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Does an issuing firm increase or decrease its long-term value by utilizing an underwriter with greater

prestige? This is an important question because the initial public offering (IPO) is a critical juncture in the

firm’s lifecycle; thus, decisions related to the success of an IPO can have important long-run consequences.

Moreover, IPOs are systematically underpriced from the standpoint of the issuing firm, leading to a natural

question of whether high-reputation underwriters add value to the firms they underwrite.1

Despite considerable attention to the effects of underwriters on IPO outcomes, there has been limited

work on their long-run value implications. To address this limitation, we develop a new approach that

explicitly uses the two-sided matching equilibrium between underwriters and issuers to estimate how char-

acteristics of underwriters and issuers contribute to the long-run value of these underwriting relationships.

Our approach uses matching-market inequalities as in Akkus et al. (2016) and Schwert (2016) to explicitly

account for the choices of underwriters and firms in equilibrium. Estimates from our matching model imply

that high-prestige underwriters (plus one point in the Carter-Manaster rank) are associated with 10 to 15

percent greater long-run value for the issuing firm. That is, pretigious underwriters appear to add value to

the firms they underwrite.

Using our valuation estimates, we also provide a useful decomposition of competing theories of under-

writer prestige effects in IPO underpricing. Despite considerable attention to the pricing effects of presti-

gious underwriters, there remain competing theories for how underwriter prestige should be related to IPO

underpricing, each with empirical support (see Ljungqvist 2007 for a review). On one hand, more pres-

tigious underwriters may reduce uncertainty surrounding the issuing firm, which reduces the amount of

underpricing necessary to attract willing investors (the certification hypothesis in Rock, 1986; Benveniste

and Spindt, 1989). On the other hand, prestigious underwriters may cater to the subscriber side of the offer-

ing, using greater underpricing to reward loyalty among important investment clients (Loughran and Ritter,

2004; Reuter, 2006). Consistent with contrasting forces at play, the sign on the reduced-form relationship

between underwriter prestige and IPO underpricing flipped from negative to positive around 1990 (Beatty

and Welch, 1996; Habib and Ljungqvist, 2001).

Our estimates from the matching model help reconcile these contrasting findings by providing a decom-

position of the underwriter prestige effect into two distinct effects. Specifically, we distinguish issuer-side

1Early work suggested that underwriters add value by alleviating underpricing that is necessary to convince investors to par-
ticipate in the IPO. IPO underpricing is the phenomenon that newly-issued stock predictably exhibits immediate and significant
returns, from the issue price to the close of the first day. A long literature has noted the causes and consequences of persistent
underpricing of IPOs (e.g., Logue, 1973; Ibbotson, 1975).
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effects of underwriter reputation (e.g., certification of the issuing firm’s offering) from the subscriber-side

effects (e.g., using greater underpricing to reward investment clients) by controlling for the issuer-side se-

lection into the underwriter-issuer matching equilibrium. Our decomposition shows issuer-side effects of

underwriter reputation are robustly negative, consistent with the certification hypothesis. In support of

subscriber-side theories, we also find that the subscriber-side clientele effect is associated with significantly

greater underpricing, and that these subscriber-side effects have grown over time. As subscriber-side and

issuer-side effects of underwrite prestige oppose one another in sign, our results provide a clear rationale for

conflicting empirical findings in prior work. Moreover, beyond its application to the market for first issues,

our structural technique can be applied to other prominent settings in financial economics (e.g., CEO-firm

matching, VC-firm matching), which should be of broad interest.

Our method combines two key ingredients: an economic assortative matching framework to explicitly

account for selection, and a proxy for the underwriter-issuer joint value.2 The matching model enables us to

directly compare actual underwriter-issuer pairings to counterfactual pairings that were feasible, but did not

occur in equilibrium. Combined with our proxy for underwriter-issuer value, the equilibrium conditions of

the two-sided matching model – see Roth and Sotomayor (1990) – give an upper bound for the value of the

counterfactual underwriter-issuer pairings.3

It is useful to contrast to our approach with the Heckman selection model. In the standard Heckman

setup, the value of the match is latent and unobserved, which requires the researcher to account for selection

using a discrete choice – usually Probit – model in the first stage. In practice, the Heckman selection model

requires excluded instruments in the first stage regression, largely to overcome the coarse nature of selection

(i.e., selected or not). In contrast, our generalization uses finer variation in the value of issuer-underwriter

pairings to account for selection. We estimate the selection process directly as a censored regression for the

value of the underwriter-issuer match, which accounts for selection reliably without the need for excluded

2Beyond our primary measure of match value (value of the IPO shares two quarters after the IPO), we also show the robustness
of our method to three other proxies for match value: IPO proceeds, value of IPO shares four quarters after the IPO, and the ratio
of the value of IPO shares two quarters after the IPO to initial assets. Further, the IV estimation does not rely on any assumption
about the match value of the underwriter-issuer pair, and because they are not dependent on this joint match value assumption, the
IV results indirectly test this assumption.

3To map the matching model to our econometric framework, we maintain an assumption that match-specific surplus is split
according to a fixed proportion. As we show in Appendix A, this assumption implies that both issuing firm and underwriter can use
the match value to describe their preferences regarding match partners - i.e., if the match value is higher, both firm and underwriter
prefer to be in that relationship. We partially motivate our choice of a fixed proportion using the fact that underwriter fees rarely
deviate from the industry convention of seven percent, as studied by Chen and Ritter (2000). Although the seven percent spread
applies to the IPO proceeds, not the lockup value of the IPO, proceeds are highly correlated with the lockup value of the IPO. The
fixed proportion assumption dramatically simplifies the method for computing bounds, a fact that reinforces this modeling choice.
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instruments. From this first-stage estimation of value, we infer the unobserved quality of each underwriter-

issuer pairing. We control for this quality directly to account for issuer-side considerations that affect IPO

underpricing. The resulting estimates of the determinants of IPO underpricing are independent of issuer-side

selection considerations.

In practice, although our approach is structural, our econometric method is conceptually straightfor-

ward and computationally simple. Indeed, the two-step method we propose requires minimal coding effort

because it can be implemented using routines that are standard in major econometric packages (Stata, R,

Matlab, etc.). In addition, the two-sided matching model not only provides intuition for what drives the

sample selection, but also provides an explicit means for generating estimates free of selection bias.

Our finding that the issuer-side certification and the subscriber-side clientele effects oppose one another

highlights a tension that arises because the underwriter is balancing the interests of issuing firms versus the

interests of its investment clients. The conflict between issuing firms and investment clients of underwriters

has been appreciated in other ways in the literature on IPOs (e.g., see Beatty and Ritter 1986 who analyze

changes in underwriter reputation). Nonetheless, our decomposition is the first to quantitatively understand

this tension in terms of equivalent effects on IPO underpricing. More than merely highlighting the ten-

sion between issuing firms and investment clients, our decomposed estimates – through disentangling the

confounding factors from one another – imply that each effect of underwriter prestige is individually more

important for IPO underpricing than the previous literature has understood.

Our findings are robust to a wide variety of specification checks and alternative approaches. In addition

to evaluating our method under different modeling assumptions,4 we perform an exercise using instrumen-

tal variables estimation that serves as an out-of-methodology test on our approach while still utilizing the

matching market intuition. Specifically, we use the two-sided matching game between underwriters and

issuing firms to motivate instruments. In two-sided matching market, the characteristics of counterfactual

firms should have predictive power for the underwriter’s reputation. Indeed, when we use these average

characteristics of counterfactual firms as instruments for underwriter reputation in a two-stage least squares

approach, we find that the certification effect is strongly negative and statistically significant with a magni-

4Although our method maintains the assumption that underwriters and issuing firms split the long-run value of the issuing firm
among themselves according to a fixed proportion, we show the method reliably accounts for selection when the proxy is measured
with error, reducing concerns about sensitivity of our findings. When we take the model to data, we employ our method using
a battery of alternative measures for the underwriter-issuer value: the value of the issuing firm two quarters (and four quarters)
after the IPO, the ratio of IPO value two quarters after the IPO to initial assets, and the IPO proceeds. Regardless of the proxy for
underwriter-issuer match value, our qualitative results are the same.
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tude that is indistinguishable from what we obtain using the equilibrium sorting model.

Because our structural equilibrium approach and IV estimation have distinct limitations that are un-

likely to manifest themselves simultaneously, it is reassuring that both methods yield similar estimates. In

particular, our conclusion that the certification effect of prestige reduces underpricing is not sensitive to our

structural assumptions about underwriter-issuer value because IV estimates, which are not based on these

assumptions, point to the same conclusion. On the other hand, the advantage of maintaining these assump-

tions is that our method obtains more precise estimates of the selection effect than IV because we model

the selection process more precisely. Beyond increasing the power of our tests, the additional precision of

our method is advantageous in settings with potentially weak instruments (Bound et al., 1995). This is an

important advantage because reliably strong instruments in financial contexts are scarce.

Our findings on the relationship between underwriter reputation and IPO underpricing in the time se-

ries also yield new insight. Specifically, our approach provides an estimate for how much of the sign flip

documented by Beatty and Welch (1996) arises from a decline in the importance of certification for issuing

firms, versus an increase in the importance of investment clients to high-prestige underwriters. Our esti-

mates attribute the change in sign from negative to positive almost entirely to the increasing importance of

investment clients. In fact, the issuer-side certification effect is remarkably persistent over time. These esti-

mates are quantitatively significant as well, amounting to between one and two percentage points less IPO

underpricing for a one-point increase in prestige rank. On the other hand, we document a significant rise in

the importance of subscriber-related underpricing – from a negligible, positive effect of underwriter prestige

on IPO underpricing in the 1980s (0.3 percentage points) to a large and robust effect during the 1990s and

onward (e.g., 2.3 percentage points in the 1990-1998 sample). These findings provide deeper insight into

why prestigious underwriters began using underpricing more in the 1990s to attract and retain clients. In

particular, we rule out that the sign flip was due to certification by underwriters reducing in importance.

Our study is related Fernando et al. (2005) who argued that underwriters and issuing firms match accord-

ing to mutual choice. Beyond Fernando et al. (2005), our econometric method uses explicitly the observation

that issuing firms and underwriters sort non-randomly with one another to estimate the determinants of IPO

underpricing. This structural empirical approach should appeal to scholars beyond the IPO underpricing

literature because we provide a novel and simple-to-implement technique to control for the effect of en-

dogenous sorting (e.g., Roberts and Whited, 2012). Our method relates to other explicit uses of matching to

correct for non-random samples in venture capital markets (Sorensen, 2007), bank merger markets (Akkus
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et al., 2016), and microcredit (Ahlin, 2009) among other applications.5 Due to the ubiquity of matching

processes in financial markets and the relative ease of implementing our method, we anticipate numerous

fruitful applications of our method, as well as related methods that account for selection and endogeneity

using matching models.

The remainder of the paper is structured as follows. Section 1 develops our econometric approach in

relation to the Heckman selection model. Section 2 describes the main results on the full sample (1985-

2010), and presents robustness to some key assumptions. Section 3 draws an explicit comparison of our

method to instrumental variables to correct for endogeneity. Section 4.2 documents changes over time in

the underwriter prestige effect. Section 5 concludes, offering future directions for research.

1 Econometric Framework

It is well known that underwriters and issuing firms select each other according to characteristics that also

produce value for the firm and underwriter (Fernando et al., 2005). One of the characteristics that governs

the underwriter-issuer matching is the reputation of the underwriter. Because underwriter reputation can be

productive, the mutual choice of underwriters and issuers creates an empirical challenge when it comes to

distinguishing the effect of underwriter reputation through the pattern of matching (a selection effect) from

the the effect of underwriter reputation conditional on the pattern of matching. This section develops an

econometric model that addresses mutual selection of underwriters and issuers by taking a formal model

of the matching process to the data.6 As the econometric approach we develop can be interpreted as an

intuitive extension of the commonly-used Heckman selection model, we begin by describing a standard

selection model in the context of the underwriter-issuer matching process.

5There are two classes of matching models that are used in these empirical uses of matching: transferable utility (TU) and
non-transferrable utility (NTU). Because we adopt a NTU framework, our analysis is most closely related to Sorensen (2007) who
also uses a NTU matching model. Nevertheless, our approach shares with the TU-founded papers the belief that taking seriously
the equilibrium in a matching market can provide more foundational understanding of outcomes and values in matching markets.

6For clarity of exposition, we present an alternative and more detailed development of the matching model and its connection
to the econometric model in Appendix A. Appendix A also presents a series of Monte Carlo exercises that validate the two-step
estimation approach we adopt throughout the paper.
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1.1 A Selection Model for IPO Underpricing and Reputation

Our interest in this paper is to evaluate the effect of underwriter reputation on IPO underpricing
(
Ub f
)
. To

evaluate this effect, we consider the specification:

Ub f = α
u +β1repb +Z′b f β +νb f (1)

Equation (1) applies to all underwriter-issuer pairings observed in the data. The dependent variable

Ubt is the percent by which the offering is underpriced, which is a positive number when the offering is

underpriced to match with the terminology of the literature. The variable repb is the underwriter prestige

ranking of Carter and Manaster (1990). Consistent with prior work on IPO underpricing, we control for a

vector of relevant factors Zb f that have been proposed in the literature on IPO underpricing as alternative

explanations for the underpricing of IPOs (details in Section 2.2). In particular, the vector Zb f contains

characteristics of issuing firms, characteristics of underwriters, and characteristics of the IPO market.

The observed characteristics Zb f in this specification are endogenous regressors. For example, unob-

served firm quality characteristics may be observed by the bank, and may affect the bank’s decision to work

with the firm as well as the bank’s propensity to underprice that firm at IPO. This relationship to unobserved

firm quality results in an endogeneity problem as long as unobserved firm quality matters for underpricing

and is correlated with observed characteristics Zb f and repb.

