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In this dissertation, I explore the ability of �nancial institutions to im-

pact �rm behavior. The �rst essay examines whether relationships between

venture capital owners (VCs) and investment banking underwriters a¤ect a

�rm�s ability to issue equity. I �nd that past interactions between VC owners

and underwriters in the form of previously underwritten initial public o¤erings

(IPOs) signi�cantly increase the likelihood that an IPO �rm chooses a spe-

ci�c underwriter. In terms of how VCs and underwriters associate with each

other, older VCs partner with more reputable underwriters. Despite paying

higher fees, issuing �rms bene�t from stronger VC-Underwriter relationships

through upward o¤er price revisions and higher valuations. VC-Underwriter

relationships also predict underwriter choice in subsequent equity o¤erings.

This essay provides empirical evidence that suggests VCs use their relation-

ships with investment banks to enable their portfolio �rms access to high

vi



quality underwriters and better underwriting services.

The second essay investigates whether credit rating concerns a¤ect cap-

ital investment decisions. Using ex-ante measures of proximity to a rating

change, I �nd that �rms that are near a credit rating downgrade spend signif-

icantly less on capital expenditures relative to those not near a rating change.

The response of �rms to credit rating upgrades is not symmetric: �rms do not

seem to adopt signi�cantly di¤erent investment policies when near an upgrade.

This e¤ect of lowering investment when near a credit downgrade is stronger for

�rms that face �nancial constraints, experience greater adverse selection and

are more active in debt markets. Related to reductions in investment, �rms

near rating changes also spend less on research and development expenses and

pay lower dividends. My �ndings are consistent with �rms conserving �nan-

cial resources to prevent adverse credit rating changes that could increase their

cost of capital.
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1 Introduction

Financial institutions a¤ect a �rm�s ability to allocate resources. Examples

include the following: (i) investment banks underwriting securities, (ii) venture

capitalists o¤ering capital to fund investment projects and (iii) credit rating

agencies in�uencing a �rm�s cost of capital through rating revisions. This

dissertation takes a closer look at these issues and provides evidence that

certain �nancial institutions impact �rm behavior.

The �rst essay examines whether relationships between venture capital

owners and investment banking underwriters a¤ect a �rm�s ability to issue

equity. I �nd that past interactions between VC owners and underwriters in

the form of previously underwritten IPOs signi�cantly increase the likelihood

that an IPO �rm chooses a speci�c underwriter. In terms of how VCs and un-

derwriters associate with each other, older VCs partner with more reputable

underwriters. Despite paying higher fees, issuing �rms bene�t from stronger

VC-Underwriter relationships through upward o¤er price revisions and higher

valuations. VC-Underwriter relationships also predict underwriter choice in

subsequent equity o¤erings. This essay provides empirical evidence that sug-

gests VCs use their relationships with investment banks to enable their portfo-

lio �rms access to high quality underwriters and better underwriting services.

The second essay investigates whether credit rating concerns a¤ect cap-

ital investment decisions. Using ex-ante measures of proximity to a rating

change, I �nd that �rms that are near a credit rating downgrade spend sig-

ni�cantly less on capital expenditures relative to those that are not near a
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rating change. The response of �rms to credit rating upgrades is not symmet-

ric: �rms do not seem to adopt signi�cantly di¤erent investment policies when

near an upgrade. This e¤ect of lowering investment when near a credit down-

grade is stronger for �rms that face �nancial constraints, experience greater

adverse selection and are more active in debt markets. Related to reductions

in investment, �rms near rating changes also spend less on research and de-

velopment expenses and pay lower dividends. My �ndings are consistent with

�rms conserving �nancial resources to prevent adverse credit rating changes

that could increase their cost of capital.

The rest of this document is structured as follows. Section 2 presents

the �rst essay; Section 3 presents the second essay. Each section contains a

brief motivation, followed by a description of the data and discussion of the

key empirical results.
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2 VC-Underwriter Relationships and IPOUn-

derwriter Selection

2.1 Motivation

Venture capitalists (VCs) play a critical role in the growth and development of

young �rms. Beyond simply providing capital, VCs draw on past experiences

to advise �rm management on their operational strategy and capital raising

activities. One key decision where VC advisory is potentially important is the

selection of a lead underwriter for an initial public o¤ering. Underwriters are

responsible for the pricing, marketing and distributing of a �rm�s securities

to �nancial markets. While equity underwriters seldom discriminate on fees,1

prestigious underwriters protect their reputational capital by refraining from

underwriting high risk issues. As a result, obtaining a reputable underwriter is

especially challenging for small, young and entrepreneurial �rms in high tech

industries.

VCs may play a role in mitigating this problem. Relative to managers

of private �rms, experienced VCs interact with investment banks on a reg-

ular basis.2 Through these interactions, VCs may form mutually bene�cial

relationships with underwriters. In this paper, I propose that VCs use their

1Past literature including Ritter and Chen (2000) and Hansen (2001) have found under-
writer spreads for initial public o¤erings clustered around 7%.

2Examples of interactions between investment banks and VCs include taking portfo-
lio companies public, raising debt for buyouts, merger advisory and obtaining capital for
investment funds.
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relationships with underwriters to enable their portfolio �rms access to higher

quality underwriters and better underwriting services.

Motivated by the previous claim, I ask the following three interrelated

empirical questions. (i) Do VC-Underwriter relationships a¤ect IPO under-

writer choice? (ii) If so, how do VCs and underwriters choose to associate

among themselves? (iii) Are there additional bene�ts or costs for issuing �rms

arising from VC-Underwriter relationships?

To address the empirical challenge of measuring VC-Underwriter re-

lationships, I collect data on ownership structures from SEC �lings for 984

venture-backed IPOs over the period October 1998 - December 2006. I de-

�ne a venture capitalist as any entity whose main line of business involves

raising capital in the form of �nite-lived investment pools for investment in

privately-held �rms. Thus, my de�nition of VCs include traditional venture

capitalists, private equity, leverage buyout, certain hedge funds and merchant

banking �rms. I construct an underwriter-speci�c market share variable using

information from prior interactions between VC owners and underwriters in

the form of previously underwritten IPOs. Intuitively, this measure captures

the frequency of interactions between VC owners and a particular underwriter

relative to interactions with other underwriters.

The main �ndings in this paper can be summarized as follows. First,

VC-Underwriter relationships signi�cantly increase the probability that the

issuing �rm chooses a speci�c underwriter. Second, �rms with older VCs are

more likely to have relationships with reputable underwriters. Third, I show
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that stronger VC-Underwriter relationships are associated with higher under-

writer fees and better pre-market underwriter activities in the form of upward

price revisions and higher valuations. In addition, I �nd that for subsequent

equity o¤erings, VC-Underwriter relationships predict underwriter choice and

�rms with stronger relationships are less likely to switch underwriters. Lastly,

I �nd that VCs that are older, have raised a greater number of funds and have

greater ownership are more likely to have a past relationship with the IPO

underwriter.

Relationships between underwriters and venture capitalists could alle-

viate agency problems that arise during the IPO process. For example, under-

writers may experience moral hazard when providing underwriting services.

The impact of repeated interactions between underwriters and VCs may allow

for a situation where underwriters exert greater e¤ort and are compensated

(either through fees or repeat business) for this higher level of e¤ort. Alterna-

tively, relationships may lessen adverse selection problems arising from VCs�

role as corporate insiders. Venture capitalists may be discouraged from taking

public �rms they know have poor prospects if they risk harming a relationship

with a reputable underwriter. Additionally, underwriters may bene�t from

informational economies of scale, if underwriters face certain VC-speci�c costs

when underwriting a VC portfolio �rm�s issues. Consistent with these expla-

nations, I �nd that �rms are more likely to select underwriters that have a

relationship with their VC owners.

The additional incentives that maintaining relationships impose on ven-
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ture capitalists and underwriters may have e¤ects on a �rm�s IPO outcome.

Venture capitalists, as owners in IPO �rms, may seek to provide incentives for

underwriters to take actions that limit any economic losses associated with the

going public process. Some of these incentives may involve higher underwriting

fees, creating a cost for IPO �rms. Empirically, I �nd that although �rms pay

higher underwriting fees when VC-Underwriter relationships are present, these

additional costs are more than o¤set by the bene�t of improved underwriting

services through upward price revisions and higher valuations.

Certain types of underwriters may choose to associate with certain ven-

ture capitalists. Underwriters and venture capitalists alike may be constrained

in the number of relationships they can possess. While there are clear ben-

e�ts to VCs for working with reputable underwriters, there may be bene�ts

for underwriters that work with experienced VCs. Older, more experienced

VCs generally have larger numbers of portfolio companies going public. These

experienced VCs may be an important source of income for investment banks

when conditions in the IPO market are not favorable. Consistent with more

reputable underwriters choosing to work with more experienced VCs, I �nd

that �rms that have older VCs employ more reputable underwriters.

The contribution of this paper is three-fold. First this paper contributes

to the broad literature on how relationships a¤ect underwriter choice. Exist-

ing research including James (1992), Nanda and Warther (1998), Schenone

(2004), Yasuda (2004), Drucker and Puri (2005) and Ljundqvist, Marston and

Wilhelm (2006) has found evidence that past lending and underwriting rela-
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tionships between �rms and underwriters a¤ect subsequent underwriter choice

in both equity and debt markets, as well as IPO outcomes. Relatively less

progress has been made on how �rms choose the IPO underwriter: "Certainly

a more fundamental �rst question is how and why �rms choose a particular

underwriter initially, at the time of the IPO" (Kriegman, Shaw and Womack

(2001)). This paper attempts to �ll the gap in the literature by proposing that

�rms that are relatively new to capital markets select underwriters based on

their owner�s alliances with underwriters.

Second, this paper reveals the importance of VC relationships for in-

vestment banks. Over the period October 1996 to December 2006, 984 venture-

backed IPO �rms raised an aggregate of $77.4 billion from US equity markets,

generating $5.4 billion in underwriter fees for the �nancial services industry.3

This paper shows that relationships between investment banks and VCs are

an important determinant of the distribution of these fees. With regards to

the maintenance of these relationships, VCs that have relationships with in-

vestment banks are charged high fees in return for higher valuations and price

revisions.

Third, this paper contributes to understanding how VCs a¤ect a �rm�s

ability to access capital markets. Several recent papers have considered the

economic role of VCs in the going public process. Hoberg and Seyhun (2005)

�nd evidence that suggests that underwriters facilitate venture capitalists in-

sider selling by providing extended aftermarket price support and favorable an-

3Source: Thompson Financial SDC Platinum.
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alyst revisions. Chemmanur and Loutskina (2007) explain that VCs a¤ect bar-

gaining with market participants by �nding that IPO �rms with reputable VC

select more reputable underwriters, receive better analyst coverage, generate

more institutional investment and have higher valuations. Krishnan, Masulis

and Singh (2007) �nd that reputable venture capitalists take more companies

public and those companies generally out-perform their �rms backed by less

reputable venture capitalists. This paper di¤ers from the existing literature

on venture-backed IPOs by considering directly how the relationships (rather

than the characteristics of VCs) that VCs possess a¤ect both the behavior of

the underwriter and the outcome of the IPO process.

One of the implicit assumptions in this paper is that the certi�cation

of a reputable underwriter is valuable to the IPO �rm. Existing empirical

evidence seems to suggest this is the case. In a survey of CFOs of going public

�rms, Brau and Fawcett (2006) explain that CFOs select underwriters based

on overall reputation, quality of research department and industry experience.

O¤erings by high quality underwriters historically have less underpricing, re-

�ecting a reduction in the indirect costs of going public.4 Additionally, IPOs

underwritten by more prominent underwriters are more likely to adjust prices

upward during the bookbinding process and receive better after-market price

4In earlier studies, McDonald and Fisher (1972), Logue (1973), Tinic (1988), Michaely
and Shaw (1994) and Carter and Manaster (1990) �nd a negative correlation between un-
derwriter reputation and underpricing. More recently, Beatty and Welch (1996), Cooney
and Singh, Carter and Dark (2001) �nd a negative relation, while Logue, Rogalski, Seward
and Foster-Johnson (2000) �nd no relation between underpricing and reputation. Habib and
Ljundqvist (2002) however argue that after accounting for the endogeneity associated with
underwriter selection, the positive relation between underpricing and underwriter reputation
documented in later literature reverses.
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support (Logue et al (2002)). In debt markets, bond issues underwritten by

higher quality underwriters have lower yield and greater net proceeds (Fang

(2005)).

The source of venture capital is often as important as the �nancing

terms. Using a sample of competing venture �nancing contracts, Hsu (2004)

�nds that o¤ers from reputable venture capitalists, despite o¤ering less attrac-

tive �nancial terms, are unconditionally three times more likely to be selected

than o¤ers from less reputable VCs.5 Thus, IPO �rms seem to pay for the in-

tangible advisory services that a well established venture capitalist can provide.

These entrepreneurial value-added services include recruiting senior executives

(Gorman and Sahlman (1989) and Hellman and Puri (2002)), �nding partners

for a business combinations (Gans, Hsu, and Stern (2002)) and certi�cation

with equity markets (Barry et al (1990) and Megginson and Weiss (1991)).

Venture backed �rms are also more likely to survive (i.e. not go bankrupt)

after their IPO (Bharat and Kini (2000)). In a test similar to Bharat and Kini

(2000), I �nd no evidence that relationships between VCs and underwriters

a¤ect a �rm�s likelihood of �ling bankruptcy.

In this paper, I use the concept of underwriter selection or choice

loosely. While the �rm endogenously chooses both the venture capitalists

making pre-IPO investments and the IPO underwriter, it is not clear whether

speci�c VCs choose to work with certain underwriters or vice versa. Thus, the

impact of VC-Underwriter relationship on underwriter selection more generally

5VC reputation is based on industry deal experience, number of funds raised and the
number of board members per general partner.
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re�ects association and matching between VCs and underwriters rather than

implying that one group choose the other. Additionally, the receipt of venture

capital is also endogenous as certain private �rms choose to �nance their oper-

ation with venture capital funding. To control for this source of self-selection

bias, I report empirical results after explicitly modelling the probability that

a �rm receives venture funding.

The remainder of the section is as follows. Subsection 2 explains the

data sources and the methodology used to construct the sample. Subsection 3

discusses the main results and examines robustness issues related to the main

�ndings. Subsection 4 concludes.

2.2 Data and Methodology

2.2.1 Sample Construction

The initial sample of 3,497 IPOs comprises of all completed IPO observations

listed in SDC Platinum�s New Issues Database over the period October 1,

1996 to December 31, 2006. The SEC began allowing �rms to �le registration

statements electronically on January 1, 1996 and nearly all �rms �led electron-

ically by October 1, 1996. Similar to previous studies on IPOs, I exclude units,

rights, closed-end funds, limited partnerships, ADRs and foreign issues which

results in 2,625 observations. Excluding REITs and acquisition corporations

further reduces the sample to 2,530 IPO �rms.

From the 2,530 IPO �rms that survive the selection criteria, 1,069 IPOs

are listed by SDC as having venture backing. For these IPOs designated by
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SDC as having venture backing, I supplement information from more tradi-

tional sources, with data on pre-IPO ownership obtained from IPO prospec-

tuses (S-1, S-1/A) listed on SEC�s electronic data gathering service EGDAR.

Within each prospectus, I obtain information for the owners of the �rm from

the Principal Stockholders section. Firms are required to disclose the own-

ership stakes of all executives and directors, selling shareholders and those

entities that have at least 5% economic interest prior to a public o¤ering. I

hand collect the following information for all non-individual owners: name,

address, economic ownership.6 Non-individuals are identi�ed by name, those

entries with only a �rst and last name are excluded. To focus on the group

of owners with non-negligible ownership stakes, I collect ownership data for

owners that own at least 5% of the �rm.

In order to determine the set of venture capitalists, I look up the identi-

ties of each non-individual owner using Galante�s Venture Capital and Private

Equity Directory and Thomson Financial�s SDC Platinum Venture Expert

database. I extract from these resources that track venture capitalists infor-

mation on organization names, addresses, investment description, founding

dates and number of funds raised. I ignore those pre-IPO owners that are not

listed on these databases. The resulting groups of owners include venture cap-

italists, corporate venture programs and funds a¢ liated with institutions. I

exclude from the analysis ownership stakes by industrial corporations as those

�rms may have di¤erent and unobserved past dealings with underwriters. Ad-

6Often information related to the a¢ liation of the owner is found in the footnotes of the
Principal Stockholder section.
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ditionally, I exclude passive owners that are unlikely to have an active role

in choosing the underwriter which include business development funds, en-

dowments, foundations, individuals, insurance �rms, management consulting

�rms, pension �rms, university a¢ liated funds and those funds were the sole

limited partner is the government.

