

𝐸(𝑉 , 𝑡) = 𝐶𝑎𝑙𝑙(𝑉 , 𝐾, 𝑟, 𝑇 − 𝑡, 𝜎) (8) 

 

From the above equations, it becomes clear that the equity value can be seen as a 

call option of shareholders on the assets of the firm. If obtaining a credit rating would 

yield an effect on the firm fundamentals, in turn affection investors’ valuation of the issue 

as the underlying of the call option now changes, we would have an endogenous relation 

between CreditRating and Underpricing.  
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The second potential source of endogeneity can be illustrated by an example that 

relates to the monitoring role of credit rating agencies. As argued by Bonsall, Koharki 

and Neamtio (2015), credit rating agencies can play an important role in monitoring the 

firm’s activities. Because the credit rating agencies monitor the activities, firms might 

move away from behavior that can potentially have a negative impact on their rating. In 

other words, firms might choose for different investment opportunities than they would 

have done otherwise. This behavior can have an effect on the firm’s fundamentals. If the 

value of those fundamentals then has an impact on the investor’s valuation of the issue, it 

is likely that underpricing is also affected. As some of the fundamentals are likely to be 

part of the error term (𝜀 ) in equation (1), this then causes the credit rating variable to be 

correlated with the error term. 

3.3 Methods used to obtain consistent estimates 

The previous subsection indicates that it is unlikely that basic OLS will generate 

consistent estimates. Therefore, we describe two methods in order to control for the 

(potential) endogeneity in this subsection. In addition, we use methods in this paper that 

allow for two separate tests to determine whether equation (1) indeed suffers from 

endogeneity. We also explain these tests in this subsection in combination with the 

estimation method they are linked to. The first method we discuss is a specific 

instrumental variable approach suggested by Wooldridge (2010, p.938). The other 

method, is the two-step estimator developed by Maddala (1983), where a self-selection 

correction factor is created based on the first step and added during the second step. This 

method is based on Heckman’s (1978) approach to a model in which one of the binary 

regressors is endogenous.  
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3.3.1 Instrumental variable approach 

In this subsection, we outline the approach in order to deal with the potential 

endogeneity bias. Additionally, we discuss the necessary conditions for the validity of the 

instrument.3 Finally, we discuss the test for endogeneity based on the method we use. 

3.3.1.1 Instrumental variable method 

Wooldridge (2010, p. 938) offers an approach to obtain consistent estimates in 

models where a binary regressor is endogenous. As discussed before, it is likely that the 

binary variable 𝐶𝑅  is endogenous in model 1; 

 

𝑈𝑃 = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 +  𝜀  (𝟏),  

 

Because the endogenous variable in the model is binary, the model is called a 

dummy endogenous variable model. To control for the endogeneity in such a model, one 

can then use a two-step instrumental variable method (Wooldridge, 2010). This method 

exploits the binary nature of the endogenous regressors. In the first step, we estimate a 

probit model for the endogenous regressor using maximum likelihood. From the first 

regression, we obtain the fitted probabilities for the endogenous variable. In the second 

step, we estimate the equation of main interest using two-stage-least-squares (2SLS) and 

the obtained fitted probabilities (𝐶𝑅∗∗)  from the first-step model serve as instrument for 

the endogenous binary regressor CreditRating (𝐶𝑅 ).  

 We follow a similar approach as Cliff and Denis (2004), who estimate the effect 

of analyst coverage on IPO underpricing. First, we identify a set of exogenous variables 

                                                 
3 Once the necessary conditions and instrument are identified, we will discuss the validity of our 
instrumental variable. 
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that could explain IPO underpricing and the decision for a firm whether to obtain a credit 

rating. Using those variables, we estimate the first-step probit model with credit rating 

(𝐶𝑅 ) as dependent variable. We include all exogenous variables, both the variables 

explaining underpricing and the variables explaining a firm’s decision to obtain of a credit 

rating. Using the estimated parameters from the first step probit-model, we generate the 

fitted probabilities of obtaining a credit rating for all firms. In the second step, the fitted 

probabilities obtained from the probit model serve as an instrument for CreditRating 

(𝐶𝑅 ) in a 2SLS estimation of equation (1). It is important to note that we refer to the 

above procedure as being a two-step procedure, instead of a two-stage procedure, like in 

An and Chan (2008). The first step consists of the probit estimation of 𝐶𝑅 . Subsequently, 

the second step itself consists of two stages as the actual 2SLS procedure starts after 

estimating the probit model in the first step. In the first stage of the 2SLS procedure, we 

regress 𝐶𝑅  on the fitted probabilities from the probit model (𝐶𝑅∗∗) and the exogenous 

control variables (𝑋 ). In the second stage, we regress Underpricing (𝑈𝑃 ) on the newly 

obtained “fitted values” (from the first stage of the 2SLS procedure) and the control 

variables. The additional estimation step that we take in this paper, compared to 

conventional 2SLS estimation, leads to improved efficiency. 

The instrumental variable approach for a model with a binary endogenous 

regressor has an important robustness property (Wooldridge, 2010, p.939). As we use the 

fitted probabilities as an instrument for CR, the first-step probit model does not have to 

be specified correctly. If one uses the fitted probabilities obtained from the probit model 

in place of 𝐶𝑅  instead, then it is necessary that there is no misspecification in the probit 

model. If there is misspecification in that case, the estimate of 𝛽 will be inconsistent. In 

order to obtain consistent results, we first estimate the first-step probit model and obtain 

the fitted probabilities of having a credit rating from that estimation. Then, as part of the 

first stage of the 2SLS estimation, we regress 𝐶𝑅  on the fitted probabilities from the first-
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step. By including this additional step, we allow for some misspecification in the first-

step probit model. Even in the presence of misspecification, we obtain a consistent 

estimate of the parameter (𝛽) related to the effect of credit ratings on IPO underpricing, 

in the second step estimations. 

3.3.1.2 Conditions for a valid instrument 

As mentioned before, once the fitted probabilities from the first-step probit model 

are obtained, they are used as an instrument for  𝐶𝑅  in the 2SLS procedure. To avoid any 

confusion, we note that that we refer to the fitted probabilities obtained from the probit 

model as the instrument. By the instrumental variable, we refer to the variable that is 

included in the probit model but that is not part of the 2SLS procedure. It is important to 

be able differentiate between the instrument and the instrumental variable, as the 

instrument is generated based on the first-step probit model where the instrumental 

variable is included. There are three conditions that need to be satisfied in order for the 

fitted probabilities to be a valid instrument. First, the instrumental variable needs to be 

absent and uncorrelated with the error term (𝜀  ) in equation (1). This is known as the 

exclusion restriction. Second, 𝐶𝑅  needs to depend on the fitted probabilities obtained 

from the probit model. Third, we require that the instrumental variable is partially 

correlated with 𝐶𝑅  in the first-step probit model. 

 Even if there are no additional exogenous regressors (no other exogenous 

variables than the variables in 𝑋  in equation (1)) included in the probit model, 𝐶𝑅  and 

𝛽 are technically identified. This stems from the nonlinearity in the probit model; the 

fitted probabilities, which are used as an instrument for 𝐶𝑅 , are a nonlinear function of 

the exogenous control variables, 𝑋𝑖. This ensures that the fitted probabilities are not 

perfectly correlated with 𝑋𝑖, so they can be used as an instrument for 𝐶𝑅 . More 

specifically, there exists partial correlation between 𝐶𝑅  and 𝐶𝑅∗∗ after controlling for the 
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exogenous variables in 𝑋 . Excluding these additional exogenous regressors in the first-

step probit model can lead to severe multicollinearity in the second step (2SLS). This, in 

turn, can cause the estimate of 𝛽 to be imprecise. 

To obtain consistent and precise estimates, we include an additional regressor 

(from here on instrumental variable) in the first-step probit model. The first-step probit 

model estimates equation (9) below. The instrumental variable is represented by 𝑍 . 

 

𝐶𝑅 =  𝛾 ∗ 𝑍 +  𝜛 ∗ 𝑋 +  𝜂    (9) 

 

The instrumental variable is argued to be absent in model (1), and uncorrelated to 

the error term in model (1). More specifically, the variable in 𝑍  does not directly 

influence underpricing, nor does it influence underpricing indirectly through other factors 

than credit ratings. It only, indirectly, has an effect on underpricing through its correlation 

with credit ratings. In section 3.4.2 we explain this exclusion restrictions in more detail, 

based on the existing literature related to underpricing and the instrumental variable. More 

formally, we can express the necessary condition with respect to the instrumental variable 

in order to obtain consistent estimates as; 

 

𝐸[𝜀 ∗  𝑍 ] = 0 (10) 

 

If the above condition is violated, our 2SLS estimates will be inconsistent. This 

stems from the fact that the instrument for 𝐶𝑅 , the fitted probabilities (𝐶𝑅∗∗) obtained 

from the first step-probit model, are a function of the instrumental variable and the 
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exogenous variables in 𝑋𝑖. To obtain consistent estimates in the 2SLS procedure, we 

require the instrument to be uncorrelated with the error term, which is satisfied if the 

above condition holds.  

Additionally, it follows from Wooldridge (2010, p.940) that it is required that 

credit rating (𝐶𝑅 ) actually depends on the fitted probabilities (𝐶𝑅∗∗) in the first stage of 

the 2SLS estimation. More specifically, in the first stage estimation; 

 

𝐶𝑅 =  𝛼 + 𝜃 ∗ 𝐶𝑅∗∗ +  𝜏 ∗ 𝑋 +  𝑢    (11), 

 

it is required that the coefficient on 𝐶𝑅∗∗, 𝜃, is different from zero in order to 

obtain consistent estimates. We test this using an F-test on the coefficient of 𝐶𝑅∗∗. To 

consider the instrument to be strong, we require the value of F-test to be above ten.   