One way to address the endogeneity of Zb f is to model it as a selection problem. The underwriter-issuer

pairs observed in the data are the most desirable pairs, which were selected among all underwriter-issuer

matches on the basis of observable and unobservable characteristics. More formally, this selection problem

can be represented by explicitly modeling the value of a latent variable (Amemiya, 1985), which in our

application, represents the value of the underwriter-issuer match:

Pb f = α
p + γ1repb +X ′b f Γ+ εb f (2)

This selection equation includes underwriter-issuer pairs that occurred as well as counterfactual underwriter-

issuer pairs that did not generate enough surplus to be chosen in equilibrium. In a wide variety of economet-

ric settings, the latent variable Pb f is unobserved (e.g., it frequently represents utility). Moreover, the value
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of counterfactual pairs are fundamentally unobserved in the selected sample. Thus, the usual econometric

approach to model selection is to avoid the analysis of Pb f directly, and instead, analyze a related random

variable that equals one for the observed underwriter-issuer pairs and zero otherwise:

Yb f =


1 Pb f > 0

0 Pb f ≤ 0
(3)

Under the assumption that εbt is normally and independently distributed, the correction for selection is

the classic Heckman selection model, which estimates equation (3) using a Probit regression, and then con-

trols for the Inverse Mills Ratio in equation (1). Controlling for the Inverse Mills Ratio produces consistent

estimates for the effect conditional on selection (Heckman, 1979).

Although this formulation is often employed in financial economics literature in the context of selection,

the assumption that εbt is independently distributed is problematic given that each issuer in the sample is

matched with an underwriter.7 Nonetheless, this form of the Heckman selection model provides a useful

baseline for our approach, which is a natural refinement of the standard approach given the observation that

the observed set of underwriter-issuer pairings arises from an equilibrium of a matching game.

1.2 Generalizing the Selection Model

We refine the standard selection model by analyzing equation (2) directly, rather than indirectly through

equation (3). When it is possible, modeling the value of the underwriter-issuer match directly enhances the

precision with which we control for selection. Not only is the presence or absence of the match informa-

tive of selection, but the variation in the value of the match can also speak more precisely to the nature

of selection. Modeling underwriter-issuer match value directly requires a useful proxy for the value of

the underwriter-issuer match. Our main specification maintains that the long-run value of the issuing firm

captures the value of the match (more details in the next subsection). Our method does not require per-

fect measurement of the underwriter-issuer match value. In support of this point, we present Monte Carlo

evidence in Appendix A that shows our selection correction is effective when the proxy is observed with

7For each year the underwriter is active, an underwriter’s set of counterfactual firm partners is constructed from the issuers that
went public using a different underwriter that year. Suppose that there is an IPO market with 20 underwriters. In this case, each
issuing firm will show up in 20 observations in the underwriter-issuer matching data set. If 19 observations corresponding to the
same issuer have a sufficiently low error term, this would imply that the 20th observation corresponding to that issuer would need
to be sufficiently high to guarantee Pb f > 0, which violates independence of errors.
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error.

Beyond measuring the value of the observed underwriter-issuer pairings, we need to measure the value

of feasible underwriter-issuer pairs that were foregone because either the underwriter or the issuer chose

an alternative partner in equilibrium. For example, suppose that issuing firm f contracted underwriter b

instead of underwriter b′. Firm f and underwriter b′ could have worked together, but they selected different

partners in the IPO market - a choice that results in a selection problem from analyzing only the observed

underwriter-issuer pairs. Given our proxy for the underwriter-issuer match value, we observe the value of

(b, f ), but we infer bounds on the counterfactual match value for (b′, f ) to speak directly to the nature of

selection.

To bound the value of counterfactual matches (feasible underwriter-issuer pairs that were foregone), we

model the observed pattern of underwriter-issuer pairings as the pairwise-stable equilibrium of a two-sided

matching market.8 The observed match, µ , is pairwise stable if there is no feasible underwriter-issuer pairing

that was forgone in which both parties would benefit from leaving their existing partners to match with one

another. For example, let (b, f ) be a counterfactual underwriter-issuer pair under the observed equilibrium

µ . Pairwise stability implies either issuing firm f receives a greater payoff from its observed match with

bank µ ( f ), or bank b receives a greater payoff given its current set of issuing firms µ (b), or both.

For concreteness, the condition that issuing firm f receives a greater payoff in equilibrium than the

counterfactual match (b, f ) is given by:

Pb f < Pµ( f ) f (4)

For bank b to receive a greater payoff in equilibrium than the counterfactual match (b, f ), the counter-

factual match must produce less value than the bank’s lowest value match. Thus, this condition is given

by:

Pb f < min
f ′∈µ(b)

Pb f ′ (5)

8The model – described in detail in Appendix A– is standard within the matching literature (Roth and Sotomayor, 1990),
requiring an assumption that underwriters and issuers split the value the match according to a fixed proportion. When a issuer and
lead investment bank match to one another, they split match surplus from the IPO according to a fixed proportion λ . We motivate
the assumption that issuers and underwriters split the match surplus by a fixed proportion the well-documented phenomenon in IPO
markets that banks rarely deviate from the industry convention of charging a seven-percent spread rate on IPO proceeds (Chen and
Ritter, 2000). The fixed proportion λ implies that our matching model has non-transferable utility.
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Pairwise stability does not require both inequalities (4) and (5) to hold simultaneously. For pairwise

stability, it is sufficient for one of these inequalities to hold (see Sorensen, 2007). Using this insight, we

combine the inequalities by taking the largest right-hand-side value – either Pµ( f ) f or min f∈µ(b) Pb f – as the

upper bound on the value of the counterfactual match:

Pb f < max
{

Pµ( f ) f , min
f ′∈µ(b)

Pb f ′

}
(6)

Denoting the right hand side of this inequality as P̄b f ≡max
{

Pµ( f ) f ,min f ′∈µ(b) Pb f ′
}

, the selection equa-

tion we can estimate using these data on match values and bounds is given by:

P∗b f = γ1repb +X ′b f Γ+ εb f (7)

where

P∗b f =


Pb f if (b, f ) is observed

P̄b f if (b, f ) is counterfactual
(8)

Given this transformation of the selection equation, we estimate the selection equation using a censored

regression where the value of the counterfactual matches is bounded above by an observation-specific cen-

soring point that we can compute as P̄b f using the observed value of the alternatives that were chosen in

equilibrium. Under the assumption of normality of errors, we can estimate equations (7) and (1) simultane-

ously using maximum likelihood, where the likelihood function is given by:

L(P,U |µ,Θ,X ,Z) = ∏
b f∈µ

1
σρ

φ

Ub f −β1repb−Z′b f β −δ

(
Pb f − γ1repb−X ′b f Γ

)
σρ

×
∏

b f∈µ

1
σε

φ

(
Pb f − γ1repb−X ′b f Γ

σε

)
× (9)

∏
b f /∈µ

Φ

(
P̄b f − γ1repb−X ′b f Γ

σε

)

where the first term captures the likelihood from the underpricing equation (1), the second term captures
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the likelihood of the realized matches observed in the data, and the third term captures the likelihood of the

censored-counterfactual matches.

Even more simply, we adopt a two-step method analogous to the Heckman two-step method that pro-

duces consistent estimates of (β1,β ). In the first step, we perform censored regression for the matching

equation using the upper bounds on the long run market value as censoring points for the counterfactual

matches. From this censored regression, we obtain the matching equation estimates β̂ in addition to a vector

of residuals ε̂ . In the second step, we estimate the the underpricing equation, but in addition to the observed

characteristics, we also include ε̂ as a regressor.9 Controlling for ε̂ effectively controls for unobserved de-

terminants of the match, and hence, its inclusion in the second stage corrects for selection. We demonstrate

the ability of our two-step method to recover β reliably in a series of Monte Carlo exercises in Appendix A.

This technique has notable practical advantages. In practice, our two-step method is straightforward to

implement using standard routines available in major econometric packages, which should serve to enhance

its appeal as a technique to correct for selection more generally. Moreover, our method requires minimal

computational burden, and it can be implemented using existing censored regression functions in popular

packages such as Stata. It is notable that our method has these computational advantages despite explicitly

using the structure of the matching market to improve upon the precision of the estimator.

1.3 Proxying for Underwriter-Issuer Match Value

As we described in the development of our generalized selection model, we measure the firm-bank match

specific surplus Pb f using the long-run market value of the shares of the firm issued in the IPO. In our

model, underwriters and issuers seek to maximize the issuing firm’s long-run value. When we take the

model to data, we use the long-run value of the firm as the market value of the firm two quarters after the

IPO as our primary measure of underwriter-issuer value. What matters for our generalized selection model is

whether measuring the value of the match using our proxy (or alternative proxies) is more informative than

the selected versus not selected distinction that a Heckman selection model makes. Beyond our primary

measure, in Section 2.4 we consider several alternative measures of match-specific surplus to check the

robustness of our results. Broadly, we find that our main conclusions are not sensitive to the form of the

proxy we employ.

9The coefficient estimate on ε̂ gives an estimate for the effect of unobserved characteristics δ as well as correcting for the
endogeneity of Zb f .
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The long-run value of the issuer is a reasonable objective for issuing firms to maximize for a number of

reasons. First, as long as the incentives of management are aligned with the firm, the issuing firm should

choose its underwriter to maximize the long-run firm value (e.g., see similar logic in Jensen and Murphy,

1990). Second, even in the richer environment where incentives of management are misaligned with the

firm’s objective, the manager’s choice of underwriter will explicitly depend on the long-run value of the

firm to the extent that diversification of entrepreneurial wealth and venture capital resources motivate the

going-public decision (Chemmanur and Fulghieri, 1999). In fact, previous work has demonstrated that firm

managers, entrepreneurs, and its early-stage financial backers are particularly sensitive to a higher long-run

value because this is the price at which these parties can liquidate their holdings (Bradley et al., 2013).

Further, the long-run value of the firm also encompasses the productive value of the underwriter’s actions.

In this context, issuers prefer underwriters that generate more analyst attention and information production

following the IPO because these factors can be productive through feeding back into the firm’s real decisions

(Aggarwal et al., 2002; Brown, 2013).

Long-run issuer firm value is also a reasonable objective function for underwriters of IPOs. Through

their percentage commission for underwriting the IPO, underwriters prefer to work with issuers that will

yield a larger value for the shares offered. More generally, underwriters prefer to work with high quality

issuers, and high quality issuers will tend to have larger long-run value. Fernando et al. (2005) present

evidence in support of this point using characteristics of issuers that switched underwriters between initial

public offering and subsequent seasoned equity offerings (SEOs). Firms that tend to become larger between

IPO and SEO are better able to attract a high prestige underwriter, suggesting that underwriters prefer

higher value issuers. Beyond the seven-percent percentage fee that underwriters assess on the IPO proceeds,

underwriters of IPOs benefit from trading commissions and higher trading volume the day of the stock issue

(Goldstein et al., 2011). In addition, to the extent that underwriter reputation is important in attracting future

underwriting business, underwriters will tend to maximize the long-run value of their issuing firms in and of

itself. To a first order, these considerations imply that the long run value of the issuing firm is a reasonable

objective for the underwriter as well as the issuer.

As we argued in the previous section, our use of a proxy for underwriter-issuer value provides an ef-

fective way to correct for mutual selection in IPO underpricing regressions. In reality, the long-run value

of the issuing firm may not capture every consideration for underwriters and issuers in the IPO context, but

it provides a reliable and mutual metric that dramatically simplifies our approach. Further, as we show in

11



Section 3 in our comparison to instrumental variables regression, our broad conclusions are not sensitive to

maintaining this assumption, but our use of this proxy for match value dramatically improves the precision

of our estimator because it allows us to more reliably account for the nature of selection.

2 Estimation and Results

2.1 Variables and Data

We obtain data on IPOs using the Thomson Securities Data Corporation (SDC) Platinum Global New Issues

database. The sample includes IPOs of U.S. firms’ common stocks completed between 1980 and 2010. For

data consistency, we exclude unit offerings, spinoffs, real estate investment trusts, rights issues, closed-end

funds and trusts, and IPOs with an offer price less than five dollars per share. We require that the firm be cov-

ered in the Center for Research in Security Prices (CRSP) database, and that at least one institution reports

owning shares at the end of the first post-IPO reporting quarter in the Thomson-Reuters 13F Institutional

Holdings database (13F).

We supplement these main data sources with accounting data from COMPUSTAT, and we use the Con-

sumer Price Index from the Bureau of Labor Statistics to adjust dollar values to year 2000 U.S. dollars.

Finally, data from Jay Ritter’s website provide the information on founding dates, monthly underpricing and

issuance activity, and underwriter rankings.

Table 1 summarizes the key variables in our sample, which contains observations of IPOs from 1985

to 2010. The pre-1985 observations of IPOs are dropped from the final sample because two variables (un-

derwriter average abnormal underwriter pricing, and underwriter average informed trading) require a 5 year

history to compute. As is documented elsewhere (e.g., Loughran and Ritter, 2004), the IPO underpricing

bubble of 1999-2000 is apparent in the summary statistics, with average underpricing of 60.9 percent during

the bubble years, but ranging from 6.7 percent to 14.6 percent for subperiods outside of 1999-2000. Issuing

firms during the bubble were also younger, more likely to be technology firms, and more likely to be venture

backed. Our measure of match surplus - log(market_valueLR) - exhibits fairly steady growth over the period

with a mean of 2.76 in the 1980s and a mean of 4.36. This growth poses no problems in our regressions

because, in both of our matching and underpricing equations, we use year fixed effects to remove trends. We

also analyze the 1999-2000 bubble period separately when we examine the relationship between underwriter

prestige and underpricing over time because this period is substantively different than other time periods in
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the sample.