I split the remaining owners into main three groups according to invest-

ment focus. I obtain information on investment focus from the aforementioned

sources on venture capitalists as well as VC websites. The �rst group consists

predominantly of investors that own established companies or are classi�ed as

being a buyout fund, LBO fund, private equity, mezzanine or equity investor.

The second group of investors comprises of funds that are a¢ liated with in-

vestment or commercial banks. The third group mainly consists of traditional

venture capitalist investors such as angel, seed, start-up, �rst stage, second

stage, early stage investors. Those investors where I was unable to �nd a de-

scription or whose description falls into both the �rst and the third group are

also classi�ed in the third group. Out of the 1,069 IPOs that SDC lists as

having venture backing, 984 IPOs had venture owners that were listed in the

aforementioned venture capitalist databases and had greater than or equal to

5% ownership. The �nal sample comprises of 984 venture backed �rms and

1,546 non-venture backed �rms.

The data used to construct the variables in this study come from var-

ious sources. From SDC Platinum, I extract the following information: is-

suer name, IPO date, gross spread, lead underwriter names, proceeds, of-

12



fer price, industry code and initial �ling range. From Jay Ritter�s web-

site (http://bear.cba.u�.edu/ritter) I obtained information on issuer founding

dates and Carter-Manaster reputation rankings. From CRSP I obtain clos-

ing prices on the IPO date, SIC codes and shares outstanding information.

Galante Venture Capital and Private Equity Directory and Venture Expert

provide information on VC founding dates and VC fundraising dates. VC

names and ownership stakes come from IPO prospectuses. Missing informa-

tion is supplemented by Lexis-Nexus and internet searches.7

2.2.2 Variable De�nitions

In the empirical analysis in the next section, I utilize venture capitalist, under-

writer and �rm-level information. Variables related to VC characteristics are

as follows. Number of VCs is the number of venture capitalists that have at

least 5% pre-IPO ownership. VC Age is the age of the venture organization in

years, where the founding date for the VC comes from either one of the two VC

databases or VC websites. While the databases I use provide founding dates

for all investors, many of the dates for the funds a¢ liated with investment and

commercial banks are based on the start of the banking operations which usu-

ally predate the founding dates of the venture organization. For these funds,

I use Lexis-Nexus news searches as well as contacting the funds themselves to

determine the year in which the investment or commercial bank raised their

7Often information on �rm or VC characteristics provided by the various data sources is
incomplete. Lexis-Nexus and internet searches are used to �ll in the blanks. For example,
when VC founding dates are missing I would enter in search terms such as "[VC Name]" &
"founding date" to obtain the required information.
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�rst venture fund. VC Funds Raised is the number of funds raised by the

VC prior to the IPO. Venture organizations generally raise capital every few

years in the form of �nite horizon investment pools where the fund is dissolved

at a predetermined future date. Data on the number of funds comes from

Venture Expert, where I exclude those funds without founding dates or those

that are listed as fund of funds as these funds traditionally are not primary

investors. For those VCs not listed on Venture Expert, I assume the number

of previously raised funds is equal to one. VC Age and VC Funds Raised are

measures of VC reputation. Number of Past VC IPOs is the number of IPOs

in the two years prior to the IPO date where the VC has owned at least 5%

of the �rm. Some of the VCs are owned by commercial and investment banks

(e.g. JPMorgan Partners is owned by JP Morgan Chase). To address this

issue, I de�ne a dummy variable VC A¢ liation that takes the value of 1 if the

VC is a¢ liated through ownership with a major underwriter and 0 otherwise.

To capture the nature of VC investment in IPO �rms, I de�ne Late Stage

Investor % as the proportion of VC owners in a given IPO that are either

private equity or investment/merchant banking �rms. Top 10 VC takes the

value of 1 if one of the top 10 VCs over the sample period (See Table 2.1 Panel

C) has ownership in a given IPO. Proportion Reputable Underwriters Used is

the percentage of underwriters used previously by the VC syndicate with an

Underwriter Reputation ranking of at least 8.

I focus my empirical tests on the determination of how VCs and IPO

�rms choose the lead underwriter, known as the bookrunner. Ritter and Chen
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(2000) and Hansen (2001) explain that the bookrunner retains a majority of

the fees in an IPO and is responsible for the book binding process and selection

of the co-managers. In most IPOs there is only one bookrunner, but there are

several IPOs, especially in later periods of the sample (9.72% of the sample)

where there are two bookrunners. The determination of underwriter choice

is complicated by underwriter mergers and name changes. For this element

of the analysis, I follow Ljundvist, Marston and Wilhelm (2005) and Cor-

win and Schultz (2005) by classifying underwriter-VC relationships based on

merger dates of underwriters. For example, in 1997 Dean Witter merged with

Morgan Stanley. Prior to 1997, I consider these organizations as individual

underwriters, but after 1997, I classify underwriter ties on based on whether a

VC has completed a transaction with either Dean Witter or Morgan Stanley

serving as the underwriter.

There are two main underwriter-speci�c variables. First, Underwriter

Reputation is the Carter-Manaster Underwriter Ranking which measures an

underwriter�s perception in the market and is a numerical score between 1

(lowest) and 9 (highest).8 Second, Underwriter Market Share is the number

of VC-backed IPOs underwritten by a speci�c underwriter in the two previous

calendar years divided by the total number of VC-backed IPOs over the same

time interval. Number of Underwriters is the number of bookrunners listed in

SDC Platinum.

Characteristics speci�c to the IPO issue are as follows. Firm Age is

8The Carter-Manaster underwriter reputation ranking can be found on Jay Ritter�s web-
site at the following URL: http://bear.cba.u�.edu/ritter/ipodata.htm.
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the age of the �rm at the IPO date measured in years and comes from Jay

Ritter�s website, Lexis-Nexus new searches and company websites. IPO Pro-

ceeds is the total amount raised by the IPO measured in millions of dollars

and is a measure of �rm size.9 Price Revision is de�ned as the percentage

di¤erence between the o¤er price and the midpoint of the initial �ling range,

OfferPrice
(High+Low)=2

� 1. HighTech is a dummy variable that takes the value of 1 if a

�rm is in the computer hardware, communications equipment, electronics, nav-

igation equipment, measuring and controlling devices, communication services

or software industries and zero otherwise.10 Gross Spread is the underwriter

fees divided by gross proceeds. Mkt Cap / Assets is the closing price at the

IPO o¤er date multiplied by the shares outstanding divided by total assets.

Analyst Coverage is the number of analysts that provide earnings estimates

within 6 months of an IPO. TimeinFiling is the number of days between the

�ling date and the IPO o¤er date. Narrow Range is amount of the �ling range

divided by �ling range midpoint.

The main variable of interest in the analysis is related to the strength of

relationships between underwriters and VCs. Similar to Ljundqvist, Marston

and Wilhelm (2006), I de�ne a market share variable, U share(i) which is the

share of past VC IPOs that a particular underwriter i has underwrote in the

9IPO Proceeds has been widely used as a proxy for �rm size due to lack of reliable data
on sales and assets for pre-IPO �rms. The results presented in this study are una¤ected if
sales or assets substituted as a measure of �rm size.
10The de�nition of the HighTech dummy variable follows Ljungqvist and Wilhelm (2003)

and is classi�ed according to the SIC code: computer hardware (3571, 3572, 3575, 3577,
3578), communcations equipment (3661, 3663, 3669), electronics (3674), navigation equip-
ment (3812), measuring and controlling devices (3823, 3825, 3826, 3827, 3829), communi-
cation services (4899) and software (7370, 7371, 7372, 7373, 7374, 7378, 7379).
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two years prior to the IPO date. Denote V ChUi as the number of times in the

two years prior to the issue, VC h has owned a stake in an IPO �rm that was

underwritten by underwriter i. It follows that U share(i) is constructed by �rst

summing V ChUi across all venture capitalists for a speci�c underwriter and

then divided by all past interactions.

U share(i) =

hP
V ChUi

hP iP
V ChUi

(1)

Take the following example. In the case of BMJ Medical Management Inc that

went public on February 4th, 1998, there were two venture capital owners:

Oak Investment Partners and Delphi Ventures. Oak Investment Partners had

completed one previous IPO which was underwritten by Cowen & Co, while

Delphi Ventures had completed two IPOs both underwritten by JP Morgan.

Thus, for BMJ Medical Management Inc, Ushare(Cowen) is 1/3, Ushare(JPMorgan)

is 2/3 and Ushare(i) for all other underwriters is zero.

U share(i) parsimoniously captures the strength of relationships between

venture capitalists and underwriters for several reasons. First, this variable

measures strength of interactions between VCs and a given underwriter rel-

ative to interactions with other underwriters. Since underwriters compete

for securities underwriting, it is natural that U share(i) provides information on

relative preferences. Second, this variable is aggregated across all venture cap-

italist owners in a particular IPO which reduces noise and gives more weight to
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more experienced VCs (in terms of prior IPOs). It is appropriate to give more

weight to VCs that have had more experience with �rms they own going pub-

lic as these VCs are more likely to have relationships with underwriters than

neophyte VCs with few prior IPOs. Third, the variable is neatly constrained

by construction to be between 0 and 1, mitigating the e¤ect of outliers.

Table 2.1 provides a �rst look at the data. Table 2.1 Panel A describes

the sample of venture capitalists separated by VC type. A couple of pat-

terns emerge. Traditional VCs represent 65% of the sample, far outnumbering

Investment/Merchant Banks and Private Equity �rms. Traditional VCs are

on average 7.1 (5.4) years younger than Private Equity �rms (Inv/Merchant

Banks). Also, Traditional VCs invest in much smaller �rms (proxied by IPO

Proceeds) than their Private Equity and Investment/Merchant Bank coun-

terparts, consistent with IPOs �rms from the latter group being previously

public �rms that had undergone a LBOs. At the time of the IPO, tradi-

tional VCs also have smaller equity stakes (6.9%) compared to Private Equity

(19.4%) and Inv/Merchant Banks (14.4%). This could be due to Traditional

VCs making earlier investments that are later diluted. Private Equity and

Investment/Merchant Banks do not seem to be very di¤erent, which is not

surprising given they often share a similar investment focus.

Table 2.1 Panel B splits the same sample of venture capitalists by the

number of IPO �rms they have owned over the whole sample period. The

power of the U share(i) variable comes from repeated interactions between VCs

and underwriters. While there are only 62 VCs (11.8%) that have participated
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in more than 10 IPOs, these VCs make up almost half of all VC stakes in IPO

�rms, indicating substantial heterogeneity in the number of past dealings with

underwriters. VCs that have had more experience through participation in

more IPOs also tend to be older and have raised more funds prior to the IPO.

There does not seem to be substantial di¤erences among experienced and non-

experienced VCs�investments with respect to either the size of the ownership

stakes they take or the size of the companies they invest in.

Table 2.1 Panel C displays the 10 most active VCs by number of IPOs

completed over the sample period. When compared to other venture capital

studies, there are several similarities. Krishnan, Masulis and Singh (2007),

report the same three most active VCs (JP Morgan Capital Partners, Kleiner

Perkins Cau�eld and Byers and New Enterprise Associates), using an earlier

sample of VC-backed IPOs between 1996 and 2002. In an earlier paper, Meg-

ginson and Weiss (1991) list the top 20 active VC owners over the period 1983

to 1987. Relative to a sample that begins more than 10 years earlier, half

of the top 10 VCs (JP Morgan Capital Partners, Kleiner, Perkins, Cau�eld

and Byers, Sequoia Capital, Oak Investment Partners and Norwest Equity

Partners), were among the top 20 VCs documented by Megginson and Weiss

(1991), indicating some continuity in the organizations that are most active in

taking portfolio companies public. With the exception of Alta Partners, the

top ten VCs are also substantially older than the median VC organization.

Additionally, these experienced VCs seem to have larger equity stakes in the

IPO �rms. Warburg Pincus, a private equity �rm specializing in LBOs has
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average ownership stakes in going public �rms of nearly 50%.

Table 2.1 Panel D describes the underwriting sample by major under-

writing family (after accounting for mergers and acquisitions during the sample

period). 93.4% of the underwriters used by the IPO �rms belong to one of the

18 underwriter families listed. The remaining 6.6% of IPOs were either self

underwritten or used a smaller and often less reputable underwriter. Consis-

tent with prior literature, underwriter reputation is positively correlated with

underwriter market share. There appears to be certain di¤erences between

the IPOs underwritten by the top 10 underwriting families to the rest of the

underwriters. For a top 10 underwriter compared to other lower quality un-

derwriters, there are more VCs per IPO (2.5 VCs to 2.1 VCs), slightly older

�rm age (8.7 years to 7.6 years) and nearly twice the IPO proceeds ($97.5 MM

to $44.4 MM). Together, these �ndings suggest that well reputed underwriters

shy away from underwriting smaller and younger entrepreneurial �rms in order

to protect their reputational capital.

Panel E compares the VC-backed to the non-VC-backed IPO sample.

There are striking di¤erences between these two groups, suggesting that ven-

ture capital funding is nonrandom. Generally the sample of venture-backed

�rms consists mainly of start-ups in technology intensive industries (biotech-

nology, telecommunications, healthcare) and �rms that have previously under-

gone a leverage buyout. Since traditional venture capitalists seem to dominate

private equity and bank a¢ liated venture organizations in terms of numbers

and stakes held in IPO �rms, it is likely that the sample of venture-backed
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�rms include entrepreneurial start-ups rather than leverage buyouts. Table

2.1 Panel E shows that VC-backed �rms are more than a decade younger on

average (8.23 years to 18.84 years), more than twice as large ($79.39 MM to

$168.63 MM) and have larger positive price revisions (7.66% to 0.09%) com-

pared to non-VC-backed �rms. Additionally, VC-backed �rms relative to non-

VC-backed �rms are more than twice as likely to be located in California (41%

to 17%) and be in a high-tech industry (34% to 16%). Di¤erence in means T-

statistics reported in Panel E seem to con�rm statistically that the di¤erences

in these two groups of IPOs is large. This might suggest a self-selection bias

associated with venture capital �nancing in this study as recognized by Lee

and Wahal (2004). To account for the endogeneity associated with the receipt

of venture funding a¤ecting the empirical tests in the next section, I use �rm

age, IPO proceeds, dummy for �rms headquartered in California and a dummy

for �rms in high technology industries as instruments for the likelihood of a

�rm being venture capital funded.

Table 2.2 displays summary statistics related to the variables used in

this study. The main variable of interest in the regressions presented in the

next section is the underwriter market share variable Ushare(i); which has a

mean of 10% and a median value of 3%. The standard deviation is quite

large, as many of the observations are clustered around 0 and do not use an

underwriter that had a prior relationship with the VC owners. In terms of

VC characteristics, the average VC is a little more than 16 years old and has

raised more than 8 funds on average prior to the IPO date. VCs as a group
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have 40% economic ownership, indicating the relevance of VCs in terms of

economic control and the ability to a¤ect �rm decision-making. Additionally,

there are 2.74 VCs per IPO and each VC has participated in an average of 5

prior IPOs in the two years prior to the IPO. The average �rm is 8.23 years old

and has raised $78.39 MM during the IPO. Underwriter fees as a percentage

of proceeds are approximately 7% consistent with previous studies. IPO o¤er

prices are revised upwards by 7.66% on average and �rms at the close of the

IPO date are valued at nearly 5 times the book value of their assets.

The distribution of non-zero Ushare(i) is displayed in Figure 2.1. In the

sample, 339 �rms have zero past VC ties with the chosen underwriter, while

353 IPO �rms have non-zero past VC ties with the selected underwriter over

the period between October 1998 and December 2006. Ushare(i) is non-normal,

as slightly less than half of the IPO �rms have no relationship between the

venture capitalists and the IPO underwriter. There are a small number of

outliers present in the sample. These large Ushare(i) observations are primarily

driven by those IPO �rms whose venture owners have participated in few

IPOs over the previous two years. Excluding these observations does not

economically change the results in this paper.