Finally, we require there to be a significant partial correlation between the 

instrumental variables and credit ratings (𝐶𝑅 ) in the first-step probit model. If after 

controlling for the other exogenous variables, the correlation between 𝐶𝑅  and the 

instrumental variable is insignificant, it is likely that the 2SLS estimation suffers from 

severe multicollinearity. In that case, the estimates will be imprecise (Wooldridge, 2010, 

p.940). In addition, even though we argue in section 3.4.2 that the exclusion restriction 

related to the instrumental variable is satisfied, little correlation between the instrumental 

variables and the error term in equation (1) can lead to severely biased 2SLS estimates if 

the partial correlation between the instrumental variable and the endogenous variable is 

insignificant. We test for the strength of the instrumental variable by a t-test on the 

coefficients of the instrumental variable in the probit model.  
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3.3.1.3 Hausman’s test for endogeneity 

To test whether the estimation of equation (1) using OLS suffers from 

endogeneity, we perform the Hausman test. This test compares the estimates obtained 

using OLS with the estimates obtained using 2SLS. We choose to approach this test step 

by step as opposed to using the pre-installed Stata commands to fully comprehend the 

statistics behind this model.  

First, we re-estimate the first stage of the 2SLS procedure, which we identify 

above as; 

 

𝐶𝑅 =  𝛼 + 𝜃 ∗ 𝐶𝑅∗∗ +  𝜏 ∗ 𝑋 +  𝑢    (11), 

 

Where, 𝐶𝑅∗∗ (CRFitted) are the fitted probabilities obtained from the first-step 

probit model (4) and 𝑋  are the exogenous variables in equation (1). 

From the estimation of the first stage, we obtain the fitted residuals 𝑢∗∗ 

(PredictedResiduals). The fitted residuals are then added as an additional regressor to 

equation (1), and that equation is estimated with OLS. In order to consider 𝐶𝑅  to be 

exogenous in equation (1), we require 𝑢  to be uncorrelated with the error in equation (1), 

𝜀 . We rewrite the error of equation (1) in the following way; 

 

𝜀 =  𝜋 ∗  𝑢   + 𝑒   (12), 
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We need the following equation to hold: 𝜋 = 0. Estimating equation (1) with the 

additional regressor 𝑢∗∗ allows to test whether 𝜋 = 0. Hence, we estimate the following 

model using OLS;  

 

𝑈𝑃 = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 +  𝜋 ∗  𝑢   + 𝑒   (𝟏𝟑) 

 

Then, we perform a t-test in which: 𝐻 : 𝜋 = 0. If 𝐻  is rejected, we conclude that 

there is evidence of endogeneity of 𝐶𝑅  in model (1). Therefore, estimates obtained using 

OLS are inconsistent and one should use the results of the generated IV approach instead. 

3.3.2 Two-step estimator with correction factor  

Maddala (1983, p.117) offers an alternative estimation method to the instrumental 

variable approach provided by Wooldridge (2010). Similar to the IV approach, it also 

consists of two separate estimation steps. This method emphasizes more heavily on the 

self-selection of firms with respect to 𝐶𝑅 . Heckman (1979) states that selection bias can 

also be viewed as an omitted variable bias. The two-step estimator suggested by Maddala 

(1983, p.117) uses this view, and adds a self-selection correction term to the model of 

interest in the second step to control for the endogeneity. The correction term for each 

observation is calculated using the estimates from the first step. 

We explain Maddala’s (1983, p.117) method thoroughly in this section, relating 

it directly to the model of interest, equation (1). We do this in detail, as it is based on 

Heckman’s (1979) method, but less commonly applied. The main assumptions underlying 

this method are that 𝜀  and 𝜂  follow a bivariate normal distribution, and that the control 

variables (𝑋𝑖) and the instrumental variable (𝑍 ) are uncorrelated to the error term in 



41 
 

equation (1). The variables in 𝑋𝑖 are exogenous variables and for the instrumental variable 

𝑍  we provide argumentation as to why this variable is uncorrelated with the error term 

in equation (1) in section 3.4.2. Finally, 𝜂  follows a standard normal distribution. Even 

though below procedure is quite technical, we believe that it explains the self-selection 

problem and its solution intuitively. 

 Equation (1) and (9) form the starting point to arrive at Maddala’s two step 

estimator; 

 

𝑈𝑃 = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 +  𝜀  (𝟏), 

𝐶𝑅∗ =  𝛾 ∗ 𝑍 +  𝜛 ∗ 𝑋𝑖 +  𝜂    (9) 

 

𝐶𝑅∗ is an unobserved latent variable that reflects the decision for a firm whether 

to obtain a credit rating. If the firm believes the benefits of doing so outweigh the cost, it 

will take a credit rating. This is represented by equations (14) and (15); 

 

𝐶𝑅 = 0 𝑖𝑓 𝐶𝑅∗ < 0 (14) 

𝐶𝑅 = 1 𝑖𝑓 𝐶𝑅∗ > 0 (15) 

 

Inconsistent estimates of 𝛽 stem from correlation between 𝜀  and 𝜂 . This becomes 

more obvious by rewriting 𝜀 ; 

 

𝜀 =  𝑒 +  𝜌 ∗ 𝜂  (16) 
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If 𝜌 does not equal 0, 𝜀  and 𝜂  are correlated.  Taking expectations with respect 

to equation (1) including the rewritten error term gives us; 

 

𝐸(𝑈𝑃 |𝑋𝑖, 𝐶𝑅 ) = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 +  𝐸[𝑒 +  𝜌 ∗ 𝜂 |𝑋𝑖, 𝐶𝑅 ] (17) 

 

𝑒  is the part of the error term that is assumed to be uncorrelated with 𝑋𝑖 and 𝐶𝑅  

and that has an expected value conditional on 𝑋𝑖 and 𝐶𝑅  𝑜𝑓 0. Additionally, 𝜂 , is 

assumed to be independent of  𝑋𝑖. Then the above equation can be rewritten as. 

 

𝐸(𝑈𝑃 |𝑋𝑖, 𝐶𝑅 ) = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 + 𝜌 ∗ 𝐸(𝜂 | 𝐶𝑅 ) (𝟏𝟖) 

 

The last term in the above expression causes the estimate of 𝛽 to be inconsistent 

if 𝜌 and 𝐸(𝜂 | 𝐶𝑅 ) are nonzero. We start with 𝐸(𝜂 | 𝐶𝑅 ). In order to show that this could 

differ from zero, we evaluate this for the two different cases of 𝐶𝑅 . We start with the 

case where 𝐶𝑅 = 1. Combining equation (4), equation (5), and the assumption regarding 

the distribution of 𝜂 , we have; 

 

𝐸(𝜂 |𝐶𝑅 = 1) = 𝐸[𝜂 | (𝛾 ∗ 𝑍 +  𝛿 ∗ 𝑋𝑖 +  𝜂 ) > 0]  = 

𝐸[𝜂 | 𝜂  >  − (𝛾 ∗ 𝑍 +  𝛿 ∗ 𝑋𝑖) ] = 𝜆 [ − (𝛾 ∗ 𝑍 +  𝛿 ∗ 𝑋𝑖) ] (19) 
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The last equality follows from the distribution of 𝜂 , and Greene (2012, p.878). 

For simplicity, let us define; 

 

𝑎 =  − (𝛾 ∗ 𝑍 +  𝛿 ∗ 𝑋𝑖) (𝟐𝟎) 

 

Then, Greene (2012, p.878) terms 𝜆(𝑎) the inverse Mills ratio, and defines it as; 

 

𝜆(𝑎) =  
𝜙(𝑎)

1 − Φ(𝑎)
(𝟐𝟏) 

 

Where  𝜙(𝑎) is the standard normal density, and Φ(a) is the standard normal 

cumulative distribution function. Combining the results of the above equations, we now 

get; 

 

𝐸(𝜂 |𝐶𝑅 = 1) =  𝜆(𝑎) =  
𝜙(𝑎)

1 − Φ(𝑎)
(𝟐𝟐) 

 

Similarly, it follows from Greene (2012, p.878) that; 

  

𝐸(𝜂 |𝐶𝑅 = 0) =  𝜆(𝑎) =  
− 𝜙(𝑎)

Φ(𝑎)
 (𝟐𝟑) 
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From equation (18), we can see that there is an additional term compared to model 

(1). This is the reason Heckman (1979) argues that a self-selection problem can actually 

be viewed as an omitted variable bias. The two-step estimation method by Maddala (1986, 

p.117) adds the additional term to equation (1). More specifically, we add the inverse 

Mills ratio as an additional regressor to equation (1), as this represents the expected value 

of 𝜂 , given that 𝐶𝑅 = 0 𝑜𝑟 𝑡ℎ𝑎𝑡 𝐶𝑅 = 1; 

 

𝜆 (𝑎) =  
− 𝜙(𝑎)

Φ(𝑎)
 𝑖𝑓 𝐶𝑅 = 0 (𝟐𝟒) 

𝜆 (𝑎) =  
𝜙(𝑎)

1 − Φ(𝑎)
 𝑖𝑓 𝐶𝑅 = 1 (𝟐𝟓) 

Now we have a slightly modified version of equation (1); 

 

𝑈𝑃 = 𝛼 +  𝛿 ∗ 𝑋𝑖 +  𝛽 ∗ 𝐶𝑅 +  𝑒 +  𝜌 ∗  𝜆  (𝟏 ) 

 

The inverse Mills ratio in equation (1′) can be obtained by estimating the 

following equation using a Probit Model (same model as the first step of the generated 

IV approach); 

 

𝐶𝑅 =  𝛾 ∗ 𝑍 +  𝜛 ∗ 𝑋𝑖 + 𝜂    (9) 
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From this, we obtain estimates of 𝛾 and 𝜛. We then use these estimated 

parameters to calculate the inverse Mills ratio for each firm. Once the inverse Mills ratio 

has been obtained for all firms, we can estimate equation (1′) using OLS consistently. 

However, the standard errors of the estimated parameters relating to (1′) have to 

be corrected. This stems from the fact that we use estimates of 𝛾 and 𝜛 in order to 

calculate the inverse Mills ratio for each firm. We report the corrected standard errors in 

the result section. 

 The advantage of Maddala’s (1986, p.117) two-step procedure is that it allows for 

an intuitive test of endogeneity. As described above, we know that the relationship 

between Underpricing and CR is endogenous in case 𝜌 is statistically different from zero. 

Therefore, we can test the null hypothesis that 𝜌 = 0 using a standard t-test on the 

estimate of 𝜌. Under this null hypothesis, there is no self-selection. If we reject the null 

hypothesis, we conclude that 𝐶𝑅  is endogenous. In the case of endogeneity, the estimates 

from the two-step estimator should be used, and basic OLS estimates are inconsistent. 