2.2 Estimation of Matching Equation

We implement our estimator using the following specification for matching equation, using as the dependent

variable the log of the market value of the firm two quarters after the IPO:

log(market_valueLR) = γy + γi +X ′b f β + εbt (10)

where γi are firm-industry fixed effects (Fama French industries), γy are year fixed effects, and Xb f is a

vector of controls, which previous authors in the IPO underpricing literature have identified as important:

underwriter attributes, firm attributes, firm issue attributes, and IPO market attributes. We measure the joint

bank-issuer value function by the logged long-run market value of the issuer firm log(market_valueLR).

Firm owners, entrepreneurs, and financial backers care explicitly about this objective while underwriters

seek to maximize long-run issuer firm value to enhance their reputation, as well as to maximize explicit

payments from proceeds and trading commissions.

For underwriter attributes, we include the prestige rank of the underwriter repb (Carter and Manaster,

1990; Michaely and Shaw, 1994; Carter et al., 1998), the average underwriter underpricing for the past 5

years as studied by (Hoberg, 2007), and the average fraction of institutional investors that made informed

trades among IPOs underwritten by the investment bank in the past five years (Brown, 2013).10

For issuer attributes, we include log( f irmage f ) the log of the firm’s age (Ritter, 1984; Megginson and

Weiss, 1991; Ljungqvist and Wilhelm, 2003), an indicator for whether the issuing firm is backed by a venture

capital firm (Megginson and Weiss, 1991; Bradley et al., 2013), and a dummy variable for whether the issuer

is a technology company.

Consistent with recent work on IPO underpricing, we also control for attributes of the IPO as well as

attributes of the IPO market. In particular, we include the number of IPOs in the past month and their

average underpricing to control for IPO underpricing waves (Ljungqvist et al., 2006). We control for the
10As star analysts could be an input to achieving greater underwriter reputation (see Cliff and Denis, 2004; Loughran and Ritter,

2004; Liu and Ritter, 2011), we have also controlled for all-star analyst coverage associated with the underwriter in unreported
specifications, and our main specification results are robust to this choice (the strategic underpricng effect is larger, but the certifica-
tion effect remains the same). We leave all-star analyst coverage out of the main specifications in this paper for clarity of exposition,
and because it is more difficult to interpret the effect of underwriter reputation while controlling for an essential input. Results are
available on request.
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market return and standard deviation of the market return in the 15 days leading up to the IPO to control

for adjustment to public information (Hanley, 1993; Bradley and Jordan, 2002; Loughran and Ritter, 2002).

We also include the offer price revision (difference between the midpoint of the first-announced price range

and the IPO offer price) to control for the partial adjustment phenomenon (Hanley, 1993; Benveniste et al.,

2003). Finally, we control for percent of the firm sold in the IPO as well as the percent of institutional

investors as in Habib and Ljungqvist (2001) and Ljungqvist and Wilhelm (2003).

All continuous variables in our sample have been winsorized at the 0.01 and 0.99 quantiles to mitigate

the sensitivity of the results to extreme outliers. We estimate equation (10) using a censored regression

where the censoring points are the upper bounds on the proceeds computed using the pairwise stability

condition implied by the one-to-many matching between issuers and underwriters.

2.2.1 Results from the Matching Equation

Table 2 reports the results from estimating (10). The results indicate that issuers and underwriters sort non-

randomly across both underwriter and issuer attributes, and the results in Table 3 on the time-series of these

estimates indicate that the significance on the whole sample is not driven by a particular time period.

Underwriter measures of reputation enter strongly and positively in the matching equation. In the match-

ing equilibrium, these findings suggest that issuers favor prestigious underwriters, underwriters that have a

reputation for persistently underpricing, and underwriters that tend to connect firms with investors who trade

informatively. When we split the sample into different time periods in Table 3, our estimates suggest that

issuers favor high-underpricing underwriters (Hoberg (2007)’s measure) during the 1990s and IPO Bubble

(1990-2000), but this effect is not significant in other time periods (1985-1989 and 2001-2010).

Issing firm attributes are also significant in the matching equation, especially log(Assets). The results

in Table 2 indicate that the age of the issuing firm, whether the issuing firm is a technology company, and

whether the issuing firm is backed by a venture capital firm are significant predictors before we hold constant

issuing firm size by controlling for log(Assets). In specifications that control for log(Assets), other issuing

firm attributes are less consistently related to the long run value of the issuing firm. Table 3 indicates that

this positive relationship of firm assets to long run value of the issuing firm is persistent over time. From the

standpoint of using the residual as a correction, the residual ε̂ is orthogonal to log(Assets), which implies

that our measure of unobserved characteristics that determine the match value (ε̂) does not depend on the
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size of the issuing firm.11

2.3 Estimation of Underpricing Equation

We implement our estimator using the following specifications for underpricing equation:

Ub f = γy + γi +X ′b f β +δ ε̂bt +ρbt (11)

where γi are firm-industry fixed effects (Fama-French industries), γy are year fixed effects, ε̂bt is the

residual from the censored regressions in the previous section (used in the corrected specifications), and Xb f

is a vector of underwriter attributes, issuer attributes, IPO issue attributes, and IPO market attributes.

Table 4 presents estimates of equation (11) using OLS (as a baseline, columns 1 and 3) and our matching-

corrected estimator.12 All specifications use year fixed effects; columns (3) and (4) use Fama French industry

fixed effects. We bootstrap our standard errors (clustering by underwriter) to account for the sampling

variability in the first stage of our estimator.

The baseline OLS results replicate the general findings in the IPO underpricing literature for the full

sample of IPOs. In particular, the negative estimates on log( f irmage) and log(Proceeds) indicate that IPO

underpricing is greatest among young and smaller issuers, consistent with findings by Beatty and Ritter

(1986) and Ljungqvist and Wilhelm (2003).13 As in Hoberg (2007), our OLS estimates indicate a large de-

gree of underwriter persistence. In addition, the statistically insignificant underwriter prestige effect reflects

11In the Appendix (Table 14), we also report estimates from an alternative matching equation where we employ underwriter
fixed effects instead of industry fixed effects. In these specifications, time-varying within-underwriter variability identifies the
coefficients on the underwriter attributes, and thus, it is unsurprising that underwriter attributes exhibit smaller estimates that are
much less consistent across time. On the other hand, for some purposes, the use underwriter fixed effects can allow us to flexibly
control for underwriter characteristics while investigating the effect of issuing firm attributes on the match value. As our focus is
on the relationship of underwriter attributes to issuing firm value, we stick to specifications with industry (rather than underwriter)
fixed effects.

12The appendix presents several alternative samples, and methods for estimating the effects we discuss here. First, Table 12
presents estimates of IPO underpricing using the first column of Table 2 to generate the matching residual. As a result of not
relying on asset data, these specifications retain more observations, but they remain subject to the criticism that the the matching
residual indirectly proxies for issuing firm size. In our main specifications in the paper, we avoid this criticism by including
log(Assets) in the matching equation. Second, given this same sample and first stage without assets, Table 15 presents estimates
of IPO underpricing of where the matching residual is obtained from a specification of the matching equation that uses underwriter
fixed effects. This controls more flexibly for the nature of the underwriter. In all of these alternative specifications, we document a
positive correction using our matching-based endogeneity correction.

13On the interpretation of these estimates, Habib and Ljungqvist (1998) show that a negative relationship of underpricing to
log(Proceeds) can occur because of dilution, holding constant uncertainty about the issue. Because log(Proceeds) is an imperfect
proxy for uncertainty, it is important that we also include other issuer characteristics that capture firm-specific uncertainty (i.e., firm
age and firm industry fixed effects).
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the generally ambiguous findings in the literature on underwriter prestige (Booth and Smith, 1986; Beatty

and Welch, 1996; Carter et al., 1998; Loughran and Ritter, 2004).

Columns (2) and (4) report the results from our endogeneity correction. Notably, the estimate of under-

writer prestige on IPO underpricing increases dramatically in magnitude and becomes highly statistically

significant when we apply the correction for issuer-underwriter matching. The estimate on underwriter

prestige indicates that a one-point increase in the Carter-Manaster rank is associated with 2.5 percentage

points greater underpricing, and this estimate is statistically significant at the one percent level. For the

typical year in the sample, average underpricing equals approximately 7 to 15 percent of proceeds. Relative

to this benchmark, an effect of 2.5 percentage points is quite large. In addition, the coefficient estimate is

robust to the inclusion of year and industry fixed effects. Moreover, this estimate is the effect of increasing

underwriter prestige, independent of the pattern of matching, and the positive estimate is consistent with

strategic underpricing by high-prestige underwriters (as discussed in Loughran and Ritter, 2004).

The difference between the matching-adjusted and OLS estimates indicates a significant sorting effect

on underwriter prestige. As we discussed in the introduction, the underwriter-certification hypothesis – i.e.,

issuers choose high prestige underwriters to mitigate asymmetric information problems, and thus, reduce

the required underpricing to find willing investors – is a selection effect. Because underwriter certification is

embodied in the pattern of matching between issuers and underwriters, the effect of underwriter certification

on underpricing is netted out of our matching-corrected estimates. If all of the selection on underwriter

prestige is due to an underwriter certification motive, the difference between the OLS estimates and their

corresponding matching-corrected estimates gives an estimate for the certification effect. Based on the

difference between the estimates in columns (3) and (4), we estimate a certification effect equal to 2.0

percentage points of IPO underpricing for each unit increase in the Carter-Manaster prestige measure. In

the OLS results, this effect of certification masks the effect of strategically underpricing. In this way, our

matching correction allows us to decompose the total effect, and thus, provide evidence of both types of

effects.

In addition to our finding on underwriter prestige, the firm age effect in our matching-corrected esti-

mates is three-quarters the magnitude of the effect we find in our baseline OLS specifications. That is, a

quarter of the effect of firm age on IPO underpricing is related to the pattern of sorting between issuers and

underwriters. Another notable feature of our results is how the effect of institutional holding changes when

we account for endogeneity. After accounting for the determinants of matching between underwriters and
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issuers, the effect of having a large fraction of institutional investors becomes greater.

Moreover, the fact that R2 increases by approximately four percentage points (and the coefficient esti-

mate on ε̂ is highly significant) implies the pattern of matching is important to explaining variation in IPO

underpricing. More concretely, the significance of the matching residual in the IPO underpricing equation

implies that unobserved characteristics are important for the matching between issuers and underwriters

are also important for underpricing. Although unobserved to the econometrician, these characteristics re-

flect issuing firm quality known to the underwriter, or underwriter quality known to the issuing firm, and

thus, encourage issuers and underwriters to match to one another. In addition to correcting for endogeneity

implied by non-random sorting, in this way, our method quantifies the importance of these latent quality

characteristics.

2.4 Alternative Measures of Underwriter-Issuer Value

Although we include a comprehensive set of controls in the matching and underpricing equations, it is natu-

ral to be concerned that our findings are sensitive to our preferred measure for the underwriter-issuer match

value – the value of the IPO shares two quarters after the IPO. In this section, we evaluate whether our results

are sensitive to this proxy by considering several alternative measures. These alternative measures capture

underwriter-issuer value in different ways, and have different potential weaknesses than our preferred mea-

sure. Broadly, we find that our results are robust to how we measure match value, which enhances the

reliability of our conclusions.

As we described in Section 1.3, the long-run value of the issuing firm is a reasonable objective for the

issuing firm itself (e.g., see Jensen and Murphy, 1990). For the long-run issuing firm value to be a reasonable

measure of value for the underwriter, we rely on Fernando et al. (2005) who document that underwriters have

a preference to work with higher quality issuers. If long-run value measures the quality of the issuing firm,

it is a good proxy for the underwriter as well. Nonetheless, a careful reader may express skepticism that

underwriter compensation is not explicitly linked to the long-run value of the issuing firm, but rather equals

seven percent of IPO proceeds (Chen and Ritter, 2000). In addition, the evidence in Fernando et al. (2005)

pertains to the proceeds raised, and thus, it is reasonable to consider IPO proceeds as an alternative measure

for underwriter-issuer match value.14

14We adopt the long-run value as our primary measure as a method to also account for additional revenues that underwriters
receive from the high volume of trading for particularly underpriced IPOs (Goldstein et al., 2011). If IPO proceeds and long-run
value of the IPO shares differ by a dramatic amount, the idea is that the revenues from volume trading will make up the gap, and
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In addition to IPO proceeds, we propose two additional alternatives to measure underwriter-issuer match

value. One alternative measure of match value is the ratio of long-run issuing firm value (two quarters after

the IPO) to initial assets. Scaling long-run issuing firm value by assets reduces the concern that the effects

we document are driven by with scale and composition effects, and thus, this is a useful robustness check

in addition to the IPO proceeds measure. Our third alternative measure of match value is long-run issuing

firm value (four quarters after the IPO). We employ this measure to decouple our measure of underwriter-

issuer joint surplus from the end of the lock-up period (typically, two quarters after the IPO). Although the

rationale to care about longer-run firm value is weaker for firm owners subject to lock-up rules, measuring

long-run value four quarters after the IPO allows us to detect whether our results are driven by abnormal

behavior of investors around the lock-up expiration.