Table 2.3 presents a correlation matrix of the major venture capital

variables used in the analysis in the next section. It is possible that Ushare(i) is

picking up variation in VC characteristics instead of proxying for the strength

of VC-underwriter relationships. However, this is clearly not the case as the

correlation between Ushare(i) and all of the VC characteristics is less than 10%.
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Not surprisingly, the correlation between VC Age and VC Funds Raised is es-

pecially high (47%) as venture capitalists often raise funds every several years.

Additionally, VC Age and VC Funds Raised are positively correlated with the

Number of Past VC IPOs, indicating that older and larger VCs visit capital

markets more frequently to sell equity in their portfolio �rms. Moreover, VC

Age and VC Funds Raised are positively correlated with VC Pre-IPO Owner-

ship, suggesting that older and larger VCs make bigger investments in private

�rms.

2.3 Empirical Results

In this section, I describe the major �ndings in this paper. To begin, I �rst

consider whether past VC-Underwriter relationships a¤ect IPO underwriter

choice. After establishing the presence of relationships between underwriters

and VCs, I ask whether certain types of VCs associate with certain types of

underwriters. Next, I investigate whether VC-Underwriter relationships have

implications for a �rm�s IPO outcome. Finally, I conclude with a discussion

on underwriter selection in subsequent equity o¤erings and the types of VCs

that are likely to have relationships with the underwriter.

2.3.1 IPO Underwriter Selection

McFadden Choice Model In this section, I examine whether �rms choose

IPO underwriters on the basis of their VC owners�past interactions with in-

vestment banks. Similar to Drucker and Puri (2005), Ljundqvist, Marston
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and Wilhelm (2006) and Corwin and Schultz (2005), I use a McFadden (1973)

choice model to determine how �rms select underwriters. Using a logit model,

I assume that each issuing �rm j, with VC owner k, chooses an underwriter i

from the set of I underwriters. The �rm�s choice of an underwriter will depend

on characteristics of the �rm, VC owners and underwriters. Speci�cally, the

�rm maximizes utility according to the following equation:

Max
i
U j = �

0Xi + �
0Yj + 

0Zk + �
0Ushare(i) + "ij (2)

where X, Y and Z are a vector of underwriter, �rm and VC charac-

teristics, respectively. Consider Vi to be the random variable that proxies for

underwriter choice. It follows from McFadden (1973) that if the set of i distur-

bances are independently and identically distributed withWeibull distribution,

underwriter selection can be expressed as:

Pr(Vj = i) =
exp(�0Xi + �

0Yj + 
0Zk + �

0Ushare(i))

exp
P
i

(�0Xi + �
0Yj + 0Zk + �

0Ushare(i))
(3)

I assume that each �rm has 16 possible alternative underwriters to se-

lect from where the �rst 15 choices are the 15 most active underwriters for the

entire IPO sample for the two calendar years prior to the IPO. I use the entire

sample of underwriters instead of the VC-backed sample as the years following

the dot-com bubble (2001, 2002 and 2003) had generally few IPOs. In case of

a tie, I use the underwriter that had underwrote the most IPOs over the prior
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three calendar years. Following Corwin and Schultz (2005) and Ljundqvist,

Marston and Wilhelm (2005), the set of eligible underwriter is adjusted for

underwriter mergers and divestitures over the sample period. The last alter-

native is reserved for instances where a top 15 underwriter was not used to

underwrite the issue. There were 692 venture-backed IPOs underwritten over

the period October 1, 1998 to December 31, 2006, which results in over 11,000

observations. The dependent variable is set to 1 if an underwriter is selected,

and is 0 otherwise. Later in the sample period, �rms often name two lead

underwriters. For these IPOs, there may be multiple underwriters selected.

Additionally, since there are multiple observations per IPO, the standard er-

rors are adjusted by clustering by �rm. Implicitly, I am assuming that while

the observations are correlated within IPO observations, they are unrelated

across IPOs observations.

The results of the McFadden logit model are presented in Table 2.4.

The control variables are as follows. For underwriter attributes that a¤ect

underwriter choice (Xi), I include Underwriter Market Share and Underwriter

Reputation as higher quality underwriters are unconditionally more likely to

be selected to underwrite an IPO. Additionally, I include the Number of Un-

derwriters to account for situations where there are multiple lead underwriters.

For �rm characteristics (Yj), I include Firm Age and Ln(IPO Proceeds) and for

VC characteristics (Zk), I include VC Age, VC Funds Raised and VC Pre-IPO

Ownership. To account for venture capitalists that are a¢ liated or owned by

an underwriter, I include VC Underwriter A¢ liation which is a dummy vari-
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able that takes the value of 1 when there exists a VC owner that is a¢ liated

with the potential underwriter i and 0 otherwise. For brevity, I do not report

coe¢ cient estimates on both �rm characteristics, VC Age, VC Funds Raised

and VC Pre-IPO Ownership. As this set of control variables does not vary

across underwriters, they pick up little of the cross-sectional variation of un-

derwriter choice. All reported variables are listed as marginal e¤ects in Table

2.4.

The �rst regression in Table 2.4 Panel A reports logit regression re-

sults for the full sample of IPO �rms. U share(i) is highly signi�cant as z =

8.99. The marginal e¤ect of U share(i) is .103. Thus, a one standard devia-

tion or 15.8 percent increase in U share(i) translates to a 1.62% increase in the

likelihood a speci�c underwriter is selected. This e¤ect is both statistically

and economically signi�cant considering that the unconditional probability of

an underwriter being selected (out of 15 equally likely alternatives) is 6.67%.

The second and third set of regressions presented in Table 2.4 Panel A split

the sample into the internet bubble period (1998-2000) and the post internet

bubble period (2001 and afterwards). I separate the sample to ensure that

my results are not driven by the dot-com era. U share(i) does not seem to be

a¤ected by the conditions in IPO markets as the coe¢ cients in both these

regressions are nearly identical. In the last regression of Table 2.4 Panel A, I

consider only those underwriters that were used previously by the VC syndi-

cate and the e¤ect of U share(i) remains statistically signi�cant. Of the control

variables, underwriter reputation and market share are generally both posi-
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tively related to the likelihood of an underwriter being selected. Also, VCs

that are a¢ liated with a certain underwriter are more likely to choose the

same underwriter. This is consistent with Li and Masulis (2004) who explain

that venture investments by groups a¢ liated with underwriters reduce under-

pricing through certi�cation and improved alignment of underwriter incentives

with IPO issuers.

For robustness, I further analyze the e¤ect of VC-Underwriter relation-

ships by segregating the sample into groups according to number of current VC

owners�past VC portfolio companies that went public in the two years prior

to the issue date. The sample decomposition enables me to analyze whether

the e¤ect of U share(i) is stronger for those IPO �rms where VCs are very ex-

perienced and have had many interactions with underwriters. In Table 2.4

Panel B, regressions (1), (2), (3) and (4) correspond to IPO �rms where VCs

have participated in 1-3, 4-8, 9-16 or greater than 16 past IPOs, respectively.

The e¤ect of VC-Underwriter relationships on underwriter choice persists for

all subgroups. However, the e¤ect is much stronger for those VC owners that

have participated in many past IPOs as the coe¢ cient on U share(i) increases

monotonically as the number of past VC IPOs increases. For �rms with more

than 16 past VC IPOs, a 25% increase in U share(i) corresponds to a 5.65% in-

crease in the likelihood of a speci�c underwriter being selected. The results of

the McFadden choice model suggest that venture owners ally themselves with

certain underwriters and use these relationships when they sell equity in their

portfolio companies to �nancial markets.
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In Table 2.4 Panel C, I consider a number of alternative speci�cations

and relationship measures. Table 2.4 Panel C Column (1) uses a Fama-

MacBeth approach by running a logistic regression each calendar year and

averaging coe¢ cients across the 8 years in the sample. Additionally, in Table

2.4 Panel C Column (2) I consider the natural logarithm of U share(i) and in

Table 2.4 Panel C Column (3) I de�ne UMax as a dummy variable that takes

the value of 1 if the underwriter was used most (when compared to other un-

derwriters) in the past by the VC syndicate. The results in Table 2.4 Panel

C Columns (1), (2) and (3) are similar to those in Table 2.4 Panels A and B.

In Panel C Column (4) I construct UVW
share(i) by weighting the relationships by

the ownership of each venture capitalist denoted by �h.

UVWshare(i) =

hP
V Ch�hUi

hP iP
V Ch�hUi

(4)

The coe¢ cient in Table 2.4 Panel C Column (4) is .126 which is slightly

stronger than that reported in Table 2.4 Panel A Column (1) potentially indi-

cating that VCs are more likely to use their relationships if they have greater

ownership in the �rm. This issue is investigated in further detail Table 2.7.

Also, the �ndings persist after using a set of 21 and 11 underwriters instead

of 16, and remain strong if I exclude those �rms not underwritten by a top 15

underwriter (not reported).
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2.3.2 Multinomial Logitistic Regression Model

The previous section presented a McFadden choice model to analyze whether

VC-Underwriter relationships a¤ect how �rms select underwriters. While the

McFadden choice model methodology has been used in a similar context by

previous literature (See for example Drucker and Puri (2005), Ljundqvist,

Marston and Wilhelm (2006) and Corwin and Schultz (2005)) to address un-

derwriter selection, it has several shortcomings. First, this model is not able

to estimate the e¤ect of variables that do not vary across underwriters. For

example, the coe¢ cient on the �rm size variable (Ln(IPO Proceeds)) does not

reveal any information on as to the likelihood of a particular underwriter being

selected as it is the same across all underwriter choices for a given IPO. Also, in

situations where there is a single underwriter selected, errors within IPO may

be correlated as all other underwriters for the same IPO are by construction

not selected.11

To address these potential concerns, Table 2.5 presents results of a

multinomial logistic regression predicting underwriter choice. As in the previ-

ous section, the main independent variable of interest is Ushare(i). The multino-

mial logitistic regression estimates a system of n-1 equations, where n is equal

to the number of underwriter alternatives. The set-up is as follows. Each �rm

selects from a set of 12 underwriters (those that are most active during the

sample period) and other choice that represents all other underwriters.12 The

11This may however be mitigated by clustering errors by IPO.
1212 underwriters are used instead of 15 (as in Table IV) as only 12 underwriters consis-

tently underwrote IPOs over the sample period.
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coe¢ cients in the regression re�ect the e¤ect of a variable on increasing the

likelihood of a certain underwriter being chosen over the reference underwriter.

While Ushareki is the relationship of underwriter i with the VC syndicate of a

given IPO, the coe¢ cient on Ushareki , �
k
i is the e¤ect of the relationship be-

tween underwriter i and the VC syndicate on the choice of underwriter k. Ad-

ditionally, I impose the following restrictions. First, the relationship between

underwriter i and the VC syndicate should have no e¤ect on the selection of

another underwriter k, �ki = 0 for all i 6= k: Second, I try to estimate the

average e¤ect by treating relationships equal across underwriters by imposing

�ii = �
j
j for all i; j. Similar to Table 2.4, I include the following (unrestricted)

control variables Firm Age, Ln(IPO Proceeds), VC Age, VC Funds Raised and

VC Pre-IPO Ownership. For brevity I do not report coe¢ cients on the control

variables.

Table 2.5 reports marginal e¤ects for the multinomial logitstic regres-

sion and is organized as follows. The �rst column presents regression results

using all IPO observations. The marginal e¤ect of Ushareii is .059, which is

weaker both statistically and economically when compare to those results in

Table 2.4. This could be due to the addition of more appropriate controls for

how �rm age, �rm size and VC characteristics a¤ect the selection of speci�c

underwriters. Alternatively, there may be more noise in this regression as a

result of only including 13 underwriter choices instead of 16. The second col-

umn presents results excluding those IPOs underwritten by an underwriter

that is not one of the top 12 underwriters for the sample period. I re-run
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this regression excluding those observations to ensure that the e¤ect of Ushare

on underwriter choice is not driven by observations in which �rms have weak

relationships and also do not choose a top 12 underwriter.

The analysis is complicated by those observations that have multiple

lead underwriters. The multinomial logit does not allow for multiple choices

to be selected. Thus, for columns (1) and (2) I repeat IPO observations where

there are multiple underwriters selected.13 The third column presents results

excluding those IPOs where there are multiple bookrunners and the fourth col-

umn presents results excluding those IPOs where there are multiple bookrun-

ners and are underwritten by an underwriter that is not a top 12 underwriter.

In each of these cases, the coe¢ cient on Ushareii does not change very much

re�ecting the lack of an e¤ect of having multiple lead underwriters and ob-

servations where a top 10 underwriter was not selected a¤ecting the ability of

Ushare
i
i to predict underwriter choice. These results con�rm using an alterna-

tive methodology that prior relationships between underwriters and VCs have

an e¤ect on the likelihood of a certain underwriter being selected.

2.3.3 VC-Underwriter Matching

The results in the previous section suggest that �rms employ underwriter based

on their venture owners�relationships with underwriters. Relationships imply

that certain VCs tend to align themselves with certain underwriters. In this

13For example, suppose that Goldman Sachs and JP Morgan are selected as lead under-
writers. I then create one observation where Goldman was chosen as the lead underwriter
(and JP Morgan was not chosen) and another where JP Morgan was chosen.
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section, I take the task of investigating the types and characteristics of VCs

that are likely to have relationships with a reputable underwriters. The �rst

part of this section describes the empirical set-up that corrects for the potential

self-selection bias associated with venture funding and the second part of the

section reports the results related to how VCs and underwriters choose each

other.

Endogeneity of Venture Funding There are several potential sources of

selection bias present in this study. First, there are errors in SDC�s classi-

�cation of venture backing as certain �rms classi�ed as not having venture

backing may actually be venture-backed. Thus, I only observe IPO �rms that

SDC reports as having venture backing. Second, I only observe �rms when

there is a venture capitalist that (i) is listed on the venture capital / private

equity databases and (ii) owns at least 5% of the �rm prior to the IPO. Third,

the results described in Table 2.1 Panel E show large di¤erences between the

sample of VC-backed and non-VC-backed �rms. Any inference of owner re-

lationships a¤ecting underwriter selection or IPO outcomes is biased as the

sample only includes those �rms where a venture capitalist is present.

The selection bias potentially creates a speci�cation error leading to

inconsistent parameter estimates. Heckman (1979) proposes a two-step pro-

cedure to correct for the sample selection bias. I implement this procedure

as follows. In the �rst stage, I model the latent decision of the �rm to re-

ceive venture capital �nancing using as instruments �rm age, �rm size (based
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on IPO Proceeds) and a dummy variable if the IPO �rm is headquartered in

California.

Pr(V CBacked = 1) = �0CaliforniaDummy+�0FirmAge+0Ln(Proceeds)+"

(5)

The �rst column in Table 2.6 reports probit regression results predicting

whether a �rm receives venture capital. Similar to the univariate analysis in

Table 2.1 Panel E, younger �rms and �rms located in California have a higher

probability of receiving venture backing. The coe¢ cient on Ln(Proceeds) is

positive and insigni�cant. Staiger and Stock (1997) show that valid instru-

ments are not su¢ cient to ensure unbiased two-stage estimators with �nite

samples. Further they explain that instruments have to correlate su¢ ciently

with the endogenous �rm stage variable and recommend a critical value of

10 for an F-test of joint signi�cance of the independent variables. The joint

F-test of the �rst stage regression reported in Table 2.6 has the value F=15.84,

indicating that instrument strength is not an issue. From the �rst stage re-

gression, I generate the inverse mills ratio �, which I use in the second stage

to control for the self selection bias.

Predicting Underwriter Prestige The second stage regressions presented

in Table 2.6, consider the determinants of selecting a high quality underwriter.
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I use two measures of underwriter quality: Underwriter Reputation andUnder-

writer Market Share. Underwriter Reputation is a categorical variable based

on the underwriter ranking described in Carter and Manaster (1980) and takes

on values of 1 through 9. Ordinary least squares is not appropriate in this set-

ting as Underwriter Reputation is not a continuous variable. To di¤erentiate

between the quality of the underwriter, I de�ne a reputable bank as any bank

that has a Underwriter Reputation of 8 or greater. I cluster the errors by

industry as �rms in industries with larger average �rm size may select more

prestigious underwriters. Additionally, I include year �xed e¤ects to account

for variation in underwriter prestige over the sample period.