3.4 Control variables and instrumental variables 

With the estimation techniques outlined above, we now turn to the variables 

included in the various models and steps. We start with the exogenous control variables 

(part of 𝑋𝑖 in the previous subsections) that we include in the different steps of our 

estimation methods. Then, we turn to the instrumental variable that is part of the first-step 

probit models only.  

3.4.1 Exogenous control variables 

For all the variables that are part of our analysis, we provide a motivation as to 

why they are included, and give their expected effects on underpricing and the probability 
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of obtaining a credit rating. The main variables of interest, Underpricing and 

CreditRating have been defined in the section above already. We start with variables that 

are argued to mainly influence Underpricing based on the existing literature. These 

variables are included in both steps of the two estimation methods and the OLS model 

described above. We follow up with the variables that originate from existing literature 

with respect to the likelihood of having a credit rating. We summarize the control 

variables, a short description and their source in table I below. 

Table I4 
Variable descriptions and sources 

Variable Description Source 

   
Underpricing 
 

Percentage difference between offer price and first-
day trading price 

Thomson One & CRSP 
 

CR 
 

Dummy – equals 1 if an IPO had a credit rating prior 
to the issue date 

Compustat 
 

Venture Dummy – equals 1 if an IPO is venture-backed Thomson One 

NasdaqReturns Cumulative 15-day return of Nasdaq prior to the IPO Nasdaq 
L_Age 
 

Logarithm of 1 + the difference between IPO year and 
founding year Thomson One & J. Ritter 

DualClass Dummy – equals 1 if multiple share classes exist  Thomson One 

Float Ratio between shares offered and shares outstanding Thomson One & CRSP 

Primary Dummy – equals 1 if an IPO is purely primary Thomson One 

L_Sales Logarithm of total sales of the year pre-IPO Compustat 
Revision 
 

Percentage difference between offer price and mid-
point price 

Thomson One 
 

UnderwriterRank Ranking of underwriters based on their prestige Ritter and Loughran 

L_Proceeds Logartigm of proceeds (in million USD) of IPO Thomson One 

Tech Dummy – equals 1 if a firm is classified as a tech firm Ritter & Thomson One 

Tangibility Ratio of PPE to total assets Compustat 

Profit Profit of firm pre-IPO scaled by sales Compustat 

Leverage Ratio of total debt to equity Compustat 
L_IndustryFraction 
 

Logarithm of industry fraction of firms with a credit 
rating in their respective industry 

Thomson One & 
Compustat 

                                                 
4 This table includes all variables for completeness, although Underpricing, CreditRating and 
L_IndustryFraction are no control variables. 
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3.4.1.1 Variables influencing IPO underpricing 

 Underneath we identify variables that come from the IPO literature. We explain 

each variable in detail and our expectations on the variable of interest – 

Underpricing.Contrary to earlier consensus that venture-backed IPOs signal a higher 

degree of value-certainty and thus less underpricing (Megginson & Weiss, 1991), it is 

now believed that the opposite holds. Lee and Wahal (2004) use a propensity score 

method to eliminate a selection bias they state existed in Megginson and Weiss’ model, 

and find that venture capitalists in fact increase underpricing. They argue that venture 

capitalists take a company public early because of ‘grandstanding’. With going public 

early, venture capitalists try to establish a reputation as backing ‘hot’ IPOs. Even though 

they bear incremental costs of leaving money on the table, venture capitalists are able to 

reap future benefits with this form of publicity. Backed by an earlier introduced theory of 

Gompers (1996), who found that young venture capitalist on average take a company 

early relatively to more experienced ones, they provide evidence that grandstanding 

indeed is prevalent in the VC industry. Venture is a dummy variable taking the value of 

1 is the firm is venture-backed, and 0 otherwise. Using the above arguments, we expect 

Venture to be positively related to underpricing. 

NasdaqReturns represent the 15-day cumulative Nasdaq return at the time of the 

IPO. Underwriters tend to encourage issuers to go public when the public’s valuations of 

firms are high. Similarly, when public valuations tend to be low, underwriters are likely 

to discourage firms from going public. This phenomenon leads to the theory that high 

IPO activity goes hand in hand with high underpricing. Additionally, when valuation of 

other companies is high, IPO issuers may have a tendency to compensate their offer price 

to ensure success of the offer. In line with this, Cliff and Denis (2004) find a positive 

relation between the pre-IPO market returns and IPO Underpricing. We therefore expect 

Nasdaq Returns to yield a positive relation with Underpricing. 
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More mature firms have established themselves in the market and are better 

known by investors. This increase in reputation can lead to a lower demand for 

underpricing by investors (Ritter & Loughran, 2004, An & Chan, 2008) We therefore 

expect the firm’s age to be negatively correlated with underpricing. Additionally, we do 

not think that reputation increases linearly with age, we therefore use the log of age. More 

specifically, L_Age is defined as the log of 1 plus the issue year minus the founding year. 

In line with Smart and Zutter (2003), we expect dual class firms to be less 

underpriced than single class firms. DualClass is a dummy variable equal to one if a firm 

has multiple classes of shares outstanding, and zero otherwise. Single class offerings are 

usually underpriced more to ensure a dispersion of ownership, enabling the issuers to 

retain control. Firms with dual-class share offerings do not have this problem. In the case 

of the existence of dual-class shares, issuers holding these can retain control through their 

shares with superior voting rights. 

Float is a variable that equals the fraction of the shares sold at the IPO relative to 

the total outstanding after the IPO. Float is expected to be negatively related to 

underpricing as an increased ratio of shares offered to shares offered and outstanding after 

the IPO, facilitates the opportunity of shorting the stock (Cook, Kieschnick, & van Ness, 

2006). Ofek and Richardson (2003) find that the number of traded shares at the expiration 

of lock-ups is negatively related to stock price. Therefore, an increase of Float should be 

negatively related to underpricing. 

Primary share IPOs are expected to be more underpriced than secondary or 

combined IPOs as under a pure primary offering, the original owners of the firm have 

less incentive to reduce underpricing. Barry (1989) states that when the original 

shareholders issue part of their own holdings, they start to care more and more about 
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underpricing and increase their efforts to reduce it. Primary is a dummy that equals one 

if the shares issued are purely primary, and is zero otherwise. 

We include the logarithm of the firm’s sales in millions (L_Sales) in the year 

before the IPO as a proxy for firm-size. We expect L_Sales to be negatively correlated 

with underpricing as higher sales are an indication of higher future sales, and therefore 

provides more certainty about value of the firm. Introduced by Ritter (1984) and later 

adopted by Aruǧaslan et al. (2004), this method proved to be a valid way to proxy 

uncertainty coming from firm size. The logarithm is used as we believe that the relation 

between total sales and underpricing is not linear. 

An upward revision in the bookbuilding process is based on positive information 

regarding the issue. Hanley (1993) states that there needs to be a significant portion of 

money left on the table to compensate investors for the positive information they reveal, 

leading to a positive expected correlation between Revision and Underpricing. Revision 

is calculated as the percentage difference of the offer price compared to the middle of the 

original filing price range. 

UnderwriterRank represents the rank of the underwriters in line with Carter and 

Manaster (1990) and Loughran and Ritter (2004). Using Ritter’s (2016) ranking, we 

assign underwriters a ranking value between 0 and 9. UnderwriterRank has experienced 

a changing relation from the eighties to the nineties and the internet bubble period. 

Loughran and Ritter (2004) state that in the nineties this changing issuer objective lead 

to offers with prestigious underwriters to be underpriced more than those without in the 

nineties. They suggest that there was a spinning hypothesis at play that indicates that 

venture capitalists were allocated hot IPOs to their private brokerage accounts in 

exchange for them choosing underwriters with a reputation for high underpricing. We 
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therefore expect this variable to have an ambiguous relation to Underpricing over our 

whole sample. 

Following existing literature, we include the logarithm of the IPO proceeds (in 

million USD). We should expect this variable (L_Proceeds) to have a negative relation 

with Underpricing, due to the high speculativeness in small offerings. Larger offerings 

should therefore provide more certainty to investors in their valuation of firm value. 

However, Loughran and Ritter (2004) suggested that during the nineties and internet 

bubble period the relationship between underpricing and proceeds changed in the same 

way as that with underpricing and rankings. Due to the same changing issuer perspective 

mentioned above, larger offers were underpriced more than smaller offers. This 

phenomenon weakened the will for venture capitalist to strive to achieve the highest 

possible proceeds. Even though they would leave a larger sum of money on the table, 

they would personally gain when other hot IPOs were allocated to them. We therefore 

expect the relation of L_Proceeds to underpricing to be ambiguous over our whole sample 

as well. Similar to L_Sales, we do not expect a linear relation between total proceeds and 

underpricing, which is the reason why we take the logarithm. 

Loughran and Ritter (2004) document that in each of the analyzed time sample 

the mean underpricing for technology firms was higher than for non-tech firms. The tech 

industry is a fast pace environment with high potential but also high risks. Firms going 

public in this industry therefore yield additional risk that investors want to be 

compensated for. Therefore, we include the binary variable Tech, which takes a value of 

1 if it is classified as being a technology firm and 0 otherwise. We follow Loughran and 

Ritter (2004) in their classification of technology firms based on SIC codes. An overview 

of said SIC codes can be found in the Data section below. Based on the findings of 

Loughran and Ritter (2004), we expect Tech to be positively related to underpricing. 
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3.4.1.2 Variables influencing the likelihood of a credit rating 

We follow An and Chan (2008) and Faulkender and Petersen (2006) by including 

variables that determine the existence of a credit rating. The tangibility level of a firm 

shows outside investors the amount of fixed assets to total assets. Firms with a high 

Tangibility can use their fixed assets as collateral when taking debt. Those firms are 

expected to issue more debt and are hence more likely to obtain a credit rating. Thus, 

Tangibility is expected to positively influence the likelihood of obtaining a credit rating.  

Profit is calculated as the earnings before interest, taxes, depreciation, and 

amortization (EBITDA) to total assets. One can argue that more profitable firms have less 

need for debt, as they have more internal funds available for investment. Hence, there is 

less of a need to obtain a credit rating. Therefore, the relationship between CR and Profit 

is expected to be negative. Denis and Mihov (2003) find that firms with high Leverage 

are more likely to issue public debt. We expect that leverage increases the likelihood of 

firms getting a credit rating.  