Table 5 presents the results from using each of these three alternatives to proxy for underwriter-issuer

match value. The results broadly indicate that our main findings are robust to how we measure the value

of underwriter-issuer relationships. In particular, the estimates Panel A, which employ the long-run value

four quarters after the IPO, highlight that our findings are not driven by the fact that our primary measure

of underwriter-issuer value occurs around the typical lock-up expiration period. Moreover, the robustness

of our findings to measuring match value as the ratio of long-run value to initial assets (Panel B) indicates

that scale effects are not driving our main findings.15 Finally, we can rule out that the certification and

strategic underpricing effects we document are driven by a particularly firm-centric measure of underwriter-

issuer joint match value (value of the issuing firm two quarters later) because we find similar effects for a

particularly underwriter-centric measure (IPO proceeds, Panel C).

The robustness of our main findings to alternative proxies for match value highlights that our findings

are not sensitive to the particular form of match value we employ. More generally, we conduct a Monte

Carlo simulation in Appendix A in which the match value available to our method is a noisy proxy for the

true match value. Table 10 presents the results from this simulation. As we vary the amount of idiosyncratic

noise, this Monte Carlo exercise shows our method is generally robust to a moderate amount of measure-

ment error. In the context of the alternative measures we consider in this section, none of these proxies

thus, the long-run value of the IPO shares is a more appropriate measure of the underwriter’s objective. This is why long-run value,
and not IPO proceeds, is our primary measure.

15Although our results are robust to using the ratio of market value to assets, controlling for assets as we do in our main specifi-
cations is a more flexible way to implement this size correction. Namely, scaling market value by assets is the same as controlling
for log(Assets) in our main specifications, but restricting the coefficient estimate on log(Assets) to be 1. Thus, we prefer our main
specification over the specifications presented in Panel B.
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represents perfect knowledge of the value of the underwriter-issuer match, but as long as they provide useful

information about underwriter-issuer value created, our method’s use of these proxies yields reliable conclu-

sions. Next, we turn to an alternative technique to evaluate the sensitivity of our conclusions to our structural

assumptions – developing an instrumental variables method using the two-sided matching model as a guide

to selecting instruments.

3 Comparison to Instrumental Variables

As our method is fundamentally a correction for endogeneity, it is natural to compare our method to the

instrumental variables (IV) approach. Even turning to IV, we can motivate the choice of instruments by

appealing to the matching model. In a two-sided matching market, characteristics of issuing firms that are

matched to another underwriter in the same matching market will influence the pattern of matching. These

characteristics of counterfactual issuing firms influence the amount of underpricing primarily through the

pattern of matching, and thus, the instruments are informative of the selection effect.

Based on this motivation, we construct a set of instruments by averaging issuer attributes across issuers

that matched with other underwriters during the same year. In addition to the average, we compute the

standard deviation of these attributes to obtain additional instruments. This instrumental variables approach

is similar to Habib and Ljungqvist (2001) who used using logged assets and one-year-lagged earnings per

share as instruments to correct for endogeneity in the choice of underwriters. Although we use additional

instruments based on the matching-market intuition, we also employ logged assets as an instrument, and

thus, the comparison of our method to our IV results presents a useful comparison to the extant literature.

Before describing the IV results, it is worth describing the nature of the variation our instruments use

in estimating the effect of reputation on IPO underpricing. Because reputation has heterogeneous effects

across underwriters and issuers, this is important to do because IV regression recovers the local average

treatment effect (LATE, see Imbens and Angrist 1994). In our context, this is the average causal effect of

reputation on IPO underpricing for the set of underwriter-issuer pairs that are induced to change behavior

according to our instruments (the compliant subpopulation). If reputation has heterogeneous effects as we

argue, the IV estimates we recover will not recover an overall average treatment effect, and thus, need to be

interpreted through the lens of the instrumental variation we employ.

As we argue for our set of instruments, the characteristics of counterfactual matches affect underpricing
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of the observed bank-issuer match through those attributes’ effect on the pattern of matching. As this vari-

ation is unrelated to strategic underpricing but influences the pattern of selection only, we expect to recover

the certification effect of underwriter prestige through our instrumentation procedure. This is because, in

the context of LATE, the IV approach estimates the effect of reputation through selection/matching on IPO

underpricing. In contrast to IV, our endogenous matching method recovers an effect that encompasses the

strategic underpricing effect as well because we recover the average treatment effect. This difference arises

because we adopt a control function that holds constant this pattern of matching, and thus, directly estimates

the effect of reputation conditional on the matching pattern (Heckman and Vylacil, 1999).

Table 6 presents OLS results as a baseline, as well as the first and second stage IV results in columns

2 and 3. As with our method, we estimate a negative and statistically significant effect through selection

of underwriter prestige (a certification effect). According to the IV specification, a one-point increase in

Carter-Manaster rank leads to a 3.7 percentage point decrease in underpricing. Although this estimate is

larger than the range of estimates we obtained with our method (-1.0 to -2.9 percentage points), the effect

size we obtain with IV is statistically indistinguishable from the effect we estimate using our method.

Upon examination of the first stage, some of our instruments exhibit a significant relationship with

underwriter reputation above and beyond the set of control variables. Nevertheless, the first-stage F-statistic

we obtain is only 7.843, which falls short of the usual rule of thumb (F>10) for the significance of the first

stage for strength of instruments (Angrist and Pischke, 2009).

Viewed in isolation, the moderate lack of significance in the first stage IV estimation is concerning

regarding the validity of our IV procedure, but it is reassuring that the IV estimate is close to our endogenous

matching estimate. In this context, our endogenous matching method serves as a check on IV, which in this

setting, potentially suffers from a weak instruments problem. On the other hand, the IV procedure make no

assumptions about the form of the match surplus, or the manner in which the surplus is split. Thus, the IV

estimates serve as a check on specification errors that might arise in implementing the endogenous matching

method. In this way, our estimates from IV and endogenous matching are mutually reinforcing, and their

similarity enhances the robustness of our findings.

Our comparison of IV and our endogenous matching method suggests a guiding principle for determin-

ing when selection corrections and control function approaches are preferred over instrumental variables

techniques. In the context of our paper, our generalized selection correction is more robust in scenarios

where weak instruments pose problems for inference. As the amount of noise in the process goes up, our

20



matching residual ε̂ will behave more like white noise. As our two-step method controls for ε̂ in IPO under-

pricing equation, the extreme case (where IV would be weak) involves controlling for a term that is purely

white noise. In this case, our correction will not affect the estimate. In contrast, instrumental variables when

the instruments are weak involves projecting onto (nearly) white noise, which has been shown to increase the

variance of the estimator in a perverse manner, and thus, raises the possibility of giving misleading results

(Bound et al., 1995).

4 Heterogeneity in Underwriter Prestige Effects

4.1 Venture Capital Backing and Hot Markets

In this section, we empirically evaluate sources of heterogeneity in issuer-side and subscriber-side under-

writer prestige effects on IPO underpricing. Notably, we examine whether these effects of underwriter

prestige are different if the firm is backed by venture capital versus not, and whether the offering is in a hot

versus cold IPO market. We expect the difference in the issuer-side effect for VC-backed firms to reflect the

certifying role of venture capital in the IPO process. On the other hand, the split between hot and cold mar-

kets should reflect subscriber-side incentives because there is more to be gained by catering to subscribers

in a hot market where subscriber-side rents are relatively greater.

The results from estimating heterogeneous effects by these factors are presented in Table 7. Consistent

with a greater certification effect when a firm is backed by venture capital, the issuer-side effect of under-

writer prestige is greater for VC-backed offerings than not (0.25 versus 0.17, the difference between columns

1 and 2). On the subscriber side of the offering, the effect of underwriter prestige on IPO underpricing is

more than twice is large in hot markets than in cold markets, consistent with the view that the subscriber-side

clientele effect of prestige emerges as catering to subscribers becomes more profitable. In finding that the

heterogeneity of these prestige effects depends on the profitability subscriber-side and issuer-side business,

we offer a novel extension of early work by Beatty and Ritter (1986), which argues that underwriters with

reputation capital at stake are disciplined by issuers and subscribers in equilibrium.

4.2 Underwriter Prestige Over Time

In the Section 2, we showed how our endogeneity correction for the IPO underpricing specification allows us

to decompose the total effect of underwriter prestige into a matching-based underwriter certification effect
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and a subscriber-side effect that resembles strategic underpricing. This section examines how these decom-

posed effects of underwriter prestige have evolved over time in order to better understand why prestige was

negatively related to underpricing in the 1980s, but positively related to underpricing thereafter. Consistent

with a subscriber-side effect, Loughran and Ritter (2004) rationalized this shift by arguing that underwriters

strategically underpriced their IPOs to reward repeat relationships with important investment clients, and to

enrich themselves in the process. Alternatively, it is possible that the change in the presige effect came from

changing issuer-side incentives, which is consistent with the argument in Beatty and Welch (1996). With

separate estimates of issuer-side form subscriber-side effects of underwriter prestige, we are in a position to

empirically disentangle these two explanations for the sign flip.

Table 8 reports estimates for effect of underwriter prestige from regression specifications similar to those

presented in Table 4, but separately estimated for four non-overlapping time periods: 1985-1989, 1990-1998,

1999-2000, and 2001-2010.16 Consistent with prior findings, our OLS estimates give a negative relation-

ship between underwriter prestige and IPO underpricing in the 1980s, but estimate a positive relationship

in subsequent periods. After accounting for non-random matching between issuers and underwriters, the

subscriber-side effect of underwriter prestige is positive across all time periods, though insignificantly so

in 1985-1989. Most strikingly, the difference between the OLS estimates, which is our estimate of the

issuer-side prestige effect, is quite persistent across time periods outside of the IPO bubble. When we apply

our decomposition, a one-unit increase in underwriter prestige decreases the amount of underpricing by 1.0

percentage points (1985-1989), 1.7 percentage points (1990-1998), 2.9 percentage points (1999-2000), and

1.7 percentage points (2001-2010) through its issuer-side prestige effect.17

After netting out the effect of non-random sorting on underwriter prestige, we estimate the subscriber-

side effect of prestige for a one-unit increase in the Carter-Manaster prestige measure to be an increase of

0.3 percentage points of IPO underpricing in the 1985-1989 sample, compared with 2.3 percentage points in

the 1990-1998 sample, 4.4 percentage points during the 1999-2000 IPO bubble, and 2.6 percentage points

in the 2001-2010 sample. By decomposing the prestige effect, we offer novel insight into why the effect

of underwriter reputation on IPO underpricing has changed over time (Loughran and Ritter, 2004). In

16The only difference between the specifications in Tables 4 and 8 is that Table 8 drops the other underwriter-specific attributes
(underwriter persistence and underwriter information production) in order to make the estimates from prior time periods comparable
to those estimates obtained in the early literature on IPO underpricing and underwriter reputation.

17These estimates are computed as the difference between coefficient estimates in columns (3) and (4) in Table 8. The coefficient
estimate for 1999-2000 is not statistically significant, but it is largest in magnitude. This is consistent with the motivation to separate
out the 1999-2000 IPO bubble period in which there was considerable variability in underpricing, much of it related to reputable
underwriters.
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particular, the data from the 1980s exhibit little to no subscriber-side effect of prestige on underpricing,

whereas the subscriber-side effect became much more important from the 1990s going forward (at the same

time as subscribers became more important to underwriters).

Finally, note that the IPO bubble period is characterized by the greatest subscriber-side prestige on

underpricing of any period in our sample, which is what a casual interpretation of the event would suggest.

Nevertheless, it is also the period where underwriter certification to mitigate asymmetric information seems

to be most important to underpricing.

5 Conclusion

This paper develops a new and computationally-simple method for modeling and controlling for selection

in the context of a matching market, and we apply this method to better understand the role that underwriter

prestige plays in the underpricing of IPOs. By explicitly accounting for the nature and form of selection, our

method facilitates a novel decomposition of two contrasting effects of underwriter prestige often discussed

in the literature (Booth and Smith, 1986; Loughran and Ritter, 2004): the underwriter certification effect (a

selection effect), and the strategic underpricing effect (independent of selection).

In the usual regression of IPO underpricing on underwriter prestige and other characteristics, certi-

fication and strategic underpricing have opposing effects on IPO underpricing, leading to an ambiguous

prediction regarding the sign of the relationship of prestige to underpricing. By controlling for the pattern

of matching, we are able to precisely estimate the strategic underpricing effect, and by comparison to the

original OLS estimates, we recover the underwriter certification effect.

When we apply our decomposition to the underwriter prestige effect, we document significant under-

writer certification and strategic underpricing effects, each equal to approximately one third of the median

amount of IPO underpricing. Consistent with the theory that motivates these two effects, these effects un-

derwriter prestige operate in opposite directions in their effect on IPO underpricing.

We also apply our decomposition into these effects over time to better understand why the overall re-

lationship between underwriter prestige flipped from negative in the 1980s to positive in the 1990s onward

(documented in Beatty and Welch, 1996). Theoretically, this change over time could have come about

because declining importance of underwriter certification, or from an increasing importance of strategic

underpricing. Based on our decomposition and estimates from four sub samples (1985-1989, 1990-1998,
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1999-2000 and 2001-2010), the change over time is due to the latter. Although the strategic underpricing

effect is positive throughout the sample time-frame, the magnitude of the strategic underpricing effect in-

creased dramatically (from 0.3 to 2.4 percentage points of IPO underpricing) from the 1980s to the 1990s.

In contrast, the matching-based underwriter certification effect is remarkably consistent over time, ranging

from 1.0 to 2.9 percentage points over the sample.