Table 2.6 Column (2) regresses the reputable bank dummy on a VC-

backed dummy, �rm characteristics and number of underwriters. Consistent

with Fang (2005) and Gatchev et al (2005), �rm size and �rm age are positively

related to underwriter reputation. VC-Backed dummy is highly signi�cant as

the presence of venture �nancing increases the probability of a reputable under-

writer being selected by 25.6%. Table 2.6 Column (3) regresses the reputable

bank dummy on a host of VC characteristics. Two variables stand out in this

analysis. First, older VCs associate with more reputable underwriters. Sec-

ond, when there are more VC owners, a higher quality underwriter is selected.

It is possible that when there are multiple venture owners, (each having their

own relationships with underwriters) the �rm chooses to use the relationship

with the best underwriter. Table 2.6 Columns (4) and (5) consider Under-

writer market share as the dependent variable. Results are similar to before,
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but slightly weaker for VC Age as the coe¢ cient is only signi�cant at the 10%

level. The sign on the inverse mills ratio �, is negative indicating that cer-

tain unobserved issuer characteristics that increase the likelihood that venture

�nancing contribute to reducing underwriter reputation.

The results presented in Table 2.6 suggest that the matching between

underwriters and venture capitalist is not random, but instead high quality un-

derwriters choose to associate with older, more experienced venture capitalists.

These results mirror the theory developed by Gatchev et al (2005) to describe

underwriter-�rm matching. In that paper, they suggest an equilibrium where

the highest quality underwriter underwrites the IPO of the highest quality

�rm, the second highest quality underwriter underwrites the second highest

quality �rm, etc. They argue that when agent� characteristics are comple-

mentary (i.e. better underwriters bene�t from underwriting better �rms) and

the pricing of underwriting services is �xed and not negotiated, positive as-

sortative matching occurs. These results suggest a similar equilibrium. The

bene�ts a¢ liating with high ranked underwriters will accrue to the venture

capitalist with the most to o¤er, i.e. those that actively visit capital markets

to sell equity in portfolio companies.

2.3.4 VC-Underwriter Relationships and IPO Outcomes

In this section, I analyze whether there are externalities associated with stronger

VC-underwriter relationships. Speci�cally, I condition the relationship be-

tween the VC syndicate and the underwriters on various measures of IPO suc-
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cess and underwriter e¤ort including o¤er price revisions, underwriting fees,

valuations, proceeds issued, underpricing, number of analysts following a �rm

post-IPO, accuracy of price range, amount of time between the IPO �ling date

and the date the �rm goes public and the age of the �rm. Then, I use evi-

dence on how Ushare a¤ects IPO outcomes to di¤erentiate between the di¤erent

explanations for the presence of VC-underwriter relationships.

I consider three di¤erent explanations for the presence of VC-underwriter

relationships: familiarity, moral hazard and adverse selection. First,

perceived VC-underwriter relationships may be a result of familiarity as VCs

may only know certain investment bankers. In this situation, VC-underwriter

relationships should have no e¤ect on any of the IPO outcomes listed above.

Second, underwriters may experience moral hazard when providing under-

writing services. The impact of repeated interactions between underwriters

and VCs may allow for a situation where underwriters exert greater e¤ort to

ensure repeat business. Third, VCs may credible convey private information

to the underwriter reducing adverse selection. VCs in an e¤ort to manage

their relationship with underwriters, may refrain from bringing public port-

folio companies with poor prospects that could hurt the reputation that the

lead underwriter has with �nancial markets.

Similar to Table 2.6, I control for the endogenous receipt of venture

�nancing by running the �rst stage regression over the time period of October

1, 1998 - December 31, 2006. In the second stage regressions I cluster errors by

2-digit SIC and include �rm and underwriter �xed e¤ects to capture variation
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in IPO outcomes across time and underwriters. Table 2.7 Column (1) reports

probit regression results predicting the likelihood of venture �nancing which

are in line with those reported in Table 2.6 Column (1). Table 2.7 Column

(2) regresses price revision on Ushare and a host of VC, underwriter and �rm

characteristics. Price revision is de�ned as the percentage change between the

o¤er price and the midpoint of the price range listed in the IPO prospectus.

This variable gives an indication of the amount of e¤ort an underwriter ex-

erts during the bookbinding (pre-IPO) process. Underwriter that aggressively

promote going public �rms to �nancial institution may increase demand for

the IPO �rm�s securities thereby enabling the underwriter to sell equity at a

higher o¤er price.14 Price revision is weakly positively related to Ushare; a one

standard deviation (.158) increase in Ushare translates to a 1.44% increase in

price revision. As price revision re�ects the amount of e¤ort an underwriter

takes in selling IPO shares, this result provides support for the moral hazard

explanation of VC-underwriter relationships.

In Column (3) I consider gross spread, which is the underwriter fee as a

percentage of IPO proceeds. If underwriters provide higher levels of e¤ort when

they have a relationship with the VCs, it is possible that they are compensated

for this additional e¤ort through higher fees. Alternatively, if underwriters face

less adverse selection and have an easier time selling equity they may pass o¤

14An alternative explanation for the positive coe¢ cient on Ushare in the price revision
regression is that underwriters that have relationships with VCs set a lower price range
midpoint (and thus experience greater price revision when the price is revised upwards).
This does not appear to be the case as Ushare is still signi�cant after controlling for the
valuation at the time the IPO prospectus is �ling (Pre�OfferCap=Assets).
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this bene�t to the VC by charging lower underwriting fees. The coe¢ cient

on Ushare is positive and signi�cant supporting the moral hazard explanation.

However, the economic magnitude is quite small as a one standard deviation

change in Ushare increases fees by only .5 basis points.

Column (4) regresses a valuation measure, MktCap=Assets, which is

the market capitalization at the close of the IPO date divided by total as-

sets. In both the moral hazard and adverse selection explanations I would

expect higher valuations as both greater e¤ort and a reduced asymmetric in-

formation problem will enable the underwriter to obtain a higher price for the

�rm�s shares. Consistent with both explanations, Ushare is positively related to

MktCap=Assets and a one standard deviation increase in Ushare improves val-

uations by an average of 4%. Column (5) considers Proceeds=Assets, which is

the total proceeds of the IPO scaled by total assets. Ushare is positively corre-

lated with Proceeds=Assets, as a one standard deviation in Ushare translates

to .8% more equity issued as a percentage of assets which is consistent with

both higher underwriting e¤ort and lower adverse selection.

In Column (6), I investigate whether Ushare has an impact on underpric-

ing of IPO shares on the �rst day of trading. It is unclear whether underpricing

is bene�cial from a �rm or VC�s perspective. Less underpricing bene�ts VCs

through less "money left on the table" or less of a dilution in the interest of

the owners. Alternatively, more underpricing bene�ts the VCs through grand-

standing or the ability for VCs to obtain free publicity as a result of their

IPOs well publicized high �rst day returns. Nevertheless, the coe¢ cient on
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Ushare is insigni�cant indicating that VC-underwriter relationships do not af-

fect underpricing. In Column (7), I consider analyst coverage or the number

of analysts covering the stock after the IPO. Acting in the interest of the VCs,

underwriters may try to convince other investments banks to provide analyst

coverage after a �rm goes public. This does not appear to be the case, as the

coe¢ cient on Ushare is insigin�cant.

Columns (8) and (9) present regression results predicting (i) the time

a �rm spends in the bookbinding process measured as the number of days be-

tween the IPO date and the �ling date and (ii) the accuracy of the initial price

range as measured by the narrowness of the �ling range. In the adverse selec-

tion explanation, VCs credibly convey the value of the �rm to the underwriter

reducing uncertainty. Thus, I would expect a shorter bookbinding process

and a smaller initial pricing range. Contrary to the adverse selection explana-

tion, there does not appear to be an e¤ect of Ushare on the size of the pricing

range or the time of the bookbinding process as both coe¢ cients are close to

zero. In Column (10), I consider the age that the �rm goes public. VCs with

stronger relationships with underwriters may be able to cash out of their in-

vestments faster by taking portfolio companies public earlier in their life. This

does not appera to be supported by the data as the coe¢ cient on Firm Age

is insigni�cant. Overall the results suggest that moral hazard experienced by

underwriters during the bookbinding process rather than the adverse selection

explanation may drive VCs and underwriters to form relationships.
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2.3.5 SEO Underwriter Selection

The results in the previous sections suggest that VCs use their relationships

with underwriters to get their portfolio companies access to higher quality

underwriters and extract improved underwriter services. In this section, I

consider equity issuances after the initial public o¤ering and analyze whether

�rm managers continue to select underwriters based on their VC owner�s re-

lationships with underwriters. The �rst column in Table 2.8 Panel A is a

logit regression predicting whether a �rm will pursue a SEO conditioning on

U share(i), �rm, VC and underwriter characteristics. It is possible that having

a close VC-underwriter relationship enables �rms to access capital markets

more frequently. This does not appear to be the case as the marginal e¤ect on

U share(i) is negative and insigni�cant. The second column in Table 2.8 Panel A

is a logit regression predicting whether a �rm will switch underwriters condi-

tional upon completing a SEO. The marginal e¤ect of U share(i) is -0.066 which

is signi�cant at the 5% level indicating that �rms with venture owners that

have strong VC-underwriter relationships are more likely to keep the same

underwriter during subsequent equity issuances.

Table 2.8 Panel B considers a McFadden choice logit model similar to

Table 2.4, where the �rm selects an underwriter from the top 15 underwriters

over the past two years and another underwriter which represents all other

underwriters. U share(i) is signi�cant at the 5% level, but the marginal e¤ect is

0.041, which is half as strong as that reported for the IPO underwriter selection

model previously presented in Table 2.4. This could be due to �rms having
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other relationships (through merger activity, debt issuances) with underwrit-

ers subsequent to going public. Table 2.8 Panel B Column (2) considers only

those observations where an underwriter has been used before (i.e. nonzero

values of U share(i)) and �nds similar e¤ects. These results suggest that �rm

management continues to use VC-underwriter relationships and the introduc-

tion to an underwriter by a venture capitalists allows the �rm to call on the

underwriter for subsequent security o¤erings.

2.3.6 VC Competition for Underwriter Selection

In the majority of IPO observations (70.0% of the sample), there are multiple

venture owners with economic stakes in the going public �rm. Having shown

previously that �rms choose underwriters based on past VC-underwriter re-

lationships, in this section I ask whether certain characteristics of VCs a¤ect

a VC�s ability to persuade �rm management to choose a given underwriter.

Previously, in Figure I, I documented that almost half of the IPO �rms have

no relationships between the venture owners and the selected underwriter. To

�nd the venture capitalists that use their past relationships with underwriters

when selecting an IPO underwriter, I de�ne a new variable:

U �
share(i,j) =

V ChUi
iP
V ChUi

(6)

where this variable di¤ers fromU share(i) as it is unique for an underwriter-
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VC pair and there is no summing of ties across VCs. I then regress U �
share(i,j) on

VC characteristics to determine which characteristics of VCs are incrementally

more important in the selection of an IPO underwriter.

Table 2.9 presents the results. Columns (1) through (3) consider a

probit model speci�cation, where the dependent variable is 1 if U �
share(i,j) is

greater than 0 and is 0 otherwise. Competition among VCs and the ability of

VCs to in�uence �rm management towards certain underwriter choices may

vary according to the number of VCs that own an IPO �rm. The �rst column

considers the whole sample, the second column includes only IPO observa-

tions where there are 1-3 VCs present and the third column includes those

IPO observations where there are more than 3 VCs present. A couple of pat-

terns emerge. First, V CAge is positive and signi�cant for the �rst and third

speci�cations indicating that older VCs are more likely to have a relationship

with the chosen underwriter. When there are fewer VCs present, the number

of previously raised funds seems to be a better determinant of U �
share(i,j): Also,

when the VCs have larger economic stakes, they are more likely to choose an

underwriter they have worked with in the past. The presence of an a¢ liated

VC also increases the probability of having a relationship with the chosen un-

derwriter. The negative sign on Number of VCs suggests that when there are

more VCs competing to select an underwriter of their choosing, it is less likely

that they select an underwriter with whom they have had a past relationship

with. The positive sign on the VC Past IPOs variable is more mechanical, as

those VCs that have had more past interactions with investment banks likely
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used a greater number of di¤erent investment banks. Table 2.9 Columns (4)

through (6) consider a tobit regression where the dependent variable is cen-

sored at 0 and 1. The results are similar in sign and magnitude to the probit

regression presented in Table 2.9 Columns (1) through (3) and accounting for

Ushare being bounded does not appear to e¤ect the results.

2.3.7 Post-IPO Stock Performance

This section investigates whether VC-Underwriter relationships a¤ect post-

IPO stock returns. Table 2.7 established that VCs with better relationships

with the chosen underwriter have greater price revision and higher valuations

at the time of the IPO. It is possible that for those �rms with strong re-

lationships, underwriters in�ate the selling price allowing the VCs to cash

out their investments at higher valuations. Figure 2.2 takes a �rst look at

the long run stock return performance, comparing those �rms with relation-

ships (both strong and weak) to those without relationships. I form three

size and book-to-market adjusted equally-weighted portfolios based on the

strength of relationships between underwriters and the VC syndicate. The

blue, red and green lines represent the portfolio of �rms without relationships

(Ushare = 0), with weak relationships (Ushare < :167) and strong relationships

(Ushare > :167), respectively. All three lines show similar patterns of long-run

underperformance after the IPO, consistent with prior literature on post-IPO

return performance. Firms with relationships seem to have more negative

medium-term returns with di¤erences of 15-25% at a horizon of 18 months.
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However, after three years these di¤erences are greatly reduced and each group

is not signi�cantly di¤erent from each other.

Table 2.10 Columns (1), (2) and (3) consists of cross-sectional regres-

sions explaining IPO stock return performance over 6 month, 1 year and 3

year time intervals. Ushare does not seem to have a meaningful e¤ect on IPO

returns at any horizon. VC Age is positively related to long run stock return

performance consistent with Krishnan, Masulis and Singh (2007) who �nd ev-

idence that IPOs backed by reputable VCs outperform those IPOs backed by

less reputable VCs. Additionally, the total number of past VC IPOs is nega-

tively related to stock performance. The initial valuation is negatively related

to returns in the short run (1 year), but positively related to returns in the long

run (3 years). Overall, there appear to be weak evidence that relationships

between underwriters and venture capitalists a¤ect post-IPO stock returns.

Table 2.10 Column (4) presents a probit regression predicting the like-

lihood that a �rm �les for bankrupcy within three years of going public. Firm

backed by older VCs and those �rms that are older appears to increase the

survival of IPO �rms, while the number of VCs and those �rms with VC own-

ers that are a¢ liated with the selected underwriter increases the chances that

a �rm goes bankrupt. There is signi�cant time variation in bankruptcy prob-

abilities, as many of those "Internet" IPOs went bust during the post dot-com

era. Similar to the return regressions, VC-underwriter relationships do not

appear to play a role in in�uencing the likelihood of a �rm going insolvent.
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2.4 Conclusion

This study highlights the importance of relationships between VCs and un-

derwriters in the selection of IPO underwriters. Given the high issuance costs

and delays in the IPO process, venture capitalists have an incentive to partner

with an underwriter that will help minimize any economic losses in the capital

raising process. Similarly, underwriters symmetrically have incentives to act

in the best interests of venture capitalists to the ensure the VC selects the

same underwriter the next time it takes a portfolio company public.

Consistent with other evidence on relationships in the banking liter-

ature, I �nd that �rms are more likely to select an underwriter that has a

prior relationship with the VC owners through the underwriting of past port-

folio �rms. With respect to the nature of these relationships, �rms with older

venture capitalists employ higher quality underwriters. There seems to be a

net positive e¤ect of VC-Underwriter relationships for the �rm as stronger

relationships translate to better price revisions and higher valuations at the

expense of higher fees. Relationships seem to persist even in follow-on equity

o¤erings.