Although some variables yield a clear intuitive effect on either underpricing or the 

likelihood of having a credit rating based on the existing literature, it is an arduous task 

to explain why variables in the credit rating literature do not influence underpricing, while 

holding the other exogenous constant. Only then, those variables could be used as 

instrumental variables, and only be included in the first-step probit model. More 

specifically, if control variables from the credit rating literature are incorrectly excluded 

from the estimation of model (1) during the second step, the estimated parameter related 

to 𝐶𝑅  would be inconsistent. Additionally, it would mean that the error term in the second 

stage of the 2SLS estimation is correlated with the instrument. Based on this knowledge, 

we include all the aforementioned variables from the credit rating literature in the second 

step of the estimations. However, we will now turn to the instrumental variable that is 
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only part of the first step probit estimation. For this variable, we provide arguments as to 

why this variable is absent in model (1) and why it is a valid instrumental variable.  

3.4.2 Instrumental variable  

In this subsection, we discuss the instrumental variable, 𝑍  in model (4), that is 

only included in the first-step probit models. Below, we first define the variable, before 

turning to its relation to credit ratings. Finally, we provide arguments as to why we believe 

that the exclusion restriction is satisfied. 

As stated before, the instrumental variable used in our model must be absent in 

model (1), and must only affect underpricing through the credit rating channel. Therefore, 

we examine options in the credit rating theory and get to a variable that we believe 

functions best; L_IndustryFraction. This variable is also used by Faulkender and Petersen 

(2006) in their analysis, and is defined as the logarithm of one plus the fraction of firms 

in the same industry5 that have a credit rating. We use the logarithm for this variable based 

on the arguments that Faulkender and Petersen (2006) provide. They argue that the 

marginal effect of increases in the fraction of firms in the same industry that have a credit 

rating is expected to decline6. Their results confirm their expectations. 

In line with Faulkender and Petersen (2006), we argue that firms that are part of 

industries that are well known to debt markets and credit rating agencies, are more likely 

to obtain debt and a credit rating themselves. For those firms, the bond markets and rating 

agencies already have information regarding competitors that have debt and credit ratings. 

This can lower the cost for firms in those industries to obtain debt and subsequently credit 

                                                 
5 We form industry classifications based on the first three digits of the SIC code that were obtained from 
the Thomson One Reuters database.  
6 Faulkender and Petersen (2006) find that raising the fraction of firms in the industry with a rating from 0 
to 10% has a greater effect then raising the fraction from 50 to 60%. 
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ratings, making it more likely for them to indeed do so. In their paper, they find evidence 

that if more firms in a given industry have a rating, the probability for a firm in the same 

industry to have a rating is increased. Based on their results and the above argumentation, 

we therefore expect a significant positive effect of L_IndustryFraction on the likelihood 

of obtaining a credit rating in the first-step probit model. 

 Finally, we argue that the instrumental variable L_IndustryFraction is 

uncorrelated with the error term in model (1) and that the exclusion restriction is satisfied. 

In section 3.2 we described two potential sources of endogeneity. We discuss 

L_IndustryFraction in relation two those two potential sources separately.  

 The first source of endogeneity stems from the potential self-selection bias. Firms 

are able to decide themselves whether or not to obtain a credit rating. If there are then 

unobservable factors that influence that decision and the level of underpricing 

simultaneously, estimates will be inconsistent. L_IndustryFraction is not based on any 

decisions that the firm can makes themselves. Moreover, it seems reasonable to assume 

that there are no unobservable firm characteristics or other factors that both influence the 

fraction of firms in the industry that have a credit rating and underpricing. In order to 

understand what can have an effect on L_IndustryFraction, it is important to understand 

the components of which this variable consists. Below we provide the formula for 

IndustryFraction for a firm that is part of industry i. Industries are defined based on the 

first three digits of the companies’ SIC codes. In our model, we include the logarithm of 

one plus IndustryFraction. 

 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
#          

 #       
 (26) 
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The nominator represents the total number of other firms with a credit rating in 

industry i, while the denominator represents the total number of other firms in industry i. 

In order for factors that influence the underpricing of a firm that is going public and part 

of industry i to affect IndustryFraction, they must either influence the nominator or the 

denominator. Intuitively, it is clear that other firms that are part of industry i do not base 

their decision whether to obtain a credit rating on factors that influence the underpricing 

of another firm. Instead, they will base their decision on firm specific variables related to 

their own firm in order to evaluate whether the benefits of obtaining a credit rating 

outweigh the cost. Similarly, the total number of other firms in industry i does not vary 

with firm specific variables that have an effect on the firm that is also part of industry i.  

To illustrate the above reasoning, we return to the example given in section 3.2 of 

a variable that can both influence underpricing and the decision to obtain a credit rating. 

In that section, we argue that the value of the patents a firm has can both have an effect 

on underpricing and the decision of a firm whether to obtain a credit rating. However, 

other firms in the same industry will not take the value of patents of another firm into 

account when they decide on whether to obtain a credit rating. Hence, this factor can 

influence the credit rating of the firm that is going public, but is highly unlikely to have 

an effect on IndustryFraction. 

Regarding the second endogeneity source, we believe that L_IndustryFraction 

does not influence the value of the firms’ fundamentals. If that would be the case, 

L_IndustryFraction could indirectly influence Underpricing through its effect on the 

firms’ fundamentals. Instead, we argue that L_IndustryFraction only influences 

Underpricing through the credit rating channel. Going back to the formula of Merton 

(1973):  
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𝐸(𝑉 , 𝑡) = 𝐶𝑎𝑙𝑙(𝑉 , 𝐾, 𝑟, 𝑇 − 𝑡, 𝜎) (8) 

 

We use this formula as it makes it easier to see what requirement needs to be met 

for L_IndustryFraction in order to satisfy the exclusion restriction. It is of paramount 

importance that the fraction of firms with a credit rating in the same industry must not 

influence Vt , i.e. value of the firm’s assets, through the fundamentals of the firm. Using 

equation (8), one can see that the value of equity, and hence the price investors would be 

willing to pay for shares of the initial public offering, can be seen as an option on the 

value of the firm’s assets (Vt). We reason that no relation exists as the fundamentals of a 

firm do not depend on the number of firms within the same industry choosing to have a 

credit rating.  

This time, we illustrate the above reasoning by turning back to the second example 

we provided in section 3.2. There we argue that, once a firm obtains a credit rating, it 

might alter its behaviour as credit rating agencies are then likely to monitor the firm. This, 

in turn, can influence the fundamentals of the firm and thereby its value and the potential 

underpricing. The fraction of firms in the same industry does not have such an effect. 

More specifically, the fraction of firms in the same industry does not alter the firms’ 

behaviour nor the value of the firm’s fundamentals. 

3.5 Main hypothesis 

In this section, we provide our main hypothesis in a more formal way and discuss 

the reasoning behind it. As mentioned in section two, many different theories that attempt 

to explain IPO underpricing assume the underpricing increases with the value uncertainty 

about the issuing firm and the degree of information asymmetry. For example, Baron 

(1986) assumes that information levels across investors differ, which can causes there to 
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be underpricing. He argues that issues need to be underpriced for less-informed investors 

to break even. Alternatively, Welch (1992) assumes that issuing firms are uncertain about 

the own firm’s value. In order to ensure that the IPO does not fail completely, the issuing 

firm can then underprice the IPO to ensure that IPO does not fail completely. Among 

others, Norden and Weber (2004) argue that credit ratings can reduce information 

asymmetries that exist in financial markets, and that they convey important information 

about firm value. Therefore, firms that obtain a credit rating before going public are 

expected to experience less underpricing. 

Using the discussed estimation methods that account for the potential endogenous 

relationship between underpricing and credit ratings, we will perform a t-test on the 

coefficient of credit ratings (β). Based on the expected literature, we expect that credit 

ratings can significantly reduce the degree of underpricing. That leads to the following 

set of hypotheses: 

 

𝐻0: β = 0 (27) 

𝐻1: β < 0 (28) 

 

In order to test whether the null hypothesis can be rejected, a one-sided t-test will 

be performed. If the resulting t-value is smaller than -1.645 (the critical value based on a 

5 percent significance level), we reject the null hypothesis. In that case, our results 

indicate that credit ratings can reduce IPO underpricing. Additionally, a negative and 

significant coefficient of credit ratings, suggests that underpricing increases with value 

uncertainty and information asymmetries in the IPO market.  



57 
 

4. Data 

In this section, we provide details regarding the sample used in this paper. First, 

we describe which variables are obtained from the different data sources used. Second, 

we provide the motivation for excluding specific types of issues based on the existing 

literature.  Finally, we give various descriptive statistics regarding the variables in our 

models. 

4.1 Data sources and sample period  

  We obtain our sample of issuing firms from selecting all firms that completed an 

IPO in the United States within the range of 1986 and 2016. Most of the data regarding 

IPOs comes from Securities Data Corporation (SDC). Credit rating data is only widely 

available starting in 1985. As such, we exclude IPO’s from this year as one-year lagged 

data is necessary in order to be able to obtain some of the control variables. Using multiple 

security and company identifiers, we then match this data with the database of the Center 

for Research in Security Prices (CRSP), and Compustat. The SDC provides us with data 

such as offer price, IPO date, gross proceeds, initial filing price. First trading day stock 

prices and outstanding shares come from CRSP. We finally obtain the firms’ corporate 

credit ratings and financial firm data from Compustat. Finally, we use Ritter’s (2016) IPO 

database for the variable UnderwriterRank (2016). In addition, we obtain data regarding 

L_Age from another database provided by Ritter (2017). We follow the standard research 

procedure of IPOs focus primarily on “ordinary” IPOs and filter out the following issues 

in order to obtain a homogenous sample: American depositary receipts (ADR), unit 

issues, closed-end funds, real estate investment trusts (REITs), financial institutions (SIC 

codes 6xxx), and penny stocks (IPO offer prices under $5,00). Most of these excluded 
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subgroups have been examined thoroughly in existing literature. Underneath we briefly 

provide arguments for their exclusion. 