Beyond IPO underpricing, our approach to using the structure of the matching market to refine our esti-

mator has a number of attractive features that should warrant its application to other settings. On one hand,

the explicit incorporation of matching markets can more adequately control for the endogeneity often asso-

ciated with matching markets. On the other hand, incorporating the structure of the matching market can

allow researchers to identify effects that would otherwise not be observable. Because of these advantages

and the ubiquity of matching processes in financial markets, we expect that approaches like ours that explic-

itly use the nature of the underlying matching process to control for endogeneity (e.g, Sorensen, 2007) will

continue to have fruitful application in the financial economics literature.
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6 Tables

Table 1: Summary Statistics of Underwriter and Issuer Attributes
Note: This table reports summary statistics of issuer and underwriter attributes, underpricing, and the market value of the issuer’s IPO shares two
quarters after the IPO. After dropping unit offerings, spinoffs, real estate investment trusts, rights issues, closed-end funds and trusts, IPOs with an
offer price less than five dollars per share, and IPOs for which complete data do not exist, our final sample consists of N = 5190 IPOs. Underpricing
is the return from the issue price to the first day close, $log(market\_value_{LR})$ is the market value (price times shares offered, in 2000 dollars)
two quarters after the issue date, Carter-Manaster prestige is the prestige ranking discussed by Carter and Manaster (1990) and updated by Jay
Ritter, Avg. Underpricing (5 years) is Hoberg (2007)’s measure of underwriter average abnormal underpricing for the past 5 years, Avg. Info
Trading is Brown (2013)’s underwriter-level measure of informed trading by 13F institutions with allocations in the underwriter’s IPOs in the last 5
years, log( f irmage) is the logged age of the issuing firm with establishment dates taken from the Field-Ritter data set used by Loughran and Ritter
(2004), $log(assets)$ is the total assets from the issuing firm’s annual report preceding the IPO taken from COMPUSTAT, and Venture Backed
and Technology Company are indicator variables for whether the issuing firm is backed by a venture capital firm or is a technology company. For
each variable in this table, we compute the mean for the whole sample and separately for major subperiods (1980s: 1985-1989, 1990s: 1990-
1998, Bubble: 1999-2000, 2000s: 2001-2010), the median, standard deviation, and number of complete observations (N). Before calculating these
summary statistics, continuous variables are winsorized at the 0.01 and 0.99 quantiles.

mean mean mean mean mean median stdev N
85-10 85-89 90-98 99-00 01-10

Outcomes and Objectives
Underpricing 0.1920 0.0669 0.1455 0.6092 0.1166 0.0781 0.3510 5190
log(market_valueLR) 3.7912 2.7632 3.6171 4.3638 4.6763 3.7457 1.2522 5190

Underwriter Attributes
Carter-Manaster prestige 7.5592 7.4987 7.3475 7.8352 7.9989 8.0000 1.8577 5190
Avg. Underpricing (5 years) 0.0027 0.0025 -0.0025 0.0074 0.0167 -0.0071 0.1179 5190
Avg. Info Trading (5 years) 0.1479 0.1037 -0.0361 0.5312 0.4396 0.1830 2.9894 5190

Issuing Firm Attributes
log(Assets) 3.6339 3.1349 3.3693 3.2678 4.9045 3.3880 1.7832 4549
log( f irmage) 2.1981 2.1712 2.2314 1.7659 2.4793 2.0794 1.0708 5190
Venture Backed 0.4524 0.3617 0.4265 0.6790 0.4304 0.0000 0.4978 5190
Technology Company 0.4012 0.2566 0.3730 0.6676 0.3952 0.0000 0.4902 5190
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Table 2: Matching Equation: Estimation of Logged Long Run Market Value
Note: This table presents censored regression estimates of the logged market value of the issuing firm two quarters after the IPO. In these spec-
ifications, each observation is a issuer-underwriter pair where both the issuer and the underwriter were involved in an IPO during the same year,
where we take each year to be a separate IPO matching market. The first column is the full sample of IPOs, while columns (2) and (3) restrict
to the sample with first-quarter COMPUSTAT data. The sample includes all observed issuer-underwriter matches in the IPO market, as well as
counterfactual issuer-underwriter matches where the issuer and underwriter matched to a different underwriter or issuer. For these counterfactual
matches, pairwise stability implies observation-specific upper bounds on the logged market value of the issuing firm at lockup expiration. We use
these upper bounds as censoring points in a censored regression of the matching equation. To complete the data set for the counterfactual matches,
we use the underwriter attributes from the underwriter and the issuing firm attributes, characteristics of the issue itself, and IPO market attributes
from the firm. In addition, we include year and Fama-French (48) industry fixed effects. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten,
five, and one percent level respectively.

(1) (2) (3)

Underwriter Attributes
Underwriter Prestige 0.186∗∗∗ 0.182∗∗∗ 0.157∗∗∗

(0.006) (0.007) (0.006)
Avg. Underpricing (previous 5 yrs) 0.567∗∗∗ 0.566∗∗∗ 0.531∗∗∗

(0.080) (0.085) (0.074)
Avg. Info Production (previous 5 yrs) 0.107∗∗∗ 0.105∗∗∗ 0.090∗∗∗

(0.004) (0.005) (0.004)
Issuing Firm Attributes
log( f irmage) 0.088∗∗∗ 0.081∗∗∗ −0.024∗∗∗

(0.009) (0.010) (0.009)
Venture Backed −0.135∗∗∗ −0.139∗∗∗ −0.080∗∗∗

(0.021) (0.022) (0.020)
Technology Company −0.068∗∗ −0.085∗∗∗ −0.006

(0.032) (0.034) (0.030)
log(Assets) 0.268∗∗∗

(0.007)
Firm Issue Attributes
Price Revision 1.050∗∗∗ 1.079∗∗∗ 1.090∗∗∗

(0.052) (0.055) (0.049)
Percent Sold 0.098∗ 0.030 0.222∗∗∗

(0.054) (0.059) (0.051)
Percent Institutional 0.846∗∗∗ 0.811∗∗∗ 0.465∗∗∗

(0.033) (0.035) (0.033)
IPO Market Attributes
Number of IPOs in month −0.002∗∗ −0.002∗∗∗ −0.001

(0.001) (0.001) (0.001)
Avg. Underpricing in month −0.004∗∗∗ −0.004∗∗∗ −0.004∗∗∗

(0.001) (0.001) (0.001)
Market Return (past 15 days) −8.993∗ −11.868∗∗ −8.800∗∗

(5.165) (5.503) (4.902)
Std. Dev. Return (past 15 days) 15.996∗∗∗ 18.792∗∗∗ 18.842∗∗∗

(3.971) (4.189) (3.727)
scale 1.048∗∗∗ 1.374∗∗∗ 1.221∗∗∗

(0.010) (0.010) (0.010)

Year FE Yes Yes Yes
Fama French Industry FE Yes Yes Yes

Log-likelihood −24079.518 −20671.387 −20046.003
AIC 48335.037 41518.774 40270.006
BIC 49282.932 42447.644 41209.432
N 352051 283609 283609
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Table 3: Matching Equation over Time
Note: This table presents censored regression estimates of the logged market value of the issuing firm two quarters after the IPO, for four subsamples
the 1980s (1985-1989), the 1990s (1990-1998), bubble (1999-2000), and the 2000s (2001-2010) years. In these specifications, each observation is a
issuer-underwriter pair where both the issuing firm and the underwriter were involved in an IPO during the same year, where we take each year to be
a separate IPO matching market. The sample includes all observed issuer-underwriter matches in the IPO market, as well as counterfactual issuer-
underwriter matches where the issuer and underwriter matched to a different underwriter or issuer. For these counterfactual matches, pairwise
stability implies observation-specific upper bounds on the logged long run market value. We use these upper bounds as censoring points in a
censored regression of the matching equation. To complete the data set for the counterfactual matches, we use the underwriter attributes from the
underwriter and the issuing firm attributes, characteristics of the issue itself, and IPO market attributes from the firm. In addition, we include year
and underwriter fixed effects. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.

1985-1989 1990-1998 1999-2000 2001-2010

Underwriter Attributes
Underwriter Prestige 0.119∗∗∗ 0.143∗∗∗ 0.142∗∗∗ 0.118∗∗∗

(0.013) (0.008) (0.022) (0.015)
Avg. Underpricing (previous 5 yrs) 0.237 0.724∗∗∗ 0.736∗∗∗ 0.065

(0.281) (0.133) (0.126) (0.154)
Avg. Info Production (previous 5 yrs) 0.129∗∗∗ 0.111∗∗∗ 0.118∗∗∗ 0.062∗∗∗

(0.014) (0.006) (0.012) (0.006)
Issuing Firm Attributes
log(Assets) 0.328∗∗∗ 0.270∗∗∗ 0.176∗∗∗ 0.298∗∗∗

(0.018) (0.009) (0.025) (0.015)
log( f irmage) −0.025 −0.034∗∗∗ −0.027 0.007

(0.020) (0.012) (0.041) (0.021)
Venture Backed −0.002 −0.093∗∗∗ 0.005 −0.094∗

(0.049) (0.025) (0.075) (0.047)
Technology Company 0.151∗∗ −0.003 −0.022 0.033

(0.080) (0.039) (0.086) (0.066)

Year FE Yes Yes Yes Yes
Fama French Industry FE Yes Yes Yes Yes
Issue Attribute Controls Yes Yes Yes Yes
IPO Market Controls Yes Yes Yes Yes

Log-likelihood −2337.300 −11221.752 −2865.978 −3021.300
AIC 4798.601 22585.505 5833.957 6182.600
BIC 5316.667 23308.361 6258.765 6751.749
N 31442 195064 30625 25102
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Table 4: Determinants of IPO Underpricing (1985-2010)
Note: This table presents OLS and matching-market corrected estimates of determinants of IPO underpricing. In these specifications, each observa-
tion is an observed issuer-underwriter match at IPO. Underwriter Prestige is the Carter-Manaster underwriter rank based on ordering of underwriters
on tombstone announcements. The matching residual ε̂ is the residual computed from the third column of Table 4, as suggested by our two-step
method. All specifications include year fixed effects. Columns (3) and (4) also include Fama-French (48) industry fixed effects. Bootstrapped
underwriter-clustered standard errors are in parentheses.∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respec-
tively.

(1) (2) (3) (4)

Underwriter Attributes
Underwriter Prestige 0.004 0.023∗∗∗ 0.005 0.025∗∗∗

(0.003) (0.005) (0.003) (0.005)
Avg. Underpricing (previous 5 yrs) 0.635∗∗∗ 0.648∗∗∗ 0.627∗∗∗ 0.640∗∗∗

(0.043) (0.040) (0.043) (0.040)
Avg. Info Production (previous 5 yrs) −0.002 0.007∗∗∗ −0.003 0.006∗∗∗

(0.002) (0.002) (0.002) (0.002)
Issuing Firm Attributes
log( f irmage) −0.017∗∗∗ −0.012∗∗∗ −0.020∗∗∗ −0.015∗∗∗

(0.003) (0.003) (0.003) (0.003)
Venture Backed 0.017∗ 0.007 0.017∗ 0.009

(0.009) (0.008) (0.009) (0.008)
Technology Company 0.019∗∗ 0.010 0.015 0.008

(0.006) (0.006) (0.012) (0.012)
Firm Issue Attributes
log(Proceeds) −0.032∗∗∗ −0.109∗∗∗ −0.028∗∗∗ −0.110∗∗∗

(0.008) (0.011) (0.007) (0.010)
Price Revision 0.761∗∗∗ 0.809∗∗∗ 0.737∗∗∗ 0.794∗∗∗

(0.066) (0.066) (0.062) (0.062)
Percent Sold −0.136∗∗∗ −0.114∗∗∗ −0.135∗∗∗ −0.114∗∗∗

(0.021) (0.019) (0.020) (0.019)
Percent Institutional 0.093∗∗∗ 0.126∗∗∗ 0.091∗∗∗ 0.125∗∗∗

(0.008) (0.008) (0.008) (0.008)
IPO Market Attributes
Number of IPOs in Month −0.001 −0.000 −0.000 −0.000

(0.000) (0.000) (0.000) (0.000)
Avg. Underpricing in Month 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗

(0.000) (0.000) (0.000) (0.000)
Market Return (past 15 days) 5.667∗∗∗ 5.161∗∗ 5.715∗∗∗ 5.038∗∗∗

(2.214) (2.113) (2.212) (2.126)
Std. Dev. Return (past 15 days) 3.076∗∗ 2.119 2.477 1.733

(1.354) (1.369) (1.427) (1.441)
ε̂ matching residual 0.116∗∗∗ 0.117∗∗∗

(0.009) (0.009)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.555 0.592 0.561 0.597
N 4549 4549 4549 4549
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Table 5: Determinants of IPO Underpricing (1985-2010): Robustness to Measure of Match Value
Note: This table presents OLS and matching-market corrected estimates of determinants of IPO underpricing. Panel A uses the logged Q4 market
value of IPO shares to proxy for the match value. Panel B uses logged Q2 market value of IPO shares as a ratio of initial assets to proxy for the match
value. Panel C uses the logged IPO proceeds to proxy for the match value. In these specifications, each observation is an observed issuer-underwriter
match at IPO. Underwriter Prestige is the Carter-Manaster underwriter rank based on ordering of underwriters on tombstone announcements. The
matching residual ε̂ is the residual computed from a censored regression of proxy for match value – e.g., log(market_valueLR/assets) for Panel B
– as suggested by our two-step method. All specifications include year fixed effects. Columns (3) and (4) also include Fama-French (48) industry
fixed effects. Bootstrapped underwriter-clustered standard errors are in parentheses. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five,
and one percent level respectively.