This paper and others in the literature suggest that VCs provide valu-

able services to �rmmanagement that complement the provided �nancial back-

ing. There are however several questions that remain unanswered. First, does

the presence of venture capital backing increase the probability that a private

�rm goes public or is acquired? Do venture capitalists obtain better debt

�nancing terms for their portfolio �rms? Does venture backing attract insti-
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tutional buying at the IPO? Do �rms pick merger advisors based on their

venture owners�relationships with investment banks? Future research should

shed light on these subjects.
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3 Credit Ratings and Capital Investment

3.1 Motivation

The corporate bond market remains an increasingly large and important source

of �nancing for �rms. In 2006, U.S. corporations issued a staggering $1 trillion

in corporate debt, up from $714 million in 2005. In this market, the terms and

conditions specifying repayment are often governed by a �rm�s credit rating:

lower rated corporate bonds have higher yields, lower liquidity and higher

issuance costs.15 If credit ratings a¤ect debt �nancing costs, �rms may take

certain actions to avoid falling into a lower rating. One such action involves

reducing capital investment which improves credit quality by increasing cash

holdings and lowering cash �ow volatility. This essay investigates whether the

loss associated with an adverse credit rating change is large enough to a¤ect

corporate behavior by determining the impact of a �rm�s proximity to a rating

change on its capital investment policy.

The importance of credit ratings to �rms may be due to investor and

trading restrictions on corporate debt. First, institutional investors including

pension funds, certain mutual funds and banks face restrictions prohibiting

investment in speculative grade corporate bonds. Second, capital requirements

for broker-dealer and insurance �rms vary negatively by credit rating. Third,
15Numerous studies including West (1973), Liu and Thakor (1984), Ederington, Yawitz

and Roberts (1984, 1987) and Agrawal, Elton, Gruber and Mann (2001) have found a neg-
ative correlation between corporate bond spreads and credit ratings even after controlling
for �rm characteristics. Chen, Lesmond and Wei (2006) document a negative relation be-
tween credit ratings and various liquidity measures. Altinkilic and Hansen (2000) show that
underwriter spreads are higher for low rated bonds.
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commercial paper markets are tiered by rating and access is limited only to

�rms with high credit ratings.16 Fourth, credit rating downgrades may trigger

a covenant violation which may limit a �rm�s ability to subsequently obtain

debt �nancing. If the demand for bonds is downward sloping, constraints

imposed by investor and trading regulations will lower liquidity and increase

a �rm�s cost of capital. 17

Alternatively, �rms may place importance on their credit ratings due

to the informative nature of the credit rating revision process. Credit rat-

ings have the potential to impound new information uncovered by the rating

agency through due diligence and private communications with �rm managers.

Markets may therefore view downgrades as a rating agency�s reassessment of

a �rm�s ability to pay creditors. A �rm may face additional real operating

costs if its customers and suppliers condition their decisions on a �rm�s credit

rating. These costs include customers scaling back long-term purchases, sup-

pliers withholding trade credit and counterparties in derivative and futures

transactions requiring additional collateral.

The e¤ect of credit rating concerns on investment policy may depend on

the direction of the potential rating change. If downgrade costs and upgrade

bene�ts are symmetric, one would expect an e¤ect on corporate behavior for all

�rms that are near a rating change. There are several pieces of evidence that

suggest this is not the case. First, while downgrades are met with signi�cantly

16See Kisgen (2006) for a detailed discussion on credit rating-related investor and trading
restrictions on corporate bonds.
17Patel, Evans and Burnett (1998) �nd evidence for speculative grade �rms that bond

liquidity is positively correlated with bond returns.
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negative responses in equity markets, there is no statistically signi�cant e¤ect

for upgrades.18 Second, institutional restrictions on the holding of corporate

bonds only stipulates an upper bound on ownership. Thus, institutions may

be forced to sell corporate bonds following a �rm receiving a downgrade, but

face no coercion to buy bonds of a �rm that has recently been upgraded.

Third, credit rating-related covenant violations only occur after downgrades

and these events are usually resolved through negotiation with credit suppliers,

not through upgrades.

In this essay, I am primarily interested in how real corporate policy is

a¤ected by credit rating considerations. Corporate actions consistent with re-

ducing a �rm�s ability to pay its debt holders include the following: acquisitions

made with cash or debt �nancing, advertising expense, dividends, investments,

layo¤s and research and development expense. While many of these corporate

decisions could be a¤ected by credit ratings, I focus on corporate investment

as this decision is made at regular intervals and is at the discretion of the �rm.

Evaluating the real impact of credit ratings is particularly interesting given

the irreversible nature of capital investment and the potential for a permanent

loss in shareholder value associated with passing up investment projects.

To determine empirically whether �rms reduce investment to avoid

downgrades and obtain upgrades, I use information from structure of credit

ratings and market-based bond yields. First, I identify �rms that are close to

18Holthausen and Leftwich (1986), Hand, Holthausen and Leftwich (1992) and Dichev
and Piotroski (2001) show that downgrades are associated with large negative reactions in
bond and equity markets, while upgrades are associated with mild positive bond returns
and no di¤erence in equity returns.
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a broad or three letter credit rating change based on the plus (e.g. AA+ or

CCC+) and minus (e.g. BB- or C-) structure of ratings. A �rm�s broad rating

group is de�ned by its three letter designation (AA and AA- have the same

broad rating group, while AA- and A+ have di¤erent broad rating groups).

Most investor and trading regulations governing corporate bonds do not di¤er-

entiate between �rms with the same broad rating. These regulations increase

the cost of �nancing for �rms that experience a negative broad rating change.

Additionally, �rms may target broad rating groups instead of individual credit

ratings as the particular three letter group may convey most of the information

regarding a �rm�s ability to pay its o¤ its debt. This conjecture is supported

by documentation provided by S&P regarding their corporate rating criteria

(S&P (2006)), which states that "Long-term ratings from �AA�to �CCC�may

be modi�ed by the addition of a plus or minus sign to show relative standing

within the major rating categories." Thus a downgrade from AA- to A+ may

be more detrimental than a downgrade of A+ to A simply because a �rm is

changing its broad rating.

While the broad rating may be important, it is also possible that �rms

care about speci�c credit ratings. To capture variation in credit quality within

each credit rating, I rank �rms based on their bond yield spread over treasury

bills for each credit rating. Those �rms that have high yield spreads have low

credit quality and are identi�ed to be near a downgrade. Conversely, those

�rms with low yield spreads have high credit quality and are designated to be

near an upgrade. While �rms may not actually experience a rating change in
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current or future periods, these ex-ante measures de�ne a subset of �rms that

are more likely to experience a rating change.

My main �ndings can be summarized as follows. Firms that are near a

credit rating downgrade have lower investment rates relative to those not near

a downgrade. There is no similar e¤ect for upgrades. For the average �rm in

the sample, investment is 4.1%-6.2% lower for minus �rms relative to both plus

�rms and �rms without a plus or a minus. Those �rms that are in the highest

quartile of bond yields of a given rating group invest 9.8%-12.8% less when

compared to those �rms with bond yields that are either in the top quartile or

within the interquartile range. These credit rating induced investment patterns

are separate from investment opportunities, �nancial distress concerns and are

robust to alternative regression methodologies and empirical speci�cations.

Related to conserving other �nancial resources, �rms that are near a rating

downgrade spend less on research and development expenses and pay lower

dividends.

While previous research has demonstrated a tendency for �rms to take

credit ratings into account when making �nancing decisions, it is not clear how

constraints imposed by credit ratings on external �nance a¤ect corporate in-

vestment given the substitutability of other forms of �nancing. Theoretically,

�rms that have alternatives to �nancing investment through debt should ex-

hibit a lower sensitivity of investment to proximity to rating change. To inves-

tigate this possibility empirically, I condition the relation between investment

and proximity to a rating change on measures that are related to �rm�s ability
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to access equity and debt markets. I �nd that �rms that have higher �nancial

constraints, face more adverse selection and are more active in debt markets

are more likely to lower investment when near a rating downgrade.

Additionally, I attempt to empirically distinguish between the two ex-

planations for the relevance of credit ratings to �rms. In the rating infor-

mation argument, �rms that are close to a downgrade reduce investment to

avoid investigation by rating agencies that could lead to a negative rating revi-

sion. While the monitoring and information gathering activities of the rating

agencies are not observed, I can ex-post identify rating investigations through

rating changes. If rating investigations are periodic, then a �rm that has re-

cently recieved a rating change is less likely to be monitored than a �rm that

has not experienced a rating change recently. The results do not support the

rating information argument, as the e¤ect of lowering investment when near

a downgrade is stronger for those �rm that have recently experience a rating

change.

By investigating the impact of credit ratings on investment policy, this

essay contributes to the growing literature on how credit ratings a¤ect cor-

porate decision-making. In a recent paper, Kisgen (2005) �nds evidence that

�rms take credit rating considerations into account when making capital struc-

ture decisions by showing that �rms that are near a rating change issue more

equity as a proportion of total �nancing (debt + equity) than those �rms not

near a rating change. Moreover, he demonstrates that this apparent capital

structure e¤ect is a separate concern from pecking order and trade o¤ theory
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considerations. Jung, Soderstrom and Yang (2008) show that �rms that are

near a rating change have a higher absolute value of accruals. In a recent sur-

vey of CFOs, Graham and Harvey (2001) �nd that credit ratings play a major

role when �rms make capital structure decisions. 57.1% of CFOs surveyed

responded that credit ratings were either important or very important when

deciding how much debt to issue, which was the second highest response for

this question.

In theoretical work, Boot, Milbourn and Schmeits (2006) suggest that

rating agencies generate information that speed up the dissemination of private

information to the market. They propose that rating agencies place �rms

on credit watch to focus the attention of the market on the �rm and coerce

the �rm to take actions to improve credit quality.19 Ederington and Goh

(1998) analyze the information �ow between credit rating agencies and equity

analysts. They �nd that credit rating downgrades are associated with negative

earnings forecast revisions and negative equity returns and conclude that rating

changes reveal information that is not due to earlier negative information about

the �rm or current earnings. Using various liquidity measures, Odders-White

and Ready (2005) �nd that �rms with lower credit ratings face higher levels

of adverse selection.

Several other papers in the literature have considered the impact of a

�rm obtaining a credit rating or the revelation of new credit rating information

on corporate policy. Faulkender and Petersen (2006) show that �rms with

19S&P and Moody�s place a �rm on a public watchlist when they are considering upgrading
or downgrading a �rm�s credit rating.
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credit ratings have higher leverage and that �rms increase leverage subsequent

to obtaining a credit rating. Su� (2007) �nds that after the introduction of

a credit rating, �rms increase debt, asset growth and cash acquisitions. Tang

(2007) shows that following a re�nement of credit ratings, those �rms that

received bene�cial re�nements subsequently experienced a decrease in cost of

debt which led to increased capital expenditures and debt issuance activity.20

While previous literature has proposed a relation between a �rm�s �nancing

decisions and its credit rating, my essay is the �rst to my knowledge to explore

the link between credit rating concerns and capital investment.21 Additionally,

this essay extends the current literature on credit ratings by providing evidence

on why �rms take credit ratings into account when making corporate decisions.

The remainder of the essay is as follows. Section II provides an overview

of the literature on credit ratings related to this study. Section III explains

the data sources and the methodology used to construct the sample. Section

IV discusses the main results and examines robustness issues related to the

main �ndings. Section V concludes.

3.2 The E¤ect of Credit Ratings on Investment

There are three main sanctioned credit rating agencies in the United States

that evaluate corporate bonds: Standard and Poors, Moody�s and Fitch.
20In 1982, Moody�s added numeric rating modi�ers {1,2,3} to provide relative standing

within each 3 letter rating group.
21Credit ratings have been used as measure of �nancial constraints in research on in-

vestment sensitivity to cash �ow (See for example Kaplan and Zingales (1997)). My paper
addresses a separate concern by considering the impact of being near to a credit rating
change on investment policy.
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These agencies aggregate public information about �rms via �nancial state-

ments and annual reports as well as nonpublic information in the form of

private conversations with a �rm�s management. Rating agencies maintain

an independence from other �nancial services �rms and the fees they charge

are independent of the ratings they issue (Kliger and Sarig (2000)). In terms

of public information, credit ratings are positively related to asset size, �rm

age, interest coverage and earnings, and negatively related to �nancial lever-

age as these factors also proxy for bankruptcy risk (See for example Kaplan

and Urwitz (1979) and S&P (2006)). After determining a �rm�s credit quality,

these rating agencies allocate �rms to rating groups by similar creditworthi-

ness. Firms are generally rated on a periodic basis, except when they come to

the capital markets to issue corporate bonds.22 Those �rms that are consid-

ered for a rating change are often placed on a ratings "watchlist". Most bond

issues of a single corporation often share the same rating as a default on one

bond often triggers a default on all the other bonds with equal priority.

The magnitude of the e¤ect of credit ratings on corporate decision

making is a result of the unique organization of credit rating groups. The

structure of credit ratings discretizes the wide continuum of numeric default

probabilities into approximately 30 distinct categorical groups. As a result,

there is still substantial variation in distances to default within each rating

group. The �rm that is on the margin of being downgraded or upgraded

22Zonana and Hertzberg (1981) document that only 2,000 out of 18,000 outstanding rat-
ings are reviewed per year. Weinstein (1977) describe that more than half of the reviews
are associated with new debt issues.
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may take actions inconsistent with traditional investment, payout or capital

structure theories to maintain or improve its credit rating.

In this essay I �nd that �rms that are near a rating downgrade invest

less than those �rms not near a downgrade. I propose that this empirical

�nding is the result of market segmentation e¤ects resulting from investor and

trading restrictions on corporate debt. While this conjecture may be true,

there are alternative explanations for why �rms undertake certain corporate

investment policies around rating changes.

First it is possible that my proxies for being close to a rating change

are correlated with �nancial distress or growth opportunities. With respect

to the former concern, distressed �rms may lower investment to avoid bank-

ruptcy. With respect to the latter concern, �rms with poor growth opportu-

nities should according to the Q theory of investment, have lower investment

outlays. The bond yield-based dummies may be correlated with �nancial dis-

tress and growth opportunities as high bond yields could re�ect the market�s

perception of either phenomenon. I attempt to isolate this possibility by in-

cluding additional controls for �nancial distress and growth opportunities, ac-

tual corporate bond yield spreads, time, �rm and industry �xed e¤ects.

Since credit ratings are unequivocally negatively related to �nancial dis-

tress risk, Plus-Minus dummies may re�ect varying levels of �nancial distress

risk. Take the following example: assume that �nancial distress is monoton-

ically decreasing in a �rm�s credit rating and �nancial distress is negatively

correlated with investment. In this situation, the investment rates of the Mi-
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nus group should clearly be lower than that of the Neutral group, since Minus

�rms are on average more distressed. I consider this possibility by comparing

investment rates of Minus �rms with that of the corresponding group of Neu-

tral �rms of the broad rating that is just below. Rather than only comparing

AA- �rms to AA �rms, I instead compare AA- �rms to A �rms. If investment

opportunities are correlated with credit ratings, this test would address this

concern as well. It is also unlikely that rating agencies systematically place

low investment spending �rms in Minus credit rated groups, as documentation

gives no indication of any behavior of this kind (S&P (2006)).

While credit ratings could a¤ect a �rm�s ability to issue debt, it is un-

likely to have a discernible e¤ect on equity issuance. There are however several

reasons why equity issuance may not always be a viable option for �rms as a

source of external �nancing. First, equity issuance is relatively more expen-

sive and time consuming capital market transaction when compared to debt

issuance. Empirically, equity issuance is lumpy and �rms may be unwilling to

access equity market to fund a single investment project. Second, �rms may

face adverse selection when transacting in equity markets. Those �rms that

simultaneously face adverse selection and credit rating concerns should have

the greatest reduction in investment.

Information e¤ects associated with credit rating changes may also drive

�rms to reduce investment when near a rating downgrade. I attempt to isolate

this possible explanation by testing whether credit rating-related capital in-

vestment concerns are stronger for those �rms that have recently experienced
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a rating change. Those �rms that have recently been upgraded or downgrade

have already been investigated by rating agencies. Thus the threat of a sub-

sequent investigation is less credible given the periodic nature of the rating

revision process. Additionally, further investigations by the rating agencies

after a rating change may not reveal any incrementally new information, if a

�rm�s situation has changed little from last period to this period I test for the

presence of information e¤ects in Table 3.7.