4.2 Types of issues that are excluded 

American depositary receipts (ADRs) 

 American Depositary Receipts denote securities that are deposited in the country 

of origin by a U.S. depository bank. These banks convert dividend and other payments to 

shareholders made by the firm to US dollars before distributing them to investors. An IPO 

from such an entity therefore brings with it additional risks. Investors who seek to 

purchase shares in an IPO offer have to incorporate currency risks into their risk 

assessments. Furthermore, investors indirectly pay fees to the depository banks for 

converting the foreign currency into the U.S. dollar.  

Ejara and Ghosh (2004) analyze the underpricing and aftermarket performance of 

ADR’s. They identify special characteristics of pricing ADR IPO’s and how they differ 

from IPO’s from the US market. For example, the U.S. exchanges impose strict 

requirements set by the SEC for foreign firms to enter the U.S. market. These 

requirements bring with them increased costs. By absorbing such incremental costs, a 

firm signals the market of its confidence about the future. Additionally, Ejara and Ghosh 

show that ADRs are frequently issued by larger more mature firms. As such, larger firms 

with more information available in the market should be less underpriced. Including such 

firms would therefore skew our sample towards a larger mean firm size with less 

underpricing. Furthermore, it would weaken our homogenous assumption as foreign firms 

clearly face different entry barriers for the U.S. financial market. Lastly, accounting data 

may not always be reliable from ADRs. The SDC sometimes makes translations mistakes, 

and the U.S. tranche could be part of a larger offering in the home country of the issuing 

company (Ritter, 2016). 
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Unit issues 

 Unit issues are packages that consist of a share of equity plus a warrant (unit). 

Often companies that issue units are marketed by less reputable underwriters and involve 

higher risk. In an IPO issue, with each investor having his own information about the 

issue, a warrant provides no special advantage to the issuing firm. The market’s 

justification of warrants is that they are packaged with shares of equity only to work as 

“sweeteners” (Chemmanur & Fulghieri, 1997). This seems to only convey the 

confirmation to investors that unit issuing firms are indeed high risk, since conventional 

issuers do not need such sweeteners. Aside from this argument, firms can simply lower 

their offer price if they wish to attract investors. In a thorough analysis of the implications 

of unit offerings, Chemmanur and Fulghieri (1997) shed light on this puzzle. They state 

that relatively high-risk firms choose for unit offerings, whereas low risk firms choose to 

issue equity alone.  

  

Closed-end funds 

Closed-end funds are excluded for two reasons. First, conventional shares of 

equity typically sell at a discount to net asset value (NAV), whereas most shares of closed-

end funds are initially offered at a premium to NAV. Second, in closed-end fund IPOs 

there is less underpricing than in a typical IPO, as the underlying asset consists of 

marketable securities (Peavy 1990). Weiss (1989) and Peavy (1990) show that issues of 

closed-end funds averaged zero return on the first date of trading, confirming that there 

is less uncertainty about the value of the asset than in a conventional IPO. For these 

reasons, closed-end fund IPOs fall outside of the characteristics of IPOs we wish to use 

in our analysis. 
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Real estate investment funds 

Unlike closed-end funds, real estate investment trusts (REITs) invest in 

infrequently traded real-estate assets and bring with them much uncertainty regarding 

their value. Therefore, we exclude REITs due to their fundamental differences from 

conventional IPOs for two reasons. First, REITs have a requirement to distribute 95 

percent of their earnings as dividend payouts. This is in order to keep their tax-exempt 

status. Second, there are some instances in which investors in an REIT do not know which 

assets will be acquired until after the initial offer period (Wang, Chan & Gau (1995). 

Even if there is some knowledge about assets that are to be acquired, often there is not 

much information available. This provides investors with an uncertain market value of 

the prospective investments. Given these uncertainties, there is little reason to believe 

REITs would exhibit similar behavior to conventional equity IPOs. 

  

Financial institutions 

Financial institutions are, as opposed to non-financial firms, monitored by 

regulatory agents. This weakens the information asymmetry assumption and the ex-ante 

valuation uncertainty. Including these firms would according to this fact lessen 

underpricing under this information distribution assumption. In their comparative 

analysis, Alli, Yau, and Yung (1994) test this theory and find that in general IPOs of non-

financial firms are significantly more underpriced than issues of financial firms. 

However, they also find that this difference primarily comes from the difference between 

non-S&L conversion and non-financial firm IPOs. Accounting for underwriters’ 

reputation, aftermarket volatility and age results in an insignificant difference between 

S&L conversion and non-financial firms. The apparent characteristics and regulatory 

requirements clearly demonstrate a difference between financial and non-financial firms. 

We follow existing literature and exclude these observations from our sample.  
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Penny stocks 

 Lastly, we exclude penny stocks from our sample, which are defined as IPOs with 

an offer price below $5,00. Existing literature routinely screens out these lower-priced 

issues as a consequence of missing firm data for these issues. Bradley, Cooney, Dolvin, 

and Jordan (2006) examine the difference between ordinary IPOs and penny stocks and 

find that the latter underperform on their long-run returns. Additionally, they find that 

penny stocks are significantly more underpriced than ordinary IPOs. These higher returns 

are primarily related to the fact that smaller IPOs are perceived as more speculative as 

proposed by Loughran and Ritter (2004). 

4.3 Descriptive statistics 

In this subsection, we provide various descriptive statistics for the variables 

included in our models. We start with detailed descriptive statistics with respect to 

underpricing and credit ratings, as those are the two key variables in this paper. Then, we 

provide summary statistics related to all variables in the different models. 

Underneath we present the mean underpricing categorized per year, together with 

the number of firms that had a credit rating at the time of their IPO. Underpricing averages 

20 percent, and 315 firms in the sample have a credit rating prior to going public.  
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Table II 
IPOs, Underpricing and Credit Rating IPOs over time 

This table presents the number of IPOs, mean underpricing in percentage, the number IPO firms with credit ratings 
and the percentage of IPO firms that had a credit rating before going public, categorized by year. 
 

Year IPOs (No.) Underpricing (%) CR (No.) CR (%) 

1986 333 8 8 2 

1987 253 7 10 4 

1988 98 6 5 5 

1989 104 9 4 4 

1990 100 11 2 2 

1991 242 13 12 5 

1992 347 10 9 3 

1993 462 13 19 4 

1994 370 10 9 2 

1995 420 22 20 5 

1996 629 17 23 4 

1997 421 14 15 4 

1998 247 23 8 3 

1999 427 75 13 3 

2000 346 57 15 4 

2001 62 15 8 13 

2002 54 9 4 7 

2003 50 12 7 14 

2004 146 12 12 8 

2005 138 10 13 9 

2006 130 12 15 12 

2007 141 14 7 5 

2008 20 5 1 5 

2009 41 10 7 17 

2010 81 9 9 11 

2011 74 15 7 9 

2012 88 18 7 8 

2013 129 24 14 11 

2014 185 16 15 8 

2015 112 21 9 8 

2016 71 15 8 11 

Total 1986-2016 6321 20 315 5 

 
A note to point out is that the internet bubble of 1999 and 2000 is clearly visible. During 

this period, underpricing became significantly larger with an average of 66%. Another 

notable observation is that the number of IPOs fell significantly in response to both the 

internet bubble collapse and the crisis of 2008. 
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Having established our IPO issue sample, we proceed to collecting firm specific 

data that could explain underpricing and the likelihood of obtaining a credit rating to 

establish a robust model. We collect firm specific variables that influence underpricing 

or the likelihood of having a credit rating. Some variables influence both underpricing 

and the likelihood of obtaining a credit rating. We present the summary statistics in table 

III. 

Table III 

Descriptive statistics all variables 
Descriptive statistics from IPOs between 1986 and 2016. Data sample created from a collection of databases 
including Tomson One, CRSP, Compustat, Nasdaq, as well as individual annual reports and prospectuses. 
 N Mean Std. Dev p25 p50 p75 

Underpricing 6321 0,20 0,42 0,00 0,08 0,24 

CR 6321 0,05 0,22 0,00 0,00 0,00 

Venture 6321 0,42 0,49 0,00 0,00 1,00 

NasdaqReturns 6321 0,01 0,04 -0,01 0,01 0,04 

L_Age 6262 2,31 0,98 1,61 2,20 2,89 

Dual Class 6321 0,08 0,27 0,00 0,00 0,00 

Float 6321 0,31 0,15 0,21 0,28 0,37 

Primary 6321 0,65 0,48 0,00 1,00 1,00 

L_Sales 6017 17,20 2,56 16,24 17,47 18,69 

Revision 6279 0,00 0,14 -0,08 0,00 0,08 

UnderwriterRank 6244 7,44 2,07 7,00 8,00 9,00 

L_Proceeds 6321 17,55 1,18 16,79 17,54 18,26 

Tech 6321 0,46 0,50 0,00 0,00 1,00 

Tangibility 6154 0,24 0,22 0,08 0,16 0,33 

Profit 5988 -0,11 0,82 -0,19 0,11 0,21 

Leverage 6167 0,40 0,53 0,07 0,29 0,57 

L_IndustryFraction 6031 0,08 0,07 0,03 0,06 0,12 

 
 

We obtain Underpricing for 6321 firms, for which we attempt to collect data 

needed for all our other variables. Venture is a dummy variable equal to one is the IPO is 

venture backed and zero otherwise. NasdaqReturns represent the 15-trading day return of 

the Nasdaq index prior to the offer date. These returns were obtained from the Nasdaq 

database. L_Age equals the logarithm of the issue year minus the founding year, plus 1. 
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Founding year is defined as the date of incorporation. We obtain this data from Loughran 

and Ritter (2004) who have collected founding dates from numerous sources. Of 59 firms, 

the founding year was either missing or unreliable, which observations were therefore 

excluded. 

DualClass is a dummy variable that equals one if the company has more than one 

class of shares outstanding. Float equals the total shares issued relative to the total shares 

outstanding right after the offer. Primary is a dummy variable that equals one if the issue 

was purely primary and zero if (partly) secondary shares were issued.   

L_Sales is the natural logarithm of net sales (in USD million) of the firm prior 

IPO date. For this variable, we took the cumulative sales of the most recent four quarters 

before the IPO. If not available, the sales reported on the income statement of fiscal year 

prior to IPO are used. For some observations, it was unclear whether sales prior to their 

IPO were zero or missing. Other observations missed net sales in one of the last four 

quarters and in the year prior to their offer. These 304 observations were treated as 

missing. Revision is calculated as the percentage difference between the offer price and 

the midpoint of the initial filing price. The midpoint of the initial filing price was missing 

for 41 firms. 