Panel A: Measuring Match Value as Value of IPO Four Quarters after IPO

(1) (2) (3) (4)

Underwriter Prestige 0.005 0.015∗∗∗ 0.005 0.015∗∗∗

(0.003) (0.004) (0.003) (0.004)
ε̂ matching residual 0.053∗∗∗ 0.052∗∗∗

(0.006) (0.006)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.554 0.566 0.560 0.572
N 4549 4549 4549 4549

Panel B: Measuring Match Value as Market to Book Ratio

(1) (2) (3) (4)

Underwriter Prestige 0.004 0.014∗∗∗ 0.005 0.015∗∗∗

(0.003) (0.004) (0.003) (0.004)
ε̂ matching residual 0.092∗∗∗ 0.093∗∗∗

(0.010) (0.009)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.519 0.526 0.526 0.534
N 4549 4549 4549 4549

Panel C: Measuring Match Value as the IPO Proceeds

(1) (2) (3) (4)

Underwriter Prestige 0.004 0.011∗∗∗ 0.005 0.011∗∗∗

(0.003) (0.004) (0.003) (0.004)
ε̂ matching residual 0.049∗∗∗ 0.043∗∗∗

(0.014) (0.013)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.555 0.557 0.561 0.562
N 4549 4549 4549 4549
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Table 6: Instrumental Variables Estimation of IPO Underpricing
Note: This table presents OLS and IV estimates of IPO underpricing, where the instrumental variables approach instruments for Carter-Manaster
(1990) prestige rank using as instruments the mean and standard deviation of issuer, market, and issue attributes for issuing firms not matched to
each observation’s underwriter. In addition to these predictors, all specifications also include the full suite of issuing firm attributes, characteristics
of the issue itself, and IPO market attributes, the same as in the specification in column 3 of Table 6. The results on the other estimates are suppressed
to focus on how our method for correcting for endogeneity affects the underwriter prestige coefficient estimate. Each specification includes year and
Fama-French (48) industry fixed effects. The Anderson CC test statistic allows for testing for first-stage relevance (rank) when multiple endogenous
variables are instrumented. It produces approximately the same test as the first-stage F-statistic when one endogenous variable is instrumented,
which is the case here. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.

OLS IV IV
1st Stage 2nd Stage

Underwriter Prestige 0.005 −0.037∗∗

(0.003) (0.017)
log(Assets) 0.051∗∗∗

(0.019)
Characteristics of Unmatched Issuers in Same Year

log( f irmage) (mean) 1.240
(1.121)

log( f irmage) (std. dev.) −0.819
(1.600)

Technology Firm (mean) −0.632
(3.032)

Technology Firm (std. dev.) −23.859∗∗∗

(7.649)
# of IPOs in month (mean) −0.280∗∗

(0.135)
# of IPOs in month (std. dev.) 0.083

(0.262)
Avg. Underpricing in month (mean) 0.236∗

(0.136)
Avg. Underpricing in month (std. dev.) −0.253∗

(0.152)
Price Revision (mean) 18.286∗∗

(4.848)
Price Revision (std. dev.) −1.029

(6.371)
Percent Sold (mean) 0.991

(7.953)
Percent Sold (std. dev.) −0.146∗∗

(7.900)
Percent Institutional (mean) −6.447

(4.443)
Percent Institutional (std. dev.) 4.785

(7.418)
log(Assets) (mean) −3.604∗∗∗

(0.728)
log(Assets) (std. dev.) 5.433∗∗∗

(0.825)

Year FE Yes Yes Yes
Fama French Industry FE Yes Yes Yes

R-squared 0.561 0.579 0.541
F (first stage) − 7.843
Anderson CC (p-value) − 0.000
N 4549 4549 4549
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Table 7: Heterogeneity in Underpricing and Underwriter Prestige
Note: This table presents OLS and matching-market corrected estimates of underwriter prestige and the matching residual ε̂ , extracted from the
corresponding regression model in Table 5. In addition to these predictors, all specifications also include the full suite of issuing firm attributes,
characteristics of the issue itself, and IPO market attributes. Those results are suppressed to focus on the coefficient estimates of interest. We define
a cold IPO market to be a month with 10 or fewer IPOs, akin to the definition of Helwege and Liang (2004). All specifications include year and
industry (Fama-French 48) fixed effects. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.

VC Backed versus Not Hot versus Cold Markets
(1) (2) (3) (4)

Underwriter Prestige
× VC Backed 0.005 0.030∗∗∗

(0.004) (0.004)
× Not VC Backed 0.004 0.021∗∗∗

(0.003) (0.003)
× Hot Market 0.005 0.025∗∗∗

(0.003) (0.003)
× Cold Market −0.007 0.011

(0.008) (0.008)
ε̂ matching residual 0.116∗∗∗ 0.115∗∗∗

(0.006) (0.006)

Year FE Yes Yes Yes Yes
Fama French Industry FE Yes Yes Yes Yes
R-squared 0.561 0.596 0.561 0.596
N 4549 4549 4549 4549
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Table 8: Underpricing and Underwriter Prestige over Time
Note: This table presents OLS and matching-market corrected estimates of underwriter prestige and the matching residual ε̂ , extracted from the
corresponding regression model in Table 5. In addition to these predictors, all specifications also include the full suite of issuing firm attributes,
characteristics of the issue itself, and IPO market attributes. Those results are suppressed to focus on how our method for correcting for endogeneity
affects the underwriter prestige coefficient estimate. All specifications include year fixed effects. Columns (3) and (4) also include Fama-French
(48) industry fixed effects. Bootstrapped underwriter-clustered standard errors in parentheses.∗, ∗∗, and ∗∗∗ indicate statistical significance at the
ten, five, and one percent level respectively.

(1) (2) (3) (4)

Years: 1985-1989
Underwriter Prestige −0.008∗∗∗ 0.002 −0.008∗∗∗ 0.003

(0.003) (0.003) (0.003) (0.003)
ε̂ matching residual 0.068∗∗∗ 0.070∗∗∗

(0.011) (0.010)

R-squared 0.210 0.268 0.254 0.312
N 560 560 560 560

Years: 1990 - 1998
Underwriter Prestige 0.006 0.021∗∗∗ 0.006∗ 0.023∗∗∗

(0.004) (0.005) (0.004) (0.005)
ε̂ matching residual 0.076∗∗∗ 0.077∗∗∗

(0.009) (0.008)

R-squared 0.358 0.395 0.384 0.421
N 2439 2439 2439 2439

Years: 1999 - 2000
Underwriter Prestige 0.013 0.037 0.015 0.044

(0.017) (0.032) (0.019) (0.036)
ε̂ matching residual 0.110∗∗∗ 0.125∗∗∗

(0.020) (0.021)

R-squared 0.541 0.561 0.578 0.602
N 642 642 642 642

Years: 2001-2010
Underwriter Prestige 0.011∗∗∗ 0.027∗∗∗ 0.009∗∗ 0.026∗∗∗

(0.004) (0.004) (0.004) (0.004)
ε̂ matching residual 0.068∗∗∗ 0.070∗∗∗

(0.007) (0.007)

R-squared 0.393 0.436 0.441 0.482
N 841 841 841 841
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A Formal Derivation of the Two-sided Matching Model Estimator

In this appendix, we present an alternative description of the two-sided matching model and its link to our

econometric specification that includes more detail on modeling assumptions and derivations. We formalize

the mutual choice of issuers and investment banks in the IPO market as a two-sided one-to-many matching

model, where issuers match to one lead underwriter, and lead underwriters may match to many issuers. In

particular, we adapt Sorensen (2007)’s model of two-sided matching to the IPO setting, which was built

upon the College Admissions Model (Gale and Shapley, 1962).

A.1 Agents and Preferences

Each IPO market has two disjoint sets of agents: F denotes the set of issuing firms, and B denotes the set

of banks. Each issuer works with only one lead investment bank on its IPO, but a bank can work as the

lead investment bank for more than one issuer’s IPO. We denote the set of observed matches by µ ⊂M as a

subset of all possible matches between issuers and banks M = F×B. Let µ ( f ) denote the bank matched to

issuing firm f and µ (b) denotes the set of issuers matched to bank b.

When an issuing firm and lead investment bank match to one another, they split match surplus from the

IPO according to a fixed proportion λ .18 If IPO surplus for a matched bank-issuer pair (b, f ) equals Pb f ,

the issuer receives (1−λ )Pb f while the bank receives λPb f for that match. To compute the total payoff

to the bank b, add across the bank’s matched issuing firms ∑ f∈µ(b) λPb f . We measure the issuer-bank

match specific surplus Pb f using the long-run market value of the shares of the issuing firm. In our model,

underwriters and issuers seek to maximize the issuing firm’s long-run value.

A.2 Equilibrium

Given preferences of issuers and banks, our matching model imposes pairwise stability as its equilibrium

concept. The observed match, µ , is pairwise stable if there is no unmatched pair of agents that finds it

optimal to break from their existing matches to match with one another. In other words, pairwise stability

requires that for any unmatched pair of issuers and banks, there should be no incentive to deviate.

For example, let (b, f ) be an unmatched issuer-bank pair under the observed set of equilibrium matches

µ . Pairwise stability implies either issuing firm f receives a greater payoff from its observed match with

bank µ ( f ), or bank b receives a greater payoff from the lowest-payoff among those issuers that matched

with it, f ′ ∈ µ (b), or both.

For concreteness, the condition that issuer firm f receives a greater payoff in equilibrium than the coun-

18We motivate the assumption that issuers and underwriters split the match surplus by a fixed proportion the well-documented
phenomenon in IPO markets that banks rarely deviate from the industry convention of charging a seven-percent spread rate on IPO
proceeds (Chen and Ritter, 2000). The fixed proportion λ implies that our matching model has non-transferable utility. Transferable
utility matching models exist in the empirical literature, but for the present purpose, transferable utility would lead to less analytical
clarity, as well as greater computational complexity. Moreover, the seven-percent spread rule in IPO underpricing makes the
assumption of splitting by a fixed proportion more realistic.
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terfactual match (b, f ) is given by:

(1−λ )Pb f < (1−λ )Pµ( f ) f

Pb f < Pµ( f ) f (12)

The condition that bank b receives a greater payoff in equilibrium than the counterfactual match (b, f )

is given by:

λPb f < min
f ′∈µ(b)

λPb f ′

Pb f < min
f ′∈µ(b)

Pb f ′ (13)

Pairwise stability does not require both inequalities (12) and (13) to hold simultaneously. For pairwise

stability, it is sufficient for one of these inequalities to hold (see Sorensen, 2007). Using the fact that both

of these inequalities represent an upper bound on proceeds from the counterfactual match Pb f , we can

compactly express inequalities using a single inequality:

Pb f < max
{

Pµ( f ) f , min
f ′∈µ(b)

Pb f ′

}
(14)

A.3 Econometric Model

To connect our two-sided matching model to data, we assume each year’s observed issuer-bank matches

come from a matching market equilibrium involving all of the issuers and banks that participated in the IPO

market that year. Further, we impose that IPO markets in adjacent years are independent of one another.

In our analysis of the determinants of underpricing, we take into account this underlying matching process

between issuers and banks.

Our method allows us to distinguish between features that correlate with underpricing on account of

how issuers and banks select one another, and determinants of underpricing that are not due to selection. We

specify an underpricing equation and a matching equation. The matching equation solves the endogeneity

problem, allowing us to correct for the bias in estimates of the determinants of underpricing.

The matching equation relates the issuer market value at the lockup expiration Pb f to issuer and bank

characteristics that determine the value of the match between issuing firm and lead investment bank Xb f and

an error term that represents unobserved determinants of IPO value εb f :

Pb f = X ′b f β + εb f (15)

for all observed and unobserved matches b f ∈ My. Although we do not observe market value at lockup

expiration for unobserved matches, we can use bounds implied by pairwise stability to correct for this

censoring problem. The coefficient vector β gives the effects of observed characteristics on the production

values that govern the matching equilibrium, and thus, are directly relevant to the pattern of sorting we

observe. Nonzero elements of β indicate non-random sorting with respect to the observed characteristics

37



Xb f . Alternatively, β = 0 would imply that sorting is conducted randomly with respect to observed covariates

Xb f .

In our derivation of the estimator, we assume the error term εb f is distributed independently N (0,σε)

across matches, conditional on observed characteristics. In practice, the error term may incorporate unob-

served bank-specific factors, which would violate the assumption of independence across matches. Depend-

ing on the specification, we account for bank-specific factors either by using bank fixed effects or controlling

for bank-specific covariates that may affect production value in IPO markets.

Turning to the underpricing equation, we specify underpricing Ub f as a linear function of observed

characteristics Zb f and unobserved characteristics that affect underpricing νb f :

Ub f = Z′b f Γ+νb f (16)

Unlike the matching equation, we need only observe Zb f for all observed matches b f ∈ µy. Similarly, the

error term in the underpricing equation νb f is distributed N (0,σν), conditional on observed characteristics.

The coefficient vector Γ gives the effects of observed characteristics on underpricing, and thus, the estimates

of Γ are directly relevant to the IPO underpricing literature.

The observed characteristics Zb f are endogenous regressors because νb f includes unobserved factors

that affect the pattern of matching and the resulting match surplus. For example, unobserved issuing firm

quality characteristics may be observed by the bank, and may affect the bank’s decision to work with the

firm as well as the bank’s propensity to underprice that firm at IPO. This relationship to unobserved issuing

firm quality results in an endogeneity problem as long as unobserved issuer quality matters for underpricing

and is correlated with observed characteristics Zb f .