3.3 Data and Methodology

3.3.1 Sample Construction

The initial sample consists of all �rms that are listed on the Compustat Quar-

terly �les between the years 1986 and 2005.23 I use quarterly data primarily to

obtain the most up to date measures of �rm characteristics and credit ratings.

Consistent with previous studies of corporate investment, I restrict the sample

to exclude utility and �nancial �rms with SIC codes between 4000-4999 and

6000-6999, respectively, as those �rms are regulated and thus may have �nan-

cial and investment policy restrictions. Also, I exclude �rm-quarters without

prior quarter �rm level data on beginning of period assets, debt, ebitda and

book equity.24 I further restrict the sample to exclude �rm-quarters with miss-

ing prior quarter Standard & Poor�s Long-Term Domestic Issuer Credit Rating

(Compustat Quarterly Item SPDRC). This credit rating represents the highest

23Compustat began including credit ratings in the �rst quarter of 1986.
24Firm-quarters that have the following missing Compustat data items are excluded: 21,

44 and 54.
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rating a �rm has on its long-term debt and is a numerical score between 2 and

29, with 2 representing �rms bestowed with Standard & Poor�s highest credit

rating, AAA. S&P designates long-term debt as having those debt issues that

have a maturity of greater than one year. Additionally, I exclude �rms with

credit ratings below CCC- (SPDRC > 22) as these �rms may have di¤erent

investment and �nancial considerations due to high levels of �nancial distress.

Variable de�nitions are as follows. I de�ne investment INV/A as capital

expenditures (Item 90).25 Book debt D is de�ned as total liabilities (Item 54)

and preferred stock (Item 55, replaced by the redemption value of preferred

stock (Item 71) when missing) minus deferred taxes (Item 52). Book equity

E is total assets (Item 44) minus book debt. Market equity E* is common

shares outstanding (Item 61) multiplied by end of quarter share price (Item

14). Book leverage D/A is then de�ned as book debt divided by total assets. I

drop observations where D/A is less than zero or exceeds one. Pro�tability is

measured by EBITDA/A which is earnings before interest, taxes, depreciation

and amortization (Item 21).

SIZE is the logarithm of total assets (Item 44) in millions of 2000 dol-

lars. Asset tangibility PPE/A is de�ned as net property, plant and equipment

(Item 42) and CASH/A is cash and short-term investments (Item 36). DIV/A

is common dividends (Item 20). I drop observations where D/A is less than

zero or exceeds one. RND/A is research and development expense (Item 46)

25Capital expenditures is reported year to date and therefore a correction needs to be
made to obtain quarterly �gures for investment. For example, the capital expenditures for
General Electric in the four quarters of 2002 are reported as 3,455, 5,652, 8,314 and 13,351
MM.
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and captures investment outlays related to longer term projects. RND/A is

set to zero when Item 46 is missing. Tobin�s Q is the sum of market equity

and book debt divided by total assets.26 The variables INV/A, EBITDA/A,

PPE/A, CASH/A, DIV/A and RND/A are scaled by total assets. The re-

sulting sample includes 2,193 �rms and 51,055 �rm-quarters of data.

3.3.2 Credit Rating De�nitions

Credit ratings consist of two components: a broad rating made up of a collec-

tion of 3 letters and a micro rating that takes on the values of+;� and neutral.

For example, BBB- and AA have corresponding broad ratings BBB and AA

and micro ratings � and neutral. The broad ratings designated by S&P in

descending order of credit worthiness are: AAA, AA, A, BBB, BB, B, CCC,

CC and D (The broad ratings AAA and D do not have +;� micro ratings

associated with them). Firms that have credit ratings that are BBB- or above

are considered investment grade, those that are below BBB- are speculative or

junk grade and those with the designation D are for �rms that are in technical

default. Based on S&P�s classi�cation scheme, I de�ne two ex-ante measures

of a �rm�s proximity to a rating change. I de�ne CRMinus as a dummy variable

that takes on the value of 1 if the micro rating at the beginning of the period

is � and 0 otherwise. Likewise CRPlus takes on the value of 1 for + beginning

of the period micro rating and is 0 otherwise. If + and � micro rating capture
26Research and development expense (Item (46)) is often amortized and thus the annual

�gure is reported at the end of the �scal year, with no break down for each quarter. In these
few cases I assume that R&D expense is equally divided across all four quarters in a given
�scal year.
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variation in credit quality within broad ratings, then Minus �rms would be

near a broad rating downgrade and Plus �rms would be close to an upgrade.

Cutting investment may be more pronounced for �rms that are about to

be downgraded to speculative grade status or upgraded to investment grade

status. Firms with investment grade debt have a credit rating of BBB- or

higher. I control for e¤ects related to �rms that are near the junk/investment

grade partition by de�ning Inv/Spec Dummy as a dummy variable that takes

on the value of 1 if the �rm has a beginning of period credit rating that is

either BBB-, BB+ or BB, and is 0 otherwise.

I employ a second measure to capture credit quality variation within

each credit rating group (i.e. for each broad and micro rating combination). I

obtain corporate bond yields from the Lehman Brothers Fixed Income Data-

base (FIDB)27 for the period January 1986 to December 1997. Consistent with

other empirical studies that use FIDB, I use only yields from actual traded

quotes, as matrix quotes constructed by interpolating bond prices may be in-

accurate. Additionally, I exclude those bonds that have prices that are less

than 90% of par. I subtract from each yield the corresponding US Treasury

with the same maturity.28 The yield spread is the median yield spread over

US Treasury of a �rm�s bonds during a given �scal quarter. Similar to Kliger

and Sarig (2000), I separate �rms by yield spread and credit rating. CRHigh

is a dummy variable that takes the value of 1 if a �rm�s average yield spread

27For a detailed description of FDIB see Warga (1997).
28When a US treasury with the same maturity doesn�t exist, I intrapolate between US

treasury yields using the 1, 5, 10, 20 and 30 year notes.
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is in the lowest quartile for a given credit rating, and is set to 0 otherwise.

Similarly, CRLow takes on the value of 1 if a �rm�s average yield spread is

in the highest quartile and is set to 0 otherwise.29 Firms with average bond

yields that are in the interquartile range are considered medium credit quality

with respect to their credit rating group. CRHigh and CRLow capture a �rm�s

nearness to a credit rating upgrade and downgrade respectively as yields are

a measure of credit quality. In addition, I de�ne yield spread2 as the square of

the bond yield spread to capture nonlinear e¤ects that variation in corporate

bond yield spreads could have on investment.

Table 3.1 provides some descriptive statistics of the variables used in

this study. All variables except SIZE and Tobin�s Q are in percentage terms.

Table 3.1 Panel A shows how �rm characteristics vary by Plus, Minus and

Neutral groups. Neutral �rms relative to their Plus and Minus counterparts

are larger, slightly more pro�table and have lower cash balances. Neutral

�rms have higher investment opportunities as proxied by Tobin�s Q. Neutral

�rms are also slightly more numerous, representing approximately 36.6% of

the aggregate sample. In terms of uses of cash, Neutral �rms invest more than

Minus �rms, invest slightly less than Plus �rms and spend more on research

and development expense than both Minus and Plus �rms. Minus �rms in-

vest 7 basis points less (relative to assets) than Neutral �rms, which re�ects

approximately a 4% reduction. When compared to Plus �rms the di¤erences

are slightly larger.

29Results are similar when rating dummies are assigned using 33% and 66% cut-o¤s.
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Table 3.1 Panel B provides complementary evidence on a subsample

of �rms that have yield data. In terms of yield spreads, those �rms in the

medium credit quality group have average yields of 2.37%, 1.90% less than

the high yield spread group and .99% more than the low yield spread group.

There are several patterns that emerge from sorting by yield spread within

credit rating. The low credit quality group (high yield �rms) in the 1st row of

Table 3.1 Panel B is composed of smaller, less pro�table �rms that have less

growth opportunities than their medium and high credit quality counterparts.

Low quality �rms invest less and spend less on research and development than

both medium and high quality �rms. On average, low quality �rms invest

1.80% of assets which is 11% than the average �rm with bond yields in the

sample (2.03%).

Figure 3.1 displays average investment rates by S&P credit rating,

where the shaded bars represent �rms that have a Minus designation. There

are several patterns that emerge from this �rst look at the data. First, invest-

ment does not systematically seem to change as credit quality improves over

the range of ratings between B- and AAA, but those �rms that are �nancially

distressed and have ratings that are B- or lower have somewhat lower invest-

ment rates. Second, Minus �rms seem to be investing less than �rms from

neighboring credit ratings (e.g. the BB- group�s investment is less than the

B+ and BB group�s investment). This �nding holds for CCC-, B-, BB- and

BBB- �rms. A- �rms seem to be investing more than A �rms but less than

BBB+ �rms, while AA- �rms seem to be investing less than AA �rms but
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more than A+ �rms. In the next section I will consider more carefully in an

econometric framework whether Minus �rms invest less than their Plus and

Neutral counterparts.

The evidence presented in the rest of essay rests on the assumption

that the various credit rating dummies used to partition the data re�ect rela-

tive proximity to rating changes. Table 3.2 presents supplementary evidence

by demonstrating the likelihood of a �rm to be downgraded is higher for

those �rms that are designated to be near a downgrade (CRMinus and CRLow)

and likewise for �rms that are presumed to be near an upgrade (CRPlus and

CRHigh). In considering broad rating changes (i.e. three letter changes such

as BBB to A- or CCC+ to B) within the sample there are 990 (1.94% of total

sample) downgrades and 535 (1.05%) upgrades.30

Of those �rms that received downgrades, 63.5% of �rms were Minus

in the previous period, while only 21.0% and 15.6% were Neutral and Plus

respectively. Conversely, of those �rms that received broad rating upgrades,

79.1% of �rms were Plus in the previous period, while only 16.7% and 4.2%

were Neutral and Minus respectively. Z-scores re�ect test statistics from a

binomial ratio test determining whether the probability of a downgrade or

an upgrade conditioning on a �rm�s Plus-Neutral-Minus group is signi�cantly

di¤erent from the unconditional probability of a given rating change. Minus

�rms are about four times as likely to experience broad downgrade than both

Neutral and Plus �rms. Similarly, Plus �rms are �ve times as likely to expe-

30The actual number is likely to be higher as �rms that are downgraded to a rating lower
than CCC- are not included. This however, does not systematically bias the results.
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rience a broad upgrade than Neutral �rms and many times more likely than

Minus �rms. Di¤erences con�rm statistically the tendency for Minus �rms to

disproportionately experience broad rating downgrades and Plus �rms to re-

ceive upgrades. The stronger results for upgrades could be due to the nature

of credit rating revision process. These results suggest that multiple notch

rating changes are more likely for �rms that are downgraded than those that

are upgraded.

In terms of micro rating changes (i.e. one step changes such as AA-

to AA or AA+ to AA) there are 1,947 (3.81% of total sample) credit rating

downgrades and 1,201 (2.35%) upgrades. On average, one in four �rms will

experience a rating change over the course of a year. When considering only

those �rms with corporate bond speci�c information these numbers fall to

359 downgrades and 271 upgrades. Of those �rms that experience a credit

rating downgrade and have corporate bond yield information, 52.4% had high

bond yield spreads (CRLow = 1), while 28.4% had medium bond yields and

19.2% had low bond yields. In terms of �rms that have experienced a credit

upgrade and have corporate bond yield information, 55.7% had low bond yields

(CRHigh = 1) compared to 25.1% and 19.2% for medium and high quality �rms

respectively. Again, test statistics con�rm signi�cant di¤erences in downgrade

and upgrade likelihood conditioning on bond yield group.

One of the assumptions made earlier when considering the Plus-Minus

structure as an indicator of proximity to a rating change was that broad rating

changes are more meaningful than within broad rating changes. In other
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words, a downgrade from AA- to A+ represents a larger drop in �nancing

costs than a downgrade from AA to AA-. I evaluate this hypothesis directly

using bond yield spreads as a proxy for the cost of debt �nancing. Table 3.3

Panel A displays bond yield spreads by credit rating. Consistent with previous

studies, there is a near monotonic relation between credit ratings and bond

yield spreads: higher ratings are associated with lower bond yield spreads.

Additionally, the yield spread di¤erences between adjacent credit ratings is

larger as credit quality worsens. Speci�cally, CCC+,CCC and CCC- �rms

have much higher yield spreads then the B- group.

Table 3.3 Panel B considers di¤erences in bond yields for neighboring

credit rating groups. I exclude from the analysis rating group AAA since for

this broad rating group there is no Plus-Minus designation and CCC+, CCC

and CCC- �rms as the bond yields of these �rms are substantially higher than

the rest of the sample. I compare bond yields from each micro rating {Minus,

Neutral and Plus} with bond yields from �rms that have di¤erent, but similar

credit ratings. More speci�cally, I calculate the mean of the following variable:

Y S(X) � Y SR (7)

where Y S(X) represent yield spreads for either Minus, Neutral or Plus

�rms and Y SR is the mean yield spread for �rms of another credit rating

group R. This variable is meant to capture the di¤erence in yield spreads for

�rms relative to the �rms that have adjacent ratings. For example, a �rm

whose rating is A-, would be compared to the mean yield spread in rating
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BBB+ (lower) and A (higher), while B+ would be compared �rms in rating B

(lower) and BB- (higher). The left hand side demeans each observation by the

mean of the credit rating just below, while the right hand side demeans each

observation by the mean of the credit rating just above. Z-scores are adjusted

by accounting for error clustering by �rm.

When considering demeaning by a lower credit rating, the di¤erences

in yield spreads between Minus and Plus �rms (52.2 basis points) are 11%

bigger than the di¤erences between Plus and Neutral �rms (46.9 b.p.) and 22%

bigger than the di¤erences between Neutral and Minus �rms (42.6 b.p.) When

considering demeaning by higher credit rating, the yield spread di¤erences

between Minus and Plus �rms (47.7 b.p.) is 129% larger than di¤erences

between Plus and Neutral �rms (20.5 b.p.) and 20% larger than di¤erences

between Neutral and Minus �rms (39.4 b.p.). Additionally, between broad

rating yield spread di¤erences (Plus-Minus) are signi�cantly larger than within

broad rating yield spread di¤erences (Minus-Neutral or Neutral-Plus) in three

of the four cases. These results suggest that a one-step broad rating change

leads to larger change in the cost of debt �nancing when compared to a one-

step rating change that does not involve changing broad ratings.

3.4 Empirical Results

3.4.1 Does Investment Depend on Proximity to a Rating Change?

The major �nding of this essay is illustrated in Table 3.4. Previously, I val-

idated the ability of the various credit rating dummies CRPlus, CRMinus,
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CRHigh and CRLow to capture proximity to rating changes. Using an un-

balanced panel data set constructed from credit rated �rms, I test whether

these credit rating dummies are able to explain some of the variation in levels

of investments. I will use this exercise to provide evidence that �rms undertake

di¤erent investment policies to avoid adverse changes in their credit rating.

Methodologically, I apply a similar technique as Table 3.3, except using

investment rates instead of bond yields. More speci�cally, I calculate the mean

of the following variable:

INV=A(X) � Inv=AR (8)

where INV=A(X) represent investment for �rms for whichCRMinus = 1; CRPlus =

1; CRLow = 1 or CRHigh = 1 and Inv=AR is the mean investment rate for �rms

of another credit rating group B. This variable is meant to capture the di¤er-

ence in investment rates for �rms that are near a credit rating change relative

to the �rms that have adjacent ratings. For example, a �rm whose rating is

A-, would be compared to the mean rating in groups BBB, BBB+, A and A+.

A low quality �rm whose rating is A- would be compared to �rms that are

medium and high in both the A- and BBB+ rating groups.

Table 3.4 Panel A shows results for comparisons between Minus and

Plus �rms and their respective benchmarks. The left hand side of Table 3.4

Panel A is organized as follow: Columns (1) and (2) reports average Minus

�rm�s investment using the mean investment rate in the nearest lower Plus and
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Neutral (neither Plus nor Minus) credit rating group as a benchmark respec-

tively. Likewise, Columns (3) and (4) display average Plus �rm�s investment

using as a benchmark the mean investment rate in the nearest lower Neu-

tral and Minus credit rating group. The right hand side panel is structured

similarly to the left hand side except uses mean investment rates from higher

adjactent ratings as benchmarks instead of lower adjacent ratings. Z-scores

are corrected to account for error clustering by �rm.