UnderwriterRank is a self-constructed variable based on Carter and Manaster 

(1990) and Loughran and Ritter (2004). We obtained the list of investment banks 

associated with the issue listed on the prospectus for each IPO. We proceeded by 

assigning a rank on a 0-9 scale for each observation. These ranks are obtained from J. 

Ritter’s (2016) database. 

L_Proceeds represents the natural logarithm of proceeds. Proceeds are defined as 

the total amount of shares offered times the offer price. L_IndustryFraction is the 

logarithm of one plus the ratio of firms in the same industry with a credit rating. Here, 

industries are defined by taking the first three digits from the SIC code at the time of the 
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offering. For 288 firms, the SIC code was either unclear or there were no firms in 

Compustat with that specific SIC code in the respective year. These were all treated as 

missing.  

Technological firms at the time of their offer are identified through their SIC 

codes. We use a premade list of Loughran and Ritter (2004), whom merged identifications 

of Thomson Financial Securities Data (SDC), Dealogic and IPOMonitor, to establish a 

list of SIC codes that classify technological and internet firms. These SIC codes are listed 

in table IV. 

Table IV 
Industries classified as Tech-Industries 

This table presents the industries based on SIC that are classified as Tech-industries. The classifications are obtained 
from Ritter and Loughran (2004). 

Computer Hardware 3571, 3572, 3575, 3577, 3578 

Communications Equipment 3661, 3663, 3669 

Electronics 3671, 3672, 3674, 3675, 3677, 3678, 3679 

Navigation Equipment 3812 

Measuring and Controlling Devices 3823, 3825, 3826, 3827, 3829 

Medical Instruments 3841, 3845 

Telephone Equipment 4812, 4813 

Communications Services 4899 

Software 7371, 7372, 7373, 7374, 7375, 7378,7379 

 

Tangibility is the ratio of firms’ property plant and equipment (PPE) to their total 

assets. Of 167 observations either PPE or total assets was missing. This measure is 

calculated using data from the last available balance sheet prior to the IPO. Profit is the 

ratio of earnings before interest, taxes, depreciation and amortization (EBITDA) to total 

assets. For 332 firms either EBITDA or total assets was unavailable. Leverage equals the 

debt to assets ratio of the firm a year prior to the IPO. Total assets or debt was missing 

for 154 firms in our sample.  

After examining and reading extensively on existing literature in which this data 

is used, we find that some data is incorrectly presented in the aforementioned databases 
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(Loughran & Ritter, 2004). Nevertheless, these databases are widely used for research on 

this topic. However, Loughran and Ritter (2004) do specify some examples of where 

variables mentioned above are incorrect and these variables are therefore corrected using 

their prospectus or annual reports. If observations seemed unfeasible or unreliable, we 

performed further analysis to examine their validity. If corrections were necessary, then 

they were performed. If uncertainty persisted about the true value of a certain observation, 

then these observations were treated as missing.  

5. Results and Discussion 

In this section, we present and discuss the results of the different models. First, we 

briefly present and discuss the results of the basic OLS estimation. We discuss these 

results to a limited extent, as OLS estimation is likely to generate inconsistent results due 

to the potentially endogenous relationship between IPO underpricing and credit ratings. 

However, at the end of this section, we compare the results generated by the other 

estimation methods with the OLS estimates. Second, we present the estimates of the first 

step Probit model and discuss them in more detail. Then, we turn to the second step 

estimations for both the generated IV approach and the model with a correction factor.  

5.1 OLS estimates 

Underneath we present the OLS regression results. The first thing to point out is 

that the coefficient of Credit Rating appears to be -0.0321, significant at the five percent 

level. This suggests that IPO underpricing is 3.21 percent lower for firms that have a 

credit rating prior to their issue date, ceteris paribus. However, as mentioned before, the 

OLS estimates are likely to suffer from the endogenous relationship between 

CreditRating and Underpricing. 
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Table V 
IPO Underpricing Analysis – OLS Estimates  

This table presents the results of the OLS estimation of model (1). The dependent variable is Underpricing, defined 
as the percentage increase in price on the first day of trading publicly. CreditRating is a dummy variable indicating 
whether a firm has a credit rating before going public. NasdaqReturns is defined as the 15-day cumulative prior-IPO 
return of the Nasdaq Index. L_Age is defined as the logarithm of 1 plus the difference between IPO year and founding 
year. DualClass is a dummy variable indicating whether a firm has multiple classes of shares. Float is defined as the 
proportion of the total shares outstanding that is offered at the IPO. Primary is a dummy variable for pure primary 
offerings. L_Sales is defined as the logarithm of the firm’s sales (in million USD) in the year prior to the IPO. Revision 
represents the percentage change between the offer price and the midpoint of the initial filing range. UnderwriterRank 
is a rank in the range of 1-9, based on the underwriter’s prestige. L_Proceeds is defined as the logarithm of the IPOs 
proceeds in USD millions. Tech is a dummy variable indicating whether a firm is part of an industry that is classified 
as a technology industry (see table IV). Tangibility is defined as the ratio of PPE to total assets. Profit is the ratio of 
EBITDA to total assets. Leverage represents the debt-to-assets ratio in the year prior to the IPO. The standard errors 
of the estimated coefficient are reported in parentheses. ***,**,* indicate significance at 1%, 5% and 10%, 
respectively. Industry and time fixed dummies are included. 

 OLS 

  
CreditRating -0.0321** 
 (0.0125) 

Venture 0.0461*** 
 (0.0119) 

NasdaqReturns 1.414*** 
 (0.168) 

L_Age -0.0237*** 
 (0.00473) 

DualClass -0.0265* 
 (0.0156) 

Float -0.298*** 
 (0.0332) 

Primary 0.0391*** 
 (0.00814) 

L_Sales -0.00936*** 
 (0.00318) 

Revision 0.756*** 
 (0.0428) 

UnderwriterRank 0.000268 
 (0.00308) 

L_Proceeds 0.0324*** 
 (0.00817) 

Tech 0.0227 
 (0.0173) 

Tangibility -0.0176 
 (0.0214) 

Profit 0.0143* 
 (0.00814) 

Leverage -0.0271*** 
 (0.0101) 

Constant -0.247* 
 (0.135) 

  
Observations 5,502 
R-squared 0.338 
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The coefficients for Venture, NasdaqReturns, Primary, Revision, L_Proceeds, and Profit 

are significantly positive, where the coefficients for L_Age, Float, L_Sales, and Leverage 

are significantly negative. As mentioned above, the OLS estimation is likely to generate 

inconsistent results. Therefore, before interpreting their effects, we first turn to the 

estimation methods that are designed to deal with the potential endogenous relationship 

between Underpricing and CreditRating. After discussing the results of these estimation 

methods in more details, we comment on the differences and similarities of those results 

with the above OLS coefficient estimates. 

5.2 First-step probit estimations 

In this section, we present the regression results of the first-step probit model, 

which is the first step of both the generated instrumental variable approach and Maddala’s 

(1986) approach where a correction factor is added in the second step. In Table VI below, 

we present the results related to the first-step probit model. We estimate the model using 

all combinations of dummies accounting for industry and time, in order to see what effects 

inclusion of these dummies have. It is important to account for industry fixed effects, as 

it can be more likely for firms in specific industries to obtain a credit rating. Additionally, 

it is possible that firms are more likely to obtain a credit rating during specific periods. 

Therefore, we also control for these differences across periods by including time fixed 

effects.  
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Table VI 
First-Step Probit Estimates 

This table presents results of the first-step Probit estimation. The dependent variable is CreditRating (CR), a dummy 
variable indicating whether a firm has a credit rating before going public. NasdaqReturns is defined as the 15-day 
cumulative prior-IPO return of the Nasdaq Index. L_Age is defined as the logarithm of 1 plus the difference between 
IPO year and founding year. DualClass is a dummy variable indicating whether a firm has multiple classes of shares. 
Float is defined as the proportion of the total shares outstanding that is offered at the IPO. Primary is a dummy 
variable for pure primary offerings. L_Sales is defined as the logarithm of the firm’s sales (in million USD) in the 
year prior to the IPO. Revision represents the percentage change between the offer price and the midpoint of the 
initial filing range. UnderwriterRank is a rank in the range of 1-9, based on the underwriter’s prestige. L_Proceeds 
is defined as the logarithm of the IPOs proceeds in USD millions. Tech is a dummy variable indicating whether a 
firm is part of an industry that is classified as a technology industry (see table IV). Tangibility is defined as the ratio 
of PPE to total assets. Profit is the ratio of EBITDA to total assets. Leverage represents the debt-to-assets ratio in the 
year prior to the IPO. The standard errors of the estimated coefficient are reported in parentheses. ***,**,* indicate 
significance at 1%, 5% and 10%, respectively. Industry and time fixed effects are included. 
 Probit Probit Probit Probit 
     
Venture -0.224** -0.228** -0.212* -0.215* 
 (0.110) (0.113) (0.114) (0.117) 

NasdaqReturns -0.0427 -0.379 -0.581 -0.858 
 (0.862) (0.887) (0.893) (0.922) 

L_Age 0.0853** 0.104** 0.0963** 0.112*** 
 (0.0399) (0.0410) (0.0422) (0.0435) 

DualClass -0.114 -0.150 -0.201* -0.227* 
 (0.105) (0.109) (0.112) (0.116) 

Float 0.0705 0.106 0.0353 0.0931 
 (0.215) (0.228) (0.225) (0.236) 

Primary 0.148* 0.147* 0.128 0.120 
 (0.0777) (0.0814) (0.0809) (0.0847) 

L_Sales 0.257*** 0.269*** 0.296*** 0.308*** 
 (0.0359) (0.0372) (0.0408) (0.0419) 

Revision -0.661** -0.774** -0.619** -0.709** 
 (0.299) (0.316) (0.315) (0.333) 

UnderwriterRank 0.185*** 0.190*** 0.191*** 0.197*** 
 (0.0484) (0.0499) (0.0500) (0.0516) 

L_Proceeds 0.148*** 0.118** 0.114** 0.0848 
 (0.0469) (0.0561) (0.0532) (0.0621) 

Tech -0.156 -0.170* -0.344*** -0.352*** 
 (0.100) (0.103) (0.128) (0.132) 