Formally, we express this dependence of the underpricing error term νb f on unobserved characteristics

that determine that match as:

νb f = δεb f +ρb f (17)

for all observed matches b f ∈ µy, where ρb f is distributed independently N
(
0,σρ

)
. This structural relation

between the error terms of the underpricing and matching equations gives the following covariance matrix

of underpricing and matching errors:(
νb f

εb f

)
∼ N

((
0

0

)
,

[
σ2

ρ +δ 2σ2
ε δσ2

ε

δσ2
ε σ2

ε

])
(18)

The coefficient δ gives the effect of the unobserved determinants of the matching on underpricing. When

δ is zero, unobserved factors cumulatively have no impact on underpricing given observed characteristics,

and there is no endogeneity problem. In this way, the significance of δ indicates whether endogeneity of

Zb f is an issue.
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A.4 Estimation of Matching and Underpricing Equations

The likelihood function gives the conditional probability of observing the matched pairs, µ , as well as the

long-run market value Pb f and the underpricing Ub f for all (b, f ) ∈ µ . Given data on the characteristics

of issuing firms (Xb f and Zb f ), long-run market value, underpricing and the observed matching, we can

decompose the likelihood into two components:

L(P,U |µ,Θ,X ,Z) = Pr (U |P,µ,Θ,X ,Z)×Pr (P|µ,Θ,X ,Z)

= Pr (U |P,µ,Θ,X ,Z)×

= [Pr (P|b f ∈ µ,Θ,X ,Z)×Pr (P|b f /∈ µ,Θ,X ,Z)] (19)

where Θ =
{

β ,Γ,δ ,σε ,σρ

}
.

The first term in the likelihood (Pr (U |P,µ,Θ,X ,Z)) is the probability of observing the underpricing

of the observed bank-issuer pairs. The second term in the likelihood (Pr (P|µ,Θ,X ,Z)) is the probability

of match production values (long-run market value), given the observed characteristics and the observed

matching.

We further decompose the second term into the probability of observing the match values for the ob-

served matches, given the observed characteristics Pr (P|b f ∈ µ,Θ,X ,Z) times the probability of observing

the match values for the unobserved matches, given the unobserved characteristics Pr (P|b f /∈ µ,Θ,X ,Z).

We do not observe long-run market value for counterfactual matches, but we can we construct bounds on

the proceeds for unobserved matches using the inequalities implied by pairwise stability:

Pb f < max
{

Pµ( f ) f , min
f ′∈µ(b)

Pb f ′

}
≡ P̄b f (20)

For the counterfactual matches, pairwise stability gives a set of upper bounds that imposes further structure

on the error term εb f :

Pb f = X ′b f β + εb f < P̄b f

⇒ εb f < P̄b f −X ′b f β

Thus, given the structure of the error terms, the likelihood is given by

L(P,U |µ,Θ,X ,Z) = ∏
b f∈µ

1
σρ

φ

Ub f −Z′b f Γ−δ

(
Pb f −X ′b f β

)
σρ

×
∏

b f∈µ

1
σε

φ

(
Pb f −X ′b f β

σε

)
× (21)

∏
b f /∈µ

Φ

(
P̄b f −X ′b f β

σε

)
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We can estimate Θ by maximizing the likelihood in equation (21). In practice, rather than using maximum

likelihood, we adopt a two-step method that is computationally straightforward to implement using standard

routines available in major econometric packages. In the first step, we perform censored regression for the

matching equation using the upper bounds on the market value at lockup expiration as censoring points for

the counterfactual matches. From this censored regression, we obtain the matching equation estimates β̂

in addition to a vector of residuals ε̂ . In the second step, we estimate the the underpricing equation, but in

addition to the observed characteristics, we also include ε̂ as a regressor. The coefficient estimate on ε̂ gives

an estimate for δ as well as correcting for the endogeneity of Zb f .

A.5 Monte Carlo Exercises

We conduct several Monte Carlo experiments to demonstrate the validity of our two-step estimator. This

discussion in this section also demonstrates how to apply our econometric method to a variety of matching

settings: one-to-one matching, many-to-one matching, data from a single matching market, and data from

multiple matching markets.

A.5.1 Data Generating Process

In our baseline Monte Carlo experiment, we simulate data from a one-to-one matching equilibrium for

B = N = 100 banks and issuers.

To simulate data from the matching equilibrium, we first draw the bank and issuer attributes Xb and

X f iid from normal distributions Xb ∼ N (10,2) and X f ∼ N (10,2). We simulate the match surplus and

underpricing from the structural matching and underpricing equations for all bank-issuer pairs.

Pb f

Ub f

=

=

βbXb +β f X f + εb f

γbXb + γ f X f +νb f
(22)

where νbt = δεb f +ρb f . In this formulation, εb f ∼ N (0,σe) and ρb f ∼ N (0,σp) are distributed indepen-

dently of one another. Thus, the degree of correlation between the error terms in the matching and under-

pricing equations is governed by the parameter δ .

For each of our Monte Carlo experiments, we set the parameter values to be βb = 2, β f = 4, γb = 2,

γ f = 1, and δ = 0.4. For the parameters that govern the error process, we consider low variance (σe,σp) =

(4,1) and high variance (σe,σp) = (8,2) alternatives to evaluate the sensitivity of our estimation method to

the amount of unobserved variation. The standard deviations in the low-variance scenario were chosen so

that the error term has approximately the same variance as the systematic component of the matching and

underpricing equations while the high-variance scenario doubles these standard deviations.

The data set consisting of simulated Pb f ,Ub f ,Xb, and X f gives match surplus and underpricing for both

observed and counterfactual matches (i.e., all bank-issuer pairs, not just those observed in the data). To

reduce this full data set to the observed matches, we compute the stable matching that arises from running

the issuer-proposing deferred acceptance algorithm (Gale and Shapley, 1962), and restrict the full data set

to these equilibrium bank-issuer matches.
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To assess the validity of the estimator in the many-to-one matching setting, we simulate the full data set

(i.e., match surplus, underpricing, and attributes for both observed and counterfactual matches) using the

same procedure as in the one-to-one matching case. To determine the bank-issuer matches that should occur

in the simulated data, we compute the stable matching from the issuer-proposing extension of the Gale-

Shapley algorithm to many-to-one matching.19 We obtain the data set observed by the econometrician by

restricting the full data set to the set of observed matches implied by the many-to-one matching we compute.

Both the one-to-one matching and the many-to-one matching are naturally extended to multiple markets.

To simulate data for multiple markets, we separately generate a data set for each market – simulating the

values and solving the matching equilibrium – and then stack the resulting data sets together.

A.5.2 Implementation of the Estimator

To implement our estimator, we first construct bounds on the match surplus of the counterfactual matches

implied by pairwise stability. As we discussed in equation (20), these bounds are given by the larger of the

match surplus from the equilibrium match for issuing firm f and the match surplus from the lowest value

match for bank b.

Pb f < max
{

Pµ( f ) f , min
f ′∈µ(b)

Pb f ′

}
≡ P̄bt (23)

This formula for computing upper bounds on match surplus works equally well in the one-to-one and many-

to-one settings. In the case of multiple markets, we only compute the bounds for counterfactual matches

between banks and issuers in the same matching market.

Regardless of the case (one-to-one, many-to-one, single market, or multiple markets), we estimate the

matching equation using censored regression where the match surplus for the counterfactual matches is

censored at the computed upper bounds P̄bt . Then, we extract the residuals from the matching equation ε̂bt ,

and use these residuals as an additional predictor in the underpricing equation.

Ubt = γ1Xb + γ2X f +δ ε̂bt +ρbt (24)

The comparison estimator in our Monte Carlo experiments is the seemingly unrelated regressions (SUR)

estimator, which for the βi and γi parameters, amounts to running ordinary least squares separately on each

equation in (22).

A.5.3 Discussion of Monte Carlo Results

For each of the parameters in the matching and underpricing equations, Table 9 reports the bias and root

mean squared error (RMSE) for our censoring-corrected estimator, and for comparison, the SUR/OLS esti-

19In this setup, each bank has a given quota for the number of issuers to which it will match that can be thought of as multiple slots
to which the issuer can be assigned to the bank. Issuing firms preferences can be extended to bank slots by assuming that the value
the firm derives from the bank does not depend on which slot it is assigned. Given this extension of issuing firm preferences, this
many-to-one matching problem can be solved by solving a related one-to-one matching problem in which firms match one-to-one
to bank slots.

41



mator. For each of the parameters we estimate, the censoring-corrected estimator has lower bias and lower

RMSE. For example, in the low variance case, the RMSE of 0.095 and 0.101 for the parameters in under-

pricing equation γb and γ f represents a significant improvement over the RMSE from the uncorrected OLS

estimates, 0.137 and 0.365.

In addition, the censoring correction represents an improvement whether there is high or low error

variance. Notably, even though there is significant bias in the matching estimator in the high error variance

case, applying the correction dramatically improves the performance of the estimator in the underpricing

equation – an RMSE of 0.207 with minimal bias for estimating γ f while OLS has significantly greater

RMSE 0.568.

As the many-to-one panels in Table 9 indicate, the properties for the censoring-corrected estimator in the

case of many-to-one matching are quantitatively similar to the properties of the estimator when matching is

one-to-one.

To assess the validity of using a proxy for match value rather than observing the match value perfectly,

Table 10 presents Monte Carlo results for varying degrees of orthogonal measurement error added to Pb f

(from no error to σξ = 6). The results indicate that our corrected estimates are quite reliable in the presence

of orthogonal measurement error, and thus, do not depend on observing the proxy perfectly. The one coeffi-

cient that can no longer be estimated reliably is δ , which suffers from attenuation bias that becomes worse as

the amount of measurement error increases. Even with biased estimate for δ , the coefficients that measure

sensitivity of underpricing to bank and issuer characteristics are reliably estimated using our method.

In addition, Table 11 reports the Monte Carlo results when data come from a single market, two markets,

four markets, and ten markets in the low variance, one-to-one matching case. As these results indicate, the

bias of SUR/OLS for estimating the matching and underpricing equations does not reduce when data are

pooled across many markets. By contrast, our censoring-correction estimator continues to estimate these

equations well as the number of markets increases.
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B Appendix Tables

Table 9: Single-Market Monte Carlo Results
Based on simulated underlying data on issuer and bank attributes, data for each simulated market is generated as the stable matching

from running the Gale-Shapley algorithm or a modified Gale-Shapley algorithm for one-to-many matching markets. Each block

of results presents the findings from 100 replications of either a one-to-one matching market with 100 banks and 100 issuers, or a

many-to-one matching market with 20 banks and 100 issuers and quotas of 2, 4, 6, and 8 for five banks each. Within each block of

results, the SUR/OLS estimates and censoring-corrected estimates are computed on the same simulated data sets.
Panel A: Low Error Variance (σe = 4, σp = 1)

One-to-One Matching Many-to-One Matching
Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates

Bias RMSE Bias RMSE Bias RMSE Bias RMSE
βb 0.018 0.141 -0.076 0.290 0.009 0.188 0.108 0.339
β f -0.036 0.150 0.833 0.877 -0.018 0.185 0.434 0.539
γb -0.002 0.095 -0.040 0.137 0.004 0.110 0.043 0.153
γ f -0.007 0.101 0.342 0.365 -0.008 0.109 0.174 0.226
δ 0.002 0.034 - - -0.000 0.033 - -

Panel B: High Error Variance (σe = 8, σp = 2)
One-to-One Matching Many-to-One Matching

Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates
Bias RMSE Bias RMSE Bias RMSE Bias RMSE

βb 0.018 0.167 -0.545 0.641 0.027 0.191 -0.251 0.388
β f 3.966 3.970 5.276 5.286 3.964 3.968 4.770 4.779
γb -0.010 0.185 -0.234 0.322 0.005 0.172 -0.110 0.225
γ f -0.004 0.207 0.524 0.568 -0.011 0.184 0.317 0.373
δ 0.006 0.080 - - 0.005 0.068 - -

Table 10: Single-Market Monte Carlo Results (Varying Orthogonal Measurement Error)
Based on simulated underlying data on issuer and bank attributes, data for each simulated market is generated as the stable matching

from running the Gale-Shapley algorithm or a modified Gale-Shapley algorithm for one-to-many matching markets. Each block

of results presents the findings from 100 replications of either a one-to-one matching market with 100 banks and 100 issuers, or a

many-to-one matching market with 20 banks and 100 issuers and quotas of 2, 4, 6, and 8 for five banks each. Within each block of

results, the SUR/OLS estimates and censoring-corrected estimates are computed on the same simulated data sets.
Panel A: Low Error Variance (σe = 4, σp = 1)

No Measurement Error σξ = 2
Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates

Bias RMSE Bias RMSE Bias RMSE Bias RMSE
βb 0.018 0.141 -0.076 0.290 0.001 0.150 -0.076 0.334
β f -0.036 0.150 0.833 0.877 -0.015 0.156 0.993 0.985
γb -0.002 0.095 -0.040 0.137 0.010 0.112 -0.015 0.148
γ f -0.007 0.101 0.342 0.365 -0.017 0.119 0.288 0.323
δ 0.002 0.034 - - -0.079 0.087 - -

σξ = 4 σξ = 6
Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates

Bias RMSE Bias RMSE Bias RMSE Bias RMSE
βb -0.009 0.157 0.051 0.311 0.009 0.168 0.240 0.414
β f -0.001 0.175 1.074 1.115 -0.012 0.196 1.239 1.281
γb -0.009 0.113 0.003 0.128 0.001 0.100 0.029 0.113
γ f 0.009 0.126 0.219 0.255 0.000 0.105 0.151 0.185
δ -0.205 0.208 - - -0.279 0.281 - -
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Table 11: Multiple-Market Monte Carlo Results
Based on simulated underlying data on issuer and bank attributes, data for each simulated market is generated as the stable matching

from running the Gale-Shapley algorithm or a modified Gale-Shapley algorithm for one-to-many matching markets. Data sets with

multiple markets are constructed by stacking together multiple data sets constructed in this way. Each block of results presents the

findings from 100 replications of either a one-to-one matching market with 100 banks and 100 issuers, or a many-to-one matching

market with 20 banks and 100 issuers and quotas of 2, 4, 6, and 8 for five banks each. Within each block of results, the SUR/OLS

estimates and censoring-corrected estimates are computed on the same simulated data sets.
M = 1 M = 2

Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates
Bias RMSE Bias RMSE Bias RMSE Bias RMSE

βb 0.018 0.141 -0.076 0.290 0.003 0.105 -0.063 0.200
β f -0.036 0.150 0.833 0.877 -0.019 0.107 0.818 0.839
γb -0.002 0.095 -0.040 0.137 -0.003 0.070 -0.030 0.094
γ f -0.007 0.101 0.342 0.365 -0.004 0.073 0.331 0.343
δ 0.002 0.034 - - 0.001 0.024 - -

M = 4 M = 10
Corrected Estimates SUR/OLS Estimates Corrected Estimates SUR/OLS Estimates

Bias RMSE Bias RMSE Bias RMSE Bias RMSE
βb -0.000 0.069 -0.067 0.148 0.007 0.047 -0.049 0.097
β f -0.018 0.072 0.823 0.833 -0.026 0.053 0.808 0.812
γb 0.001 0.046 -0.026 0.067 0.002 0.032 -0.021 0.048
γ f -0.008 0.049 0.329 0.335 -0.010 0.035 0.324 0.327
δ 0.001 0.017 - - 0.000 0.011 - -
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Table 12: Determinants of IPO Underpricing (1985-2010), Full Sample, No Asset Data
Note: This table presents OLS and matching-market corrected estimates of determinants of IPO underpricing. In these specifica-

tions, each observation is an observed issuer-underwriter match at IPO. Underwriter Prestige is the Carter-Manaster underwriter

rank based on ordering of underwriters on tombstone announcements. The matching residual ε̂ is the residual computed from the

first column of Table 3, as suggested by our two-step method. All specifications include year fixed effects. Columns (3) and (4)

also include Fama-French (48) industry fixed effects. Bootstrapped underwriter-clustered standard errors are in parentheses. ∗, ∗∗,

and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.
(1) (2) (3) (4)

Underwriter Attributes
Underwriter Prestige 0.004 0.027∗∗∗ 0.004 0.028∗∗∗

(0.003) (0.005) (0.003) (0.005)
Avg. Underpricing (previous 5 yrs) 0.634∗∗∗ 0.648∗∗∗ 0.628∗∗∗ 0.643∗∗∗

(0.048) (0.049) (0.048) (0.049)
Avg. Info Production (previous 5 yrs) −0.002 0.009∗∗∗ −0.003 0.009∗∗∗

(0.002) (0.002) (0.002) (0.002)
Issuing Firm Attributes
log( f irmage) −0.016∗∗∗ −0.008∗ −0.019∗∗∗ −0.009∗∗

(0.003) (0.003) (0.003) (0.003)
Venture Backed 0.014∗ 0.003 0.015∗ 0.006

(0.008) (0.007) (0.008) (0.007)
Technology Company 0.022∗∗ 0.009 0.019∗ 0.009

(0.005) (0.005) (0.010) (0.010)
Firm Issue Attributes
log(Proceeds) −0.032∗∗∗ −0.148∗∗∗ −0.027∗∗∗ −0.153∗∗∗

(0.009) (0.007) (0.008) (0.017)
Price Revision 0.755∗∗∗ 0.845∗∗∗ 0.733∗∗∗ 0.837∗∗∗

(0.073) (0.018) (0.068) (0.077)
Percent Sold −0.121∗∗∗ −0.089∗∗∗ −0.119∗∗∗ −0.089∗∗∗

(0.020) (0.019) (0.019) (0.019)
Percent Institutional 0.091∗∗∗ 0.171∗∗∗ 0.090∗∗∗ 0.172∗∗∗

(0.009) (0.013) (0.010) (0.013)
IPO Market Attributes
Number of IPOs in Month −0.001∗∗ −0.000 −0.000∗ −0.000

(0.000) (0.000) (0.000) (0.000)
Avg. Underpricing in Month 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.005∗∗∗

(0.000) (0.000) (0.000) (0.000)
Market Return (past 15 days) 5.657∗∗∗ 5.312∗∗∗ 5.777∗∗∗ 5.180∗∗

(1.868) (1.820) (1.898) (1.883)
Std. Dev. Return (past 15 days) 2.268 1.507 1.845 1.272

(1.215) (1.291) (1.259) (1.327)
ε̂ matching residual 0.125∗∗∗ 0.128∗∗∗

(0.011) (0.011)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.559 0.595 0.564 0.600
N 5190 5190 5190 5190
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Table 13: Underpricing and Underwriter Prestige Over Time: Full Sample, No Asset Data
Note: This table presents OLS and matching-market corrected estimates of underwriter prestige and the matching residual ε̂ on
IPO underpricing for different time periods. In addition to these predictors, all specifications also include the full suite of issuing
firm attributes, characteristics of the issue itself, and IPO market attributes. Those results are suppressed to focus on how our
method for correcting for endogeneity affects the underwriter prestige coefficient estimate. All specifications include year fixed
effects. Columns (3) and (4) also include Fama-French (48) industry fixed effects. Bootstrapped underwriter-clustered standard
errors are in parentheses. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.

(1) (2) (3) (4)

Years: 1985-1989
Underwriter Prestige −0.008∗∗∗ 0.006∗ −0.008∗∗∗ 0.008∗∗

(0.002) (0.003) (0.002) (0.004)
ε̂ matching residual 0.073∗∗∗ 0.082∗∗∗

(0.010) (0.012)

R-squared 0.216 0.276 0.250 0.312
N 752 752 752 752

Years: 1990 - 1998
Underwriter Prestige 0.006 0.023∗∗∗ 0.006∗∗ 0.024∗∗∗

(0.004) (0.006) (0.004) (0.006)
ε̂ matching residual 0.074∗∗∗ 0.075∗∗∗

(0.010) (0.010)

R-squared 0.356 0.387 0.381 0.411
N 2783 2783 2783 2783

Years: 1999 - 2000
Underwriter Prestige 0.013 0.036 0.017 0.045

(0.018) (0.032) (0.020) (0.037)
ε̂ matching residual 0.103∗∗∗ 0.121∗∗∗

(0.020) (0.022)

R-squared 0.545 0.562 0.580 0.601
N 704 704 704 704

Years: 2001-2010
Underwriter Prestige 0.010∗∗∗ 0.026∗∗∗ 0.007∗∗ 0.025∗∗∗

(0.003) (0.004) (0.003) (0.004)
ε̂ matching residual 0.064∗∗∗ 0.069∗∗∗

(0.009) (0.010)

R-squared 0.385 0.420 0.430 0.462
N 951 951 951 951
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Table 14: Matching Equation with Underwriter Fixed Effects
Note: This table presents censored regression estimates of the logged market value of the issuing firm two quarters after the IPO, for

the full sample (1985-2010), pre-bubble (1985-1998), bubble (1999-2000), and post-bubble (2001-2010) years. Each observation

is a issuer-underwriter pair where both the issuer and the underwriter were involved in an IPO during the same year. The sample

includes all observed issuer-underwriter matches in the IPO market, as well as counterfactual issuer-underwriter matches where

the issuer and underwriter matched to a different underwriter or issuer. For counterfactual matches, pairwise stability implies

observation-specific upper bounds on the logged long run market value. We use these upper bounds as censoring points in a

censored regression of the matching equation. To complete the data set for the counterfactual matches, we use the underwriter

attributes from the underwriter and the issuing firm attributes, characteristics of the issue itself, and IPO market attributes for the

firm. In addition, we include year and underwriter fixed effects. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and

one percent level respectively.
1985-2010 1985-1998 1999-2000 2001-2010

Underwriter Attributes
Underwriter Prestige 0.079∗∗∗ 0.072∗∗∗ 0.385 0.042

(0.022) (0.023) (0.304) (0.148)
Avg. Underpricing (previous 5 yrs) 0.444∗∗∗ 0.526∗ 2.172∗∗∗ −0.168

(0.136) (0.265) (0.696) (0.263)
Avg. Info Production (previous 5 yrs) 0.054∗∗∗ 0.031∗ −0.090 0.028

(0.008) (0.013) (0.113) (0.018)
Issuing Firm Attributes
log( f irmage) 0.080∗∗∗ 0.075∗∗∗ 0.093∗ 0.085∗∗∗

(0.009) (0.010) (0.041) (0.023)
Venture Backed −0.162∗∗∗ −0.118∗∗∗ −0.136∗ −0.322∗∗∗

(0.021) (0.024) (0.079) (0.052)
Technology Company −0.083∗∗∗ −0.102∗∗∗ 0.164∗ −0.140∗∗

(0.021) (0.024) (0.073) (0.051)
Firm Issue Attributes
Price Revision 1.040∗∗∗ 0.805∗∗∗ 1.186∗∗∗ 1.304∗∗∗

(0.052) (0.066) (0.134) (0.119)
Percent Sold 0.148∗∗ 0.047 0.100 0.544∗∗∗

(0.055) (0.060) (0.238) (0.135)
Percent Institutional 0.884∗∗∗ 0.973∗∗∗ 0.693∗∗∗ 0.637∗∗∗

(0.033) (0.038) (0.120) (0.076)
IPO Market Attributes
Number of IPOs in Month −0.002∗∗ −0.002∗∗ 0.002 −0.003

(0.001) (0.001) (0.002) (0.004)
Avg. Underpricing in Month −0.004∗∗∗ −0.001 −0.005∗∗∗ −0.002

(0.001) (0.001) (0.001) (0.004)
Market Return (past 15 days) −7.868 −4.120 −39.550∗∗ −10.085

(5.221) (6.443) (14.829) (12.619)
Std. Dev. Return (past 15 days) 14.530∗∗∗ 12.784∗∗ 60.527∗∗∗ 4.774

(3.988) (4.881) (13.592) (9.337)
scale 1.406∗∗∗ 1.348∗∗∗ 1.773∗∗∗ 1.204∗∗∗

(0.010) (0.012) (0.027) (0.023)

Year FE Yes Yes Yes Yes
Underwriter FE Yes Yes Yes Yes

Log-likelihood −23601.560 −16628.191 −3114.900 −3360.508
AIC 47895.120 33922.383 6871.800 7379.017
BIC 51622.323 37440.150 9605.034 10095.706
N 352309 286034 36855 28493
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Table 15: Determinants of IPO Underpricing (1985-2010), Based on Matching Equation with Underwriter
Fixed Effects
Note: This table presents OLS and matching-market corrected estimates of determinants of IPO underpricing. In these specifica-

tions, each observation is an observed issuer-underwriter match at IPO. Underwriter Prestige is the Carter-Manaster underwriter

rank based on ordering of underwriters on tombstone announcements. The matching residual ε̂ is the residual computed from the

first column of Table 4, which uses underwriter fixed effects to estimate the matching equation. All specifications include year fixed

effects. Bootstrapped underwriter-clustered standard errors are in parentheses. Columns (3) and (4) also include Fama-French (48)

industry fixed effects. ∗, ∗∗, and ∗∗∗ indicate statistical significance at the ten, five, and one percent level respectively.
(1) (2) (3) (4)

Underwriter Attributes
Underwriter Prestige 0.004 0.019∗∗∗ 0.004 0.019∗∗∗

(0.003) (0.005) (0.003) (0.005)
Avg. Underpricing (previous 5 yrs) 0.634∗∗∗ 0.648∗∗∗ 0.628∗∗∗ 0.641∗∗∗

(0.048) (0.049) (0.048) (0.048)
Avg. Info Production (previous 5 yrs) −0.002 0.005∗∗ −0.003 0.005∗∗

(0.002) (0.003) (0.002) (0.003)
Issuing Firm Attributes
log( f irmage) −0.016∗∗∗ −0.009∗∗∗ −0.019∗∗∗ −0.013∗∗∗

(0.003) (0.003) (0.003) (0.003)
Venture Backed 0.014∗ 0.013∗ 0.015∗ 0.013∗

(0.008) (0.008) (0.008) (0.008)
Technology Company 0.022∗∗∗ 0.013∗∗∗ 0.019∗ 0.015

(0.005) (0.005) (0.010) (0.009)
Firm Issue Attributes
log(Proceeds) −0.032∗∗∗ −0.117∗∗∗ −0.027∗∗∗ −0.112∗∗∗

(0.009) (0.017) (0.008) (0.016)
Price Revision 0.755∗∗∗ 0.827∗∗∗ 0.733∗∗∗ 0.805∗∗∗

(0.073) (0.080) (0.068) (0.075)
Percent Sold −0.121∗∗∗ −0.104∗∗∗ −0.119∗∗∗ −0.102∗∗∗

(0.020) (0.021) (0.019) (0.020)
Percent Institutional 0.091∗∗∗ 0.158∗∗∗ 0.090∗∗∗ 0.158∗∗∗

(0.009) (0.017) (0.010) (0.017)
IPO Market Attributes
Number of IPOs in Month −0.001∗∗ −0.000 −0.000∗ −0.000

(0.000) (0.000) (0.000) (0.000)
Avg. Underpricing in Month 0.004∗∗∗ 0.005∗∗∗ 0.004∗∗∗ 0.005∗∗∗

(0.000) (0.000) (0.000) (0.000)
Market Return (past 15 days) 5.657∗∗∗ 5.383∗∗∗ 5.777∗∗∗ 5.489∗∗∗

(1.868) (1.722) (1.898) (1.729)
Std. Dev. Return (past 15 days) 2.268∗ 1.926 1.845 1.492

(1.215) (1.272) (1.259) (1.324)
ε̂ matching residual 0.097∗∗∗ 0.098∗∗∗

(0.010) (0.010)

Year FE Yes Yes Yes Yes
Fama French Industry FE No No Yes Yes

R-squared 0.559 0.585 0.564 0.590
N 5190 5190 5190 5190
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