Two interesting patterns emerge. First, Minus �rms appear to be in-

vesting signi�cantly less than their Neutral and Plus counterparts regardless

if the benchmark group is from a higher credit rating or a lower credit rating.

The following interpretation applies: a movement from Neutral to Minus trans-

lates to a 4.1%-6.2% decrease in investment for the average �rm (coe¢ cient on

CRMinus for Columns (2) and (6) divided by sample average INV=A, 1.75%).

When comparing Plus �rms to Minus �rms, Minus �rms invest 4.9%-6.0% less

than Plus �rms. The di¤erences between Minus �rms and Neutral or Plus

�rms is both large and economically signi�cant. Plus �rms however do not

appear to be investing less than Neutral �rms, where the di¤erence is nearly

zero when using a lower Neutral benchmark and is positive but insigni�cant

when using a higher Neutral benchmark.

The results from Table 3.4 Panel A persist regardless of whether Minus

�rms are compared to both lower and higher adjacent credit rating groups

If reductions in investment when �rms are near a downgrade are driven by

�nancial distress concerns, then Minus �rms would invest less simply due to
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the fact that they face more distress on average than their Neutral and Plus

counterparts. I however �nd that this is not the case, as Minus �rms invest

even less than Plus and Neutral �rms from the adjacent lower three letter

rating group! A similar argument can be made for investment opportunities:

if credit ratings were picking up investment opportunities, then investment

rates would be monotonic across rating groups which is clearly not the case.

Table 3.4 Panel B shows results for comparisons between CRLow = 1

CRHigh = 1 and �rms and their respective benchmarks in a similar fashion as

Table 3.4 Panel A: Columns (1) and (2) compare low �rms using the bench-

mark as the mean investment rate in the nearest lower high andmedium credit

rating group, Columns (3) and (4) use high �rms using the mean investment

rate in the nearest lower medium and low credit rating group respectively.

When drawing comparisons between �rms near a speci�c rating group (i.e.

CCC+ or A-) based on bond yield speads the di¤erences are even larger. Low

�rms that are close to a downgrade or are in the highest quartile of bond yields

invest 9.8-10.4% less than medium �rms and 10.4-12.6% less than high �rms.

High �rms appear to be investing slightly more than Medium �rms, but this

di¤erence is only mildly signi�cant at the 10% level when using a lower rating

benchmark.

While Table 3.4 con�rms the main result in a univariate setting, I now

attempt to control for additional factors that may in�uence investment. Table
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3.5 considers regressions of the following form:

INV=At = �+ �1CRMinus;t�1 + �2CRPlus;t�1 + �3SIZEt�1 + �4D=At�1

+�5Qt�1 + �6EBITDA=At�1 + �7PPE=At�1 + �8CASH=At�1(9)

+�9R&D=At�1 + �10Inv=Spec Dummyt�1 + "t

which control for a host of �rm characteristics that are potentially correlated

with investment. Investment exhibits predictable variation across time peri-

ods, �rms and industries. Investment is procyclical, as peaks in the business

cycle correspond to greater capital expenditure outlays relative to troughs.

Additionally, �rms may stage their investment projects, planning for several

periods in the future. Thus, investment may experience serial correlation. In-

vestment rates also vary across industries, as capital intensive industries will

most likely invest more than more labor intensive industries. To account for

these dependences, I use time (quarter), �rm, industry (2 digit SIC code) �xed

e¤ects unless otherwise mentioned.

Table 3.5 con�rms the statistically strong e¤ects of being close to a rat-

ing downgrade on investment. The coe¢ cient on Minus dummy in Columns

(1) and (2) re�ect a 2.6%-5.1% decrease in investment for the average �rm

relative to �rms without a Plus or a Minus which is statistically signi�cant at

the 5% level. In Column (3), I account for the possibility that the credit rating

dummies are picking up some of the cross-sectional variation in credit quality;

i.e. it is possible that Minus �rms are clustered in lower credit rating groups
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that naturally invest less due to greater �nancial distress. I demean each vari-

able (with the exception of the Inv=SpecDummy, CRPlus and CRMinus) by

the three letter broad rating mean. I exclude AAA �rms as this speci�c broad

rating group does not have a Plus-Minus structure. Compared to the bench-

mark OLS regression (Column (2)), the e¤ect of being close to a downgrade

on investment is much stronger after controlling for the variation across broad

rating. Column (4) explicitly corrects for serial correlation using Newey-West

standard errors for 4 lags and has time and industries �xed e¤ects, but does

not include �rm �xed e¤ects. I use 4 lags in my analysis which takes into

account seasonality in investment and dependence of investment over time.31

When �rm �xed e¤ects are excluded as in Column (4), the e¤ect of being near

a downgrade as measured by CRMinus is roughly twice as strong indicating the

strength of this relation in both the time series and the cross-section. There is

a marked absence of an e¤ect for CRPlus, which is insigni�cant in three of the

models and in Column (3) is positive but only signi�cant at the 10% level.

Consistent with previous literature, investment is negatively related

to size and leverage and positively related to Tobin�s Q, pro�tability, asset

tangibility and cash. The sign on R&D=A is negative, potentially indicating

substitution of research and development expense for capital expenditures.

Inv=SpecDummy and PPE=A do not have a meaningful e¤ect on invest-

ment when �rm �xed e¤ects are included. R2 are generally large signifying a

reasonably good �t.

31Results are similar using 8 and 12 lag structure in calculating the Newey-West standard
errors.
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Next, I consider whether within credit rating variation in credit quality

has an e¤ect on investment using information from market-based bond yield

spreads. Table 3.6 considers regressions of the following form:

INV=At = �+ �1CRLow;t�1 + �2CRHigh;t�1 + �3SIZEt�1 + �4D=At�1

+�5Qt�1 + �6EBITDA=At�1 + �7PPE=At�1 + �8CASH=At�1(10)

+�9R&D=At�1 + �10Y ield+ �11Y ield
2 + "t

where I have also included Y ield and Y ield2 to account for linear and nonlinear

e¤ects of bond yields on investment rates. These yield variables should capture

variation in investment opportunities and �nancial distress not picked up by

other controls, enabling CRHigh and CRLow to address variation in credit

quality within each rating group. Due to relatively few years of both bond

yields and credit ratings, the panel dataset for the yield-based tests is highly

unbalanced. 30% of the �rms used in this analysis have four quarters or less

of data. Thus, instead of including �rm �xed e¤ects I cluster errors by �rm to

account for �rm speci�c e¤ects of investment.

A �rm that is in the highest quartile of bond yields for a given credit

rating and �nancial quarter translates to 7.0% to 8.6% less in investment

relative to those �rms that are within the interquartile range. The average

investment rate for this subset of �rms (2.02%) is higher than that of the

larger sample as those �rms that have corporate yield data are more likely to

be larger �rms that in turn invest less. Similar to Table 3.5 Column (3), I
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demean each of the variables by the sample mean of each variable for every

credit rating to control for the clustering of poor credit quality �rms in lower

credit rating groups. Again this e¤ect is slightly stronger after controlling for

broad rating e¤ects (Column (3)) In Column (4) I construct standard errors

based on Newey-West instead of clustering errors by �rm, and the standard

errors in the regression are slightly reduced.

Y ield Spread has a slight negative e¤ect on predicting investment, but

the nonlinear term Y ield Spread2 does not seem to add any additional ex-

planatory power. While the estimates on CRLow are strongly negative and

signi�cant across all regression methodologies, the estimates on CRHigh are

insigni�cant for all regressions. For this subsample, the e¤ect of leverage and

R&D predicting investment seems to switch signs (leverage and R&D posi-

tively related to investment) and become insigni�cant.

The results presented in Table 3.4, Table 3.5 and Table 3.6 are consis-

tent with the hypothesis that �rms conserve �nancial resources when near a

rating downgrade. There is a lack of an e¤ect when �rms are near an upgrade.

Furthermore, my �ndings support the inference that both the broad rating

and individual credit rating group matter for �rms as I �nd symmetric e¤ects

for investment whether I use CRMinus or CRLow.
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3.4.2 Do Certain Types of Firms Face Greater Credit Rating In-

duced Investment Frictions?

The results in the previous section indicate that �rms take certain corporate

actions when near a negative rating change. In this section I analyze the types

of �rms that have a greater need to reduce investment when near a credit

rating downgrade. I motivate this section with a particular observation: �rms

that have the ability to fund their investment projects with equity or internal

�nancing will not necessarily experience credit rating induced reductions in

investment when a �rm is near a rating downgrade. The previous tables may

understate the fundamental result if �rms that can freely �nance their projects

with alternative sources of capital are included in the regression.

My proxies for dependence on debt capital are the following. First,

�rms that face greater �nancial constraints may have insu¢ cient internal cap-

ital to fund their investment projects and will instead rely heavily on external

capital to fund investment. My measure for �nancial constraints is the KZ

index taken from Kaplan and Zingales (1997). Second, �rms that face adverse

selection in equity markets (Myers and Majluf (1984)) will experience greater

costs when issuing equity. My measure of adverse selection is equity return

volatility calculated based on daily returns over the previous calendar year.

Third, there may be an unobserved dependence for certain �rms on debt cap-

ital. Thus, certain �rms may rely more on debt capital and are more active

in debt markets. My measure of activeness in debt markets d=At�1 is the past

�scal year�s long-term debt issuance (Item 86) scaled by assets. Gross debt
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issues are more appropriate in this situation than net debt issues as I am in-

terested in learning how often the �rm access debt markets debt markets. I

exclude short term borrowing to better capture the amount of debt that a �rm

issues in the bond market (which are more likely to have a duration of greater

than one year). This variable is highly persistent through time, as the corre-

lation between d=At�1 and d=At is 50.4% and is highly signi�cant (p-value <

.0001). Thus, past debt issuing activity is a good proxy for future debt issuing

activity.

In Table 3.7, I split the sample into quintiles based on the aforemen-

tioned measures and test whether the coe¢ cients in the top and bottom quin-

tiles are signi�cantly di¤erent from each other. Methodologically, my approach

is similar to Baker, Stein and Wurgler (2003) who test whether the relation

between investment and stock returns is di¤erent across �nancial constraint

regimes using a "synthetic" KZ index. I estimate the KZ index using the

following equation:

KZ = �1:002EBITDA=At�1 � 39:368DIV=At�1 (11)

�1:315CASH=At�1 + 3:139D=At + 0:283Qt

Higher values of the KZ index indicate greater �nancial constraints as

these �rms are likely to have high leverage and growth opportunities and low

cash balances, dividend yields and cash �ow. Here I focus my attention solely

on proximity to a broad rating change using Plus and Minus dummies as the
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sample size is larger. Methodologically I seperate �rms into �ve groups and

estimate the regression in Equation (3) which is analogous to the multivariate

OLS regression in Table 3.5 Column (2) without �rm, industry or time �xed

e¤ects as I am more interested in the spread between the coe¢ cients rather

than the coe¢ cient estimates themselves. I estimate all �ve quintile regressions

simultaneously and cluster errors by �rm.

Table 3.7 Panel A presents sub-sample results establishing how the sen-

sitivity of investment to proximity to a rating change is a¤ected by the various

measures related to ability to access capital markets. The �rst row displays re-

sults splitting �rms into quintiles by KZ index, where higher quintiles represent

�rms that face greater �nancial distress. Firms in the top quintile exhibit a

signi�cant 20 b.p. reduction in investment when near a downgrade, while those

in the bottom quintile have an insigni�cant 1 basis point additional in invest-

ment. Going from the bottom quintile to the top there is monotonic relation

between �nancial constraints and the likelihood of a reduction in investment

when near a downgrade. For those �rms in the top KZ quintile relative to

the bottom KZ quintile, there is also signi�cant di¤erences in reduction in

investments when �rms are near an upgrade.

In the second row I split �rms into quintiles based on return volatility

and again those �rms that face greater adverse selection have greater sensi-

tivities of investment when near both downgrades and upgrades. The third

row splits on d=At�1 and the coe¢ cients increase from an insigni�cant 1 b.p.

reduction in investment for the bottom quintile to a statistically signi�cant 28
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b.p. reduction in investment for the top quintile. Together, these results pro-

vide evidence suggesting that credit rating induced investment frictions when

near a rating downgrade are exacerbated when �rms cannot issue equity or

are highly dependent on debt �nancing.

Next, I test for information e¤ects associated with negative rating

changes. When a rating change occurs, material information regarding a �rm�s

credit quality may be revealed by the rating agency as a result of the rating

revision process. A �rm that has recently experienced a rating change is less

likely to fear a subsequent rating change if rating investigations are periodic

or subsequent rating investigations fail to reveal any incrementally new infor-

mation as a �rm�s �nancial position may have not changed substantially over

a short period of time.. If �rms were reducing investment to avoid a poten-

tially costly rating investigation that could lead to a negative rating revision,

I would expect larger cuts in investment when near a downgrade for �rms

that have not recently experienced a rating change. On the other hand, if

�rms were reducing investment due to investor and trading restrictions which

a¤ect capital market access I would expect no relation between reductions in

investment when near a rating change and time after a rating change.

In Table 3.7 Panel B I seperate �rms according to whether or not

they have recently experienced a rating change. I drop �rm-quarters that

have experienced a rating change and then subsequently experience another

rating change. The �rst column in Table 3.7 Panel B considers �rms that have

experienced a rating change approximately six months ago (2 quarters) and
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the coe¢ cient on CRMinus is negative and sign�cant at the 5% level. When

considering those �rms that have experienced a rating change six to twelve

months ago the CRMinus coe¢ cient is approximately half as large. For those

�rms that have not experienced a rating change in the past two years the e¤ect

of credit rating concerns on investment completely vanishes and the sign on

CRMinus reverses.

These results suggest that information e¤ects are not driving the need

to reduce investment when near a downgrade. However, they are not com-

pletely compatible with the investor and trading restriction explanation for

the importance of credit rating as there is a sizeable trend in CRMinus. It

is possible that following a broad rating change, there is a sharp decline in

a �rm�s ability to access debt markets leading to a decrease in investment.

Eventually the �rm is able to return to a normal level of capital investment

by either issuing equity or plowing back more internal cash �ow to pay for

investments. This explanation would be consistent with the empirical results

in Table 3.7 Panel B as well as the use of greater equity �nance when �rms

are near a downgrade as identi�ed by Kisgen (2006).

3.4.3 Does Proximity to a Rating Change A¤ect Cash Balances,

R&D Expense and Dividends?

While the results in the previous two sections highlight the importance of credit

rating concerns in determining capital investment, it is possible that �rms take

other actions to prevent adverse rating changes. In this section I investigate
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whether other uses of cash such as dividend yield and research and development

expense as well as cash itself di¤ers across credit rating groups. Both dividends

and R&D are more long terms uses of cash that do not have a large, immediate

impact on near term cash �ows. Dividends changes are infrequent, are seldom

reduced and re�ect changes in long term pro�tability (Lintner (1956)). R&D

expense is related to long term investment projects, which compared to capital

expenditures are more risky and a¤ect long-term cash �ows. Additionally,

R&D is expensed and is listed as a charge against income from operations

on the income statement. If �rms are cutting investment when near a rating

downgrade, it is possible that they hold extra cash to prevent against cash

shortfalls that may trigger a rating change.

Table 3.8 considers regressions of the following form:

Yt = �+ �1CRMinus;t�1 + �2CRPlus;t�1 + �3SIZEt�1 + �4D=At�1

+�5Qt�1 + �6EBITDA=At�1 + �7PPE=At�1 + �8CASH=At�1(12)

+�9R&D=At�1 + �10Inv=Spec Dummyt�1 + "t

where Yt is either cashCASH=At, dividendDIV=At or R&D expenseRND=At.

Table 3.8 Column (1) presents evidence showing that �rms that are

near an downgrade seem to be holding slightly larger cash balances than those

�rms not near a rating change but the di¤erence is insigni�cant. When �rms
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are near an upgrade, they however seem to be holding larger cash balances

which seems inconsistent with the need to manage cash balances to obtain a

favorable rating change. It is possible that �rms that are near an upgrade

choose to use their cash more aggressively to pay for capital expenditures and

use less debt than those �rms that are not near a rating change consistent

with Kisgen (2006).