Tangibility 0.214 0.230 0.00287 0.0420 
 (0.161) (0.168) (0.203) (0.211) 

Profit 0.162 0.179 0.141 0.162 
 (0.122) (0.126) (0.132) (0.136) 

Leverage 0.623*** 0.627*** 0.623*** 0.636*** 
 (0.0705) (0.0720) (0.0749) (0.0763) 

L_IndustryFraction 2.624*** 3.105*** 2.065*** 2.233*** 
 (0.662) (0.750) (0.6947) (0.8626) 
     
Year dummies No Yes No Yes 
Industry dummies No No Yes Yes 
 
Pseudo R2 

 
0.3654 

 
0.3770 

 
0.3878 

 
0.3950 

Observations 5,502 5,502 5,502 5,502 
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The main variable of interest in this model is L_IndustryFraction, as this variable 

is the instrumental variable. As mentioned before, it is important that its effect on the 

probability of having a credit rating is significant to obtain consistent and precise 

estimates during the second step estimations. In all models, accounting for all possible 

combinations of year and industry dummies, the coefficient is positive and significant at 

the one percent level. This indicates that, as predicted by Faulkender and Petersen (2006), 

the probability that a firm has a credit rating increases with the proportion of firms in the 

same industry that have a credit rating. Moreover, the t-test on the coefficient of 

L_IndustryFraction, results in a t-value of 2.59 and a p-value of 0.01. The significant 

effect of L_IndustryFraction on the probability of having a credit rating leads to 

consistent and more precise estimates during the second step estimations below.  

The exogenous control variables mentioned in subsection 3.4.1.1 are the variables 

that are of most interest, after the instrumental variable discussed above. These control 

variables are included based on the existing literature related to credit ratings. Based on 

the results in table VI, we find no significant relation between tangibility nor profits and 

the likelihood of having a credit rating. Leverage however, in line with findings of Denis 

and Mihov (2003), positively relates to the probability of a firm having a credit rating. 

Firms with high leverage are more likely to obtain a credit rating, as existing leverage can 

indicate a firm’s reputation in debt markets, and firms with more leverage are more likely 

to issue public debt.  

Some of the exogenous control variables coming from the IPO literature discussed 

in subsection 3.4.1.2 significantly influence the probability of a firm having a credit rating 

in the first-step probit model. We discuss the variables that have a significant effect on 

the probability of having a credit rating briefly. First, the coefficient on Venture remains 

slightly significant at the ten percent level after controlling for industry and time fixed 

effects. Firms with venture capitalists are less likely to have a credit rating as these 
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stakeholders provide capital to these companies. These issuers could therefore have less 

demand for external funds, including public debt. Second, more mature firms are better 

known in financial markets and are therefore more likely to use the public debt market 

for financing, and to obtain a credit rating.  

Firms with dual share classes are less likely to have a credit rating. The coefficient 

for DualClass becomes slightly significant, only at the ten percent level, after controlling 

for industry fixed effects in model specifications (3) and (4). Pure primary issues on the 

other hand, seem to lose a significant positive effect accounting for industry effects. Both 

these relations are however of weak significance and should be interpreted with caution. 

Larger firms seem to be more likely to have a credit rating, found by the proxy of the 

natural logarithm of sales for firm size. Larger firms are more likely to make use of public 

debt and hence to obtain credit ratings. Larger firms are more likely to do so due to the 

significant fixed costs associated with issuing debt and obtaining credit ratings. Revision 

and CreditRating are significantly negatively related. However, we are careful with the 

interpretation of this relationship, as Revision is unlikely to directly influence the 

probability of a firm having a credit rating. 

The relationship between UnderwriterRank and CreditRating appears to be 

significantly positive. This could stem from the fact that some firms might value their 

own and other firms’ reputations more than others. Issuers that ask prestigious 

underwriters to underwrite their IPOs, tend to be more likely to have a credit rating as 

they aim to receive most out of debt funding. It seems that L_Proceeds from the issue 

does not yield a positive effect on the likelihood of credit ratings, once dummies for time 

and industry are put into place. Without accounting for (either of) these effects, the 

likelihood of having a credit rating goes up as proceeds go up. Technology firms are less 

likely to have a credit rating once accounted for industry and time effects. This could be 

because the value of technology firms is often relatively uncertain, and that those firms 



72 
 

are more unique. Then, following Faulkender and Petersen (2006), the costs associated 

with obtaining debt and a credit rating is likely to be higher for those firms, as there are 

less comparable firms already known in the debt market. 

As we discuss at the beginning of this section, it is important to control for 

differences across industries and years. Therefore, we use the estimates from the last 

column in table V to calculate the fitted probabilities of having a credit rating for all firms. 

We use these fitted probabilities as an instrument for CreditRating in the 2SLS procedure. 

Additionally, we use the fitted probabilities to calculate the inverse mills ratio, as defined 

in section 3. We then add the inverse Mills ratio to the second step in order to obtain 

consistent estimates using Maddala’s model.  

5.3 Second-step estimations 

In this subsection, we report and discuss the results of the second-step estimations. 

First, we discuss the first stage of the 2SLS procedure, and comment on the strength of 

the instrument. Second, we turn to second stage of the instrumental variable approach and 

the second step of Maddala’s (1983, p.117) approach. Finally, we compare the results 

generated by the two methods to the basic OLS estimates. 

Underneath, in table VII, we display the results of the second step estimations. 

We show the OLS regression results in column one for comparison reasons. The second 

column shows Maddala regression results, whereas the third and fourth third columns 

present the first- and second stage of the 2SLS procedure, respectively.  

5.3.1 2SLS first-stage estimates 

We report the first stage of the 2SLS procedure to be able to test for the strength 

of the instrument. In this first-stage, CreditRating is regressed on the instrument and the 
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exogenous variables. The instrument, the fitted probabilities of having a credit rating that 

are obtained using the estimates of Table VI, is positively related to CreditRating. The 

coefficient is significant at the 1% level. Moreover, the F-test on the significance of the 

instrument results in a F-value of 576, with a p-value close to zero. Hence, we can reject 

the hypothesis of a weak instrument. The strength of the instrument ensures that we obtain 

consistent and more precise estimates in the second stage of the 2SLS procedure. The 

coefficients of all control variables are insignificant. None of the coefficients of the 

control variables have a significant effect. This is in line with our expectations, as the 

fitted probabilities obtained from the probit model are based on the instrumental variable 

and the exogenous variables.  

5.3.2 Second stage 2SLS and second step Maddala estimates 

  In this subsection, we discuss the main results of this paper. We first highlight the 

most important findings from table VII, before discussing the effects of the control 

variables. The main results are presented in the second column (Maddala’s method) and 

fourth column (2SLS method) of table VII. These columns present consistent estimates 

of the parameters related to the determinants of underpricing.  

The first important take-away from the results in these two columns, is that 

Maddala’s method and the generated instrumental variable approach yield the same sign 

and significance for CreditRating and the majority of the control variables. Only 

Leverage and DualClass are slightly more significant if one uses the generated IV 

approach, but also for the coefficients of those variables the sign is identical. Because the 

estimates based on the two different methods are so similar, we will discuss column two 

and column four simultaneously. At the end of this section we comment on the differences 

in results between OLS estimates and the two other estimation methods.  
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The second key take-away is that coefficient of CreditRating is negative and 

significantly different from zero at the one percent level in both columns two and four of 

table VII. More specifically, the one-sided t-test based on the generated instrumental 

variable approach, results in a t-value of -4.38 and p-value <0.001. The t-value based on 

Maddala’s approach equals -2.86, with a corresponding p-value of 0.002. As both t-values 

resulting from the two different approaches are smaller than the critical value of -1.645 

identified in section 3.5, we can reject the null hypothesis that credit ratings do not 

significantly influence Underpricing.  Consistent with the results provided by An and 

Chan (2008), our results suggest that credit ratings can significantly reduce underpricing. 

Credit ratings seem to reveal additional information about the firms that obtains a credit 

rating, thereby reducing the information asymmetries that exist between the different 

participants of the IPO market. Additionally, this indicates that the assumption of 

information asymmetries in the IPO market seems more realistic than the assumption of 

information symmetry across participants of the IPO market. 

The third key take-away is that the statistical significance of the coefficient of 

InverseMillsRatio in column (2), verifies the existence of an endogenous relationship 

between CreditRating and Underpricing. The t-test, in order to test whether the null 

hypothesis that the coefficient of InverseMillsRatio (ρ) equals zero holds, gives us a t-

value of 2.55 and a p-value of 0.011, allowing us to reject the null hypothesis. 

Additionally, the result of the Hausman test based on the 2SLS procedure confirms the 

presence of endogeneity.7 This means that we correctly abandon the conventional OLS 

procedure and only interpret the results in the models where this is accounted for.  

 

  

                                                 
7 The results of the Hausman test are presented in the Appendix 
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Table VII 
IPO Underpricing Analysis – OLS, Maddala & 2SLS Estimates 

This table presents the results of the OLS, Maddala and 2SLS estimations. The dependent variable in all columns, 
except for the column presenting the results of the first stage of the 2SLS procedure, is Underpricing, defined as the 
percentage increase in price on the first day of trading publicly. CreditRating is a dummy variable indicating whether 
a firm has a credit rating before going public. NasdaqReturns is defined as the 15-day cumulative prior-IPO return 
of the Nasdaq Index. L_Age is defined as the logarithm of 1 plus the difference between IPO year and founding year. 
DualClass is a dummy variable indicating whether a firm has multiple classes of shares. Float is defined as the 
proportion of the total shares outstanding that is offered at the IPO. Primary is a dummy variable for pure primary 
offerings. L_Sales is defined as the logarithm of the firm’s sales (in million USD) in the year prior to the IPO. Revision 
represents the percentage change between the offer price and the midpoint of the initial filing range. UnderwriterRank 
is a rank in the range of 1-9, based on the underwriter’s prestige. L_Proceeds is defined as the logarithm of the IPOs 
proceeds in USD millions. Tech is a dummy variable indicating whether a firm is part of an industry that is classified 
as a technology industry (see table IV). Tangibility is defined as the ratio of PPE to total assets. Profit is the ratio of 
EBITDA to total assets. Leverage represents the debt-to-assets ratio in the year prior to the IPO. Heteroscedasticity 
robust standard errors of the estimated coefficient are reported in parentheses. ***,**,* indicate significance at 1%, 
5% and 10%, respectively. Industry and time fixed effects are included. 