In terms of uses of cash, there are substantial di¤erences in dividends

paid and research and development expense when conditioning on a �rm�s

Plus-Minus group. Columns (2) and (3) presents results related to research

and development expense (Item 4). (In Column (3), I drop �rms that have

no research in development expense reported) While the results are similar for

capital expenditures around downgrades, �rms seem to be lowering research

and development expense near upgrades as well. The coe¢ cient on CRPlus

is signi�cantly negative in both regression, while the coe¢ cient on CRMinus

changes from marginally signi�cant when considering all �rms to strongly sig-

ni�cant when considering only those �rms that report nonzero R&D expense.

An 8.8 b.p. reduction reported on the coe¢ cient of CRMinus in Column (3)

represents a 10% reduction relative to the sample mean of 86 b.p. for those

�rms that report R&D expense. Columns (4) and (5) present results related

to dividends. Again there are strong results for reductions in investment when

near an upgrade as �rms pay 5 b.p. less in dividends relative to the whole

sample, and 2.4 b.p. less relative to those �rms that pay dividends. For those

�rms near a downgrade, there is a 1.9 b.p. drop relative to �rms not near a

81



rating change for the whole sample and a 2.8 b.p. drop relative to those �rms

that pay dividends. The results in this section corroborate the claim that �rms

take certain actions in addition to reducing investment around rating changes

to increase cash �ows and improve cash �ow adequacy.

3.4.4 Are Minus Firms Less Likely to Experience Downgrades?

This essay suggests that �rms that are near a credit rating downgrade reduce

investment to improve credit quality. As a result of selecting a less aggressive

capital expenditure policy, one may expect those �rms that face credit concerns

to have lower probabilities of default. In Table 3.9, I consider whether Minus

�rms experience lower probabilities of a downgrade (and potentially higher

probabilities of an upgrade) when compared to Plus and Neutral micro rating

groups as a result of their conservative investment decisions.

Table 3.9 provides information regarding proportion of �rm-quarter

downgrades and upgrades by individual credit rating. Table 3.9 Panel A

Columns (1), (2) and (3) present downgrade proportions, while Columns (4),

(5) and (6) display upgrade proportions. Column (1) displays the propor-

tion of �rm-quarters experiencing a rating downgrade, Columns (2) and (3)

give proportions of �rm-quarters experiencing single rating and multiple rating

downgrades. Columns (4), (5) and (6) are structured similarly for upgrades.

Higher credit experience less upgrades and downgrades than lower ratings.

Thus, higher ratings seem more stable. Since AAA is the highest rating, AAA,

AA+, AA and AA- �rms experience much lower proportions of upgrades than
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the rest of the rating groups. The same is true with respect to downgrades

for CCC-, CCC and CCC+ as those �rm-quarters that have ratings that are

below CCC- are not in the sample. On average a single rating upgrade is twice

as likely as a multiple rating upgrade and a single rating downgrade is three

times as likely as a multiple rating downgrade.

Table 3.9 Panel B aggregates rating changes by Plus, Minus and Neutral

group, where the �nal three rows present Z-scores of di¤erences in proportion

tests. As AAA, AA+, AA and AA- �rms experience lower proportions of up-

grades as a result of being those rating groups at the upper end of the rating

spectrum, I exclude these �rm-quarters from the upgrade percentages reported

in Table 3.9 Panel B. Similarly, I exclude CCC-, CCC and CCC+ �rm-quarters

from downgrade percentages reported in Table 3.9 Panel B. There are a cou-

ple of noteworthy �ndings. First, Plus �rms are more likely to be downgraded

than Neutral �rms. Minus �rms seem to experience ssigni�cantly higher prob-

abilities of a downgrade when compared to Neutral �rms, although this �nding

is con�ned to single-rating changes and reverses for multiple rating changes.

Minus �rms are less likely to experience a downgrade when compared to Plus

�rms when considering multiple rating downgrades. There is weak evidence

that Minus �rms have higher proportions of upgraded �rm-quarters when com-

pared to Neutral �rms. Overall, the evidence is inconclusive.
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3.5 Conclusion

In this study, I analyze how credit rating concerns in�uence capital invest-

ment policy. I �nd that �rms that are near a downgrade invest signi�cantly

less than those �rms not near a downgrade. There is no similar investment

e¤ect for �rms that are near an upgrade. These e¤ects are both economically

and statistically signi�cant, and persist in the presence of time, �rm and indus-

try �xed e¤ects. Moreover, these e¤ects are greatest for those �rms that issue

more long term debt, have high return volatility and face greater �nancial con-

straints. Consistent with reduction in investment to prevent an adverse rating

change, I document that �rms that are near a rating downgrade spend less on

research and development and pay lower dividends. These results suggest that

�rms take certain cash conserving actions to improve credit quality to prevent

adverse changes in their credit rating.

This essay has implications for how �rms design their real investment

policy. In a dynamic setting, �rms must consider how current investment

projects a¤ect their future cost of debt capital. Firms must manage their

credit rating which in the short run could lead to taking actions that favor

bondholders over equityholders. While the conventional view involves man-

agers acting in the interests of shareholders, rating agencies play an integral

role in representing the interest of bondholders.

While this essay and others highlight the economic relevance of credit

ratings in corporate decision making, it is not entirely clear from a security

design perspective, the current structure of credit ratings is optimal. Why
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do rating agencies report credit ratings instead of default probabilities? Why

not 10 or 50 ratings? On one hand, a �ner partition of the credit spectrum

would improve transparency by providing more information to bond market

participants. Additionally, as rating changes represent less meaningful changes

in default risk, more rating groups could possibly reduce the tendency for �rms

to take actions to in�uence their credit rating. On the other hand, more rating

groups could weaken rating agencies�role as stewards of debt capital as the

costs associated with downgrade are less meaningful. Could rating agencies

better protect bondholder�s interest by changing the number of rating groups?

Future research should shed some light on these subjects.
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Tables 
Table 2.1 

Descriptive Statistics of IPO Sample 
 
The sample consists of 984 venture-backed IPOs and 1,546 non-venture-backed IPOs that survived the selection criteria over the period October 1996 to 
December 2006. Panel A and B characteristics of the VC owners separating by the type of owner and number of IPOs a VC has completed over the sample 
period. Panel C lists the ten VCs that have ownership in the most IPOs during the sample period, Panel D describes the underwriters and Panel E compares 
venture backed IPOs with non-venture backed IPOs. Variable definitions are as follows. VC Type is the type of venture organization and takes on one of three 
values: private equity (PE), Inv/Merchant Bank Affiliate (IB) and traditional venture capitalist (VC). VC Age is the age of the VC at the time of the IPO in years, 
VC Funds Raised is the number of funds raised by the venture capitalists prior to the IPO, VC Pre-IPO Ownership is the percentage of the firm owned by the VC 
just before the IPO, Firm Age is the age of the firm in years and IPO Proceeds refers to the amount raised during the IPO process. Underwriter Reputation is a 
ranking between 1 (lowest) and 9 (highest) of underwriter reputation. Number of VCs refers to the number of identified venture capitalists per IPO with greater 
than 5% ownership. Price Revision is the % change from the midpoint of the filing range to the offer price, Gross Spread is the fees paid to underwriters as a 
percentage of proceeds and California Dummy takes the value of 1 if a firm is headquartered in California and 0 otherwise. High Tech takes the value of 1 if a 
firm is designated as being in a high technology industry and is 0 otherwise. VC Pre-IPO Ownership, Price Revision and Gross Spread are reported in 
percentages. 
 

Panel A: VC  Characteristics by Type

VC Type

Private Equity Firm (PE) 152 11.2 19.8 12.7 19.8 94.6
Inv/Merchant Bank Affiliate (IB) 50 23.8 14.4 11.6 14.4 96.9
Traditional Venture Capitalist (VC) 324 65.0 12.7 11.6 6.9 61.3

IPO Proceeds
(MM$)

VC Pre-IPO 
Ownership

Number 
of VCs

VC Funds 
Raised

% all IPO 
Stakes  VC Age
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Number of IPOs

1 187 7.4 9.6 3.0 15.3 75.75
2 97 7.7 11.2 3.6 18.7 71.54
3 67 8.0 11.0 5.5 14.1 92.56
4 26 4.1 11.7 5.0 10.9 65.57
5 30 6.0 9.9 4.7 15.7 64.50
6 18 4.3 14.6 10.5 14.7 71.42
7 15 4.2 11.8 5.9 15.1 77.89
8 9 2.9 15.1 8.1 19.5 69.97
9 6 2.1 15.6 7.5 13.3 46.83
10 9 3.6 16.8 11.9 12.5 54.48
>10 62 49.6 20.0 11.1 16.0 69.22

Panel C: Top 10 Most Active VCs

VC Name

JP Morgan Capital Partners 61 IB 17.4 12.3 16.6 95.24
Kleiner Perkins Caufield & Byers 52 VC 28.3 17.4 14.6 93.78
New Enterprise Associates 44 VC 24.1 13.7 14.3 63.05
Sequoia Capital 37 VC 28.5 20.8 13.7 121.98
Warburg Pincus 32 PE 29.9 11.5 47.9 84.79
Oak Investment Partners 31 PE 22.7 17.4 15.2 62.31
Sprout Capital 29 IB 33.1 14.0 16.8 63.03
Norwest Equity Partners 28 PE 39.2 13.3 15.3 63.54
Accel Partners 27 VC 17.4 11.7 13.5 65.71
Alta Partners 27 VC 6.2 15.6 12.0 58.54
Average 38 26.7 14.7 18.7 79.27

 VC Age

 VC Age IPO Proceeds
(MM$)

Panel B: VC Characteristics by Number of IPOs Completed

IPO Proceeds
(MM$)

Number of 
VCs

VC Pre-IPO 
Ownership

VC Funds 
Raised

VC Funds 
RaisedVC Type VC Pre-IPO 

Ownership
Number of 

IPOs

% all IPO 
Stakes
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Panel D: Underwriter Families

Underwriter Name Underwriter
Reputation

Credit Suisse First Boston 143 13.1 9.0 2.5 9.1 99.1
Banc of America 110 10.1 7.8 2.7 7.6 58.7
Goldman Sachs & Co 106 9.7 9.0 2.6 8.8 146.4
Morgan Stanley 105 9.6 9.0 2.5 6.0 126.7
JP Morgan Chase 92 8.4 8.4 2.7 7.9 63.3
Deutsche Bank 78 7.2 8.6 1.7 9.7 37.7
Merrill Lynch 70 6.4 9.0 2.5 9.8 110.3
Lehman Brothers 64 5.9 8.6 2.5 11.0 150.8
UBS Investment Bank 48 4.4 5.8 2.8 12.9 57.5
Citigroup 43 3.9 8.9 2.8 6.7 124.6
Cowen 36 3.3 5.6 3.2 7.6 47.1
Bear Stearns 35 3.2 8.0 2.5 8.5 85.2
Piper Jaffray Inc 27 2.5 4.3 3.2 8.4 51.0
CIBC 17 1.6 8.0 2.6 6.9 68.5
Prudential Securities Inc 14 1.3 6.5 2.1 8.2 48.2
Thomas Weisel Partners 12 1.1 8.0 3.1 9.1 48.7
WR Hambrecht 10 0.9 7.0 2.8 7.9 51.3
Friedman Billings Ramsey 8 0.7 5.0 1.9 11.3 56.9
Other 72 6.6 1.4 1.6 10.6 37.6

Panel E: Comparison Between VC-Backed and Non VC-Backed Samples

Variable VC-Backed Non VC-Backed               Difference       t -stat
Firm Age 8.23 18.84 -10.62 12.18
IPO Proceeds (MM$) 78.39 168.63 -90.24 5.35
Price Revision 7.66 0.09 7.57 6.67
Gross Spread 6.98 7.00 -0.02 0.46
California Dummy 0.41 0.17 0.24 13.51
HighTech 0.34 0.16 0.18 10.62
N 984 1,546

Number of 
IPOs 

% of all 
IPOs

IPO Proceeds
(MM$)

Firm AgeNumber of 
VCs per IPO
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Table 2.2 

Summary Statistics 
 
This table provides summary statistics for the main variables used in this study for the sample of IPOs over the period October 1998 to December 2006. Variable 
definitions are as follows. Ushare is the number of ties the VC syndicate has with the underwriter(s) divided by the total number of underwriters the VC syndicate 
has used in the two years prior to the IPO. Number of VCs is the number of identified venture capitalists with at least 5% economic ownership in the IPO firm. 
VC Age is the average age of the VC syndicate at the time of the IPO in years, VC Funds Raised is the average number of funds raised by the VC syndicate prior 
to the IPO, VC Pre-IPO Ownership is the aggregate percentage of the firm owned by the VC syndicate just prior to the IPO and Number of Past VC IPOs is the 
average number of IPOs the VC syndicate has owned in the two years prior to the IPO date. Late Stage Investor % is the number of private equity and 
inv/merchant bank affiliated VCs divided by the total number of VCs. Underwriter Reputation is a ranking between 1 (lowest) and 9 (highest) of underwriter 
reputation, Underwriter Market Share is the past two year underwriter’s market share of VC-backed IPOs and Number of Underwriters is the number of 
bookrunners. Firm Age is the age of the firm at the IPO date in years and IPO Proceeds refers to the amount raised during the IPO process.  Underpricing is the 
first day return of the IPO firm, Price Revision is the % change from the midpoint of the filing range to the offer price, Gross Spread is the fees paid to 
underwriters as a percentage of proceeds, Offer Cap/Assets is the offer price multiplied by the number of shares outstanding after the IPO divided by assets and 
MktCap/Assets is the market capitalization at the end of the first trading day divided by total assets. Ushare, VC Pre-IPO Ownership, Late Stage Investor %, ,Price 
Revision, Gross Spread, OfferCap/Assets and MktCap/Assets are expressed in percentages. 

Mean Median σ2 Min Max
VC Characteristics

Ushare 10.20 3.23 15.80 0.00 100.00
Number of VCs 2.74 3.00 1.44 1.00 8.00
VC Age 16.30 16.00 7.73 0.00 57.00
VC Funds Raised 8.11 7.00 6.14 0.00 43.00
VC Aggregate Pre-IPO Ownership 39.50 36.50 21.55 5.10 100.00
Number of Past VC IPOs 4.97 4.00 3.96 1.00 30.00

Underwriter Characteristics
Underwriter Reputation 8.03 9.00 1.56 1.00 9.00
Underwriter Market Share 4.09 2.87 3.72 0.00 18.26
Number of Underwriters 1.11 1.00 0.32 1.00 2.00

Issuer Characteristics
Firm Age 8.23 6.00 10.01 1.00 107.00
IPO Proceeds (MM$) 78.39 54.00 168.96 0.20 4,600.00
Price Revision 7.66 6.25 33.21 -57.14 220.00
Gross Spread 6.98 7.00 0.40 2.00 10.00
Offer Cap/Assets 3.07 2.84 1.81 0.04 14.67
Mkt Cap/Assets 4.91 3.44 4.87 0.04 44.13
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Table 2.3 
Correlation Between VC Characteristics 

 
This table presents a correlation matrix describing correlations between the various venture capital characteristics. Ushare is the number of ties the VC syndicate 
has with the underwriter(s) divided by the total number of underwriters the VC has used in the two years prior to the IPO. Number of VCs is the number of 
identified venture capitalists with at least 5% economic ownership in the IPO firm. VC Age is the average age of the VC syndicate at the time of the IPO in years, 
VC Funds Raised is the average number of funds raised by the VC syndicate prior to the IPO, VC Pre-IPO Ownership is the aggregate percentage of the firm 
owned by the VC syndicate just before the IPO and Number of Past VC IPOs is the average number of IPOs the VC syndicate has owned in the two years prior to 
the IPO date. p-values are in parenthesis. 
 

Ushare(i) 1
-

Number of VCs -0.031 1
(0.411) -

VC Age -0.086 0.042 1
(0.024) (0.185) -

VC Funds Raised 0.030 0.033 0.470 1
(0.423) (0.307) (<.001) -

VC Pre-IPO Ownership -0.024 0.446 0.104 0.147 1
(0.536) (<.001) (<.001) (<.001) -

Number of Past VC IPOs 0.092 0.102 0.255 0.212 0.034 1
(0.015) (0.001) (<.001) (<.001) (0.291) -

VC Pre-IPO 
Ownership

Number of Past VC