 OLS Maddala 2SLS (1) 2SLS (2) 
     
CreditRating -0.0321** -0.183***  -0.262*** 
 (0.0125) (0.0639)  (0.0599) 

Venture 0.0461*** 0.0430*** -0.00310 0.0413*** 
 (0.0119) (0.0122) (0.00655) (0.0118) 

NasdaqReturns 1.414*** 1.404*** -0.0114 1.399*** 
 (0.168) (0.112) (0.0603) (0.1686) 

L_Age -0.0237*** -0.0209*** 0.00146 -0.0194*** 
 (0.00473) (0.00628) (0.00340) (0.00490) 

DualClass -0.0265* -0.0315 -0.00475 -0.0341* 
 (0.0156) (0.0195) (0.0105) (0.0164) 

Float -0.298*** -0.301*** -0.000921 -0.303*** 
 (0.0332) (0.0370) (0.0200) (0.0338) 

Primary 0.0391*** 0.0422*** 0.00141 0.0439*** 
 (0.00814) (0.0112) (0.00606) (0.0084) 

L_Sales -0.00936*** -0.00775** 0.00167 -0.00690** 
 (0.00318) (0.00321) (0.00173) (0.00327) 

Revision 0.756*** 0.741*** -0.00766 0.734*** 
 (0.0428) (0.0381) (0.0206) (0.0441) 

UnderwriterRank 0.000268 -0.000221 0.000430 -0.000479 
 (0.00308) (0.00355) (0.00191) (0.00316) 

L_Proceeds 0.0324*** 0.0400*** 0.00321 0.0439*** 
 (0.00817) (0.00857) (0.00470) (0.09597) 

Tech 0.0227 0.0197 -0.00215 0.0182 
 (0.0173) (0.0160) (0.00863) (0.01753) 

Tangibility -0.0176 -0.0211 -0.00683 -0.0229 
 (0.0214) (0.0290) (0.0156) (0.0221) 

Profit 0.0143* 0.0138* -0.000917 0.0135* 
 (0.00814) (0.00726) (0.00391) (0.00815) 

Leverage -0.0271*** -0.0212** 0.00482 -0.0181* 
 (0.0101) (0.0107) (0.00579) (0.0104) 

InverseMillsRatio  0.0920**   
  (0.0361)   

CR_Fitted   0.894***  
   (0.0372)  

Constant -0.247* -0.406** -0.0886 -0.491** 
 (0.135) (0.197) (0.107) (0.165) 
     
Observations 5,502 5,502 5,502 5,502 
R-squared 0.338 0.259 0.248 0.360 
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We now turn to a brief interpretation of the effect of the different control variables 

on Underpricing. The effects of the control variables on underpricing we find, are much 

in line with consensus in IPO theories. Venture capitalists who are on boards of many 

issuing firms are motivated to take a company early and support underpricing, as they 

often nurture ties to underwriters. The underwriting firms then underprice offers of other 

issuing firms, in which the venture capitalists participate as buyer. Underwriters do this 

to maintain good relations with venture capitalists as the latter are often repeat customers 

of the banks. NasdaqReturns have a strong and positive relation to underpricing. More 

mature firms are better known in the market, leading to less presence of information 

asymmetry. L_Age therefore has a dampening effect on underpricing.  

We find a strong significant negative effect of Float, which is in line with existing 

literature. However, it appears that An and Chan (2008), were unable to find such a result. 

We believe that the difference is due to their failure to correct for incorrect data, where 

some observations from the CRSP database showed an incorrect number of shares 

outstanding (Ritter and Loughran, 2002), which we corrected for using the issuers’ 

prospectus. Without this correction, Float takes on a value that significantly exceeds one 

in many cases, which is unfeasible.  

Offers purely containing primary shares are more underpriced as no owners 

holding secondary shares are present in order to pressure against leaving money on the 

table. Our size proxy of L_Sales significantly reduces information uncertainty regarding 

the value of the company, thereby lowering Underpricing. An upward revision in the 

bookbuilding process is significantly related to a higher level of Underpricing, as more 

money must be left on the table in order to compensate investors for revealing positive 

information about the firm value (Hanley, 1993).  
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We find a positive effect of the logarithm of proceeds on Underpricing. This 

finding goes against the previously found relation in IPO theories. However, as previously 

stated, there was a changing issuer objective at play during the nineties and internet 

bubble period (Ritter & Loughran, 2002). Issuers in those times, started to put less focus 

on money left on the table, and more towards personal benefits. If this phenomenon has 

not changed since then, it is evident that a positive relation could be found of proceeds on 

underpricing. Venture capitalists could personally benefit more in issues of a relatively 

large amount. Nevertheless, existing literature is still vague upon the influence of IPO 

proceeds on underpricing, therefore further examination is required if one wishes to 

interpret this result with absolute certainty. It should also be noted that significant 

correlation between UnderwriterRank and L_Proceeds exists, suggesting that the 

relations found for these control variables should be interpreted with caution.  

We find a positive relation between Profit and Underpricing, albeit with a weak 

statistical significance. Initial public offerings of firms with higher Leverage are 

underpriced less. This can be due to the fact that there is more information available to 

participants of the IPO process for firms with (more) leverage. This reduces the 

information asymmetries within the IPO market, which can reduce Underpricing. 

5.3.3 Comparison of different methods   

Once accounted for endogeneity, the reducing effect having a credit rating on 

underpricing is much larger than what was found in the OLS model, with a coefficient 

level of -0.183- and -0.262 in the Maddala and 2SLS model respectively. This suggests 

that the endogenous relation between CreditRating and Underpricing caused an upward 

bias in the OLS model. Another important note we wish to make is that all coefficient 

estimates of our control variables apart from UnderwriterRank are similar in sign and 

statistical significance in the Maddala and 2SLS models to those reported in the OLS. 



78 
 

This finding provides us with some reassurance that the results related to the control 

variables are not driven by the instrumental variable approach. 

6. Conclusion and future research 

Prior research on the initial returns of IPOs has rendered a vast amount of theories 

regarding causes of underpricing. In this research, various assumptions of information 

distribution and certainty have been proposed. Many of these theories assume that 

underpricing increases with the degree of information asymmetry between participants of 

the IPO market and with the uncertainty about the issuing firms’ value. Credit ratings are 

known to reveal additional information to participants of financial markets. Therefore, 

we examine the effect of credit ratings on underpricing through their relation with 

information asymmetries and the value certainty of the issuing firm.  

We analyze a sample of over 5500 U.S. IPOs between 1986 and 2016, in which 

we find that the informational content of credit ratings effectively reduces underpricing. 

This finding is in line with the expectation that credit ratings reduce information 

asymmetries between market participants and ex ante uncertainty of firm value. We 

perform our analysis using two different methods that account for the potential 

endogenous relationship between credit ratings and underpricing. The two approaches 

provide similar results, indicating that our findings are not driven by the choice of a 

particular method. 

Throughout this paper we emphasize on the possibility of inconsistent results due 

to the endogenous relationship between CreditRating and Underpricing. Even though we 

argue that our instrumental variable is valid, we can never be completely sure that the 

exclusion restriction is satisfied. If not, this would mean that our inferences about the 

effect of credit ratings on underpricing might not be completely correct. A possible way 
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of verifying the relation between credit ratings on underpricing is to identify another valid 

instrumental variable and then perform a similar analysis.  

Our findings indicate that information asymmetries in the IPO market and 

uncertainty about the issuing firm’s value, have an effect on the level of underpricing of 

IPOs. To investigate the relation between information asymmetries, credit ratings and 

IPO underpricing further, we propose to extend the analysis performed in this paper to 

other markets. More specifically, information asymmetries could be larger in less-

developed financial markets. Hence, we would expect that credit ratings have an even 

stronger effect on IPO underpricing in those markets.  
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Appendix - Hausman test for Endogeneity  

This appendix presents the results of the Hausman test. 

Table VIII 
Endogeneity Analysis – Hausman Test  

This table presents results of the Hausman endogeneity test. The standard errors of the estimated coefficient are 
reported in parentheses. ***,**,* indicate significance at 1%, 5% and 10%, respectively. Industry and time fixed 
effects are included. 

  OLS - Hausman (1) OLS - Hausman (2) 
    
CR   -0.262*** 
   (0.0560) 

Venture  -0.00310 0.0413*** 
  (0.00655) (0.0117) 

NasdaqReturns  -0.0114 1.399*** 
  (0.0603) (0.168) 

L_Age  0.00146 -0.0194*** 
  (0.00340) (0.00478) 

DualClass  -0.00475 -0.0341** 
  (0.0105) (0.0159) 

Float  -0.000921 -0.303*** 
  (0.0200) (0.0334) 

Primary  0.00141 0.0439*** 
  (0.00606) (0.00828) 

L_Sales  0.00167 -0.00690** 
  (0.00173) (0.00325) 

Revision  -0.00766 0.734*** 
  (0.0206) (0.0439) 

UnderwriterRank  0.000430 -0.000479 
  (0.00191) (0.00312) 

L_Proceeds  0.00321 0.0439*** 
  (0.00470) (0.00942) 

Tech  -0.00215 0.0182 
  (0.00863) (0.0173) 

Tangibility  -0.00683 -0.0229 
  (0.0156) (0.0216) 

Profit  -0.000917 0.0135* 
  (0.00391) (0.00813) 

Leverage  0.00482 -0.0181* 
  (0.00579) (0.0104) 

PredictedResiduals   0.255*** 
   (0.0568) 

CRFitted  0.894***  
  (0.0372)  

Constant  -0.0886 -0.491*** 
  (0.107) (0.163) 
    
Observations  5,502 5,502 
R-squared  0.248 0.339 

 

In table VIII above we present the results of the Hausman test for endogeneity. 

The test procedure is described in detail in section 3.1.1.3. The From the table below we 
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can see that Pi(π), the coefficient related to PredictedResiduals as defined in section 

3.1.1.3, is significantly different from zero, thereby providing evidence of endogeneity in 

our model. For this reason, we correctly reject the use of the conventional OLS model 

and continued with the 2SLS. 

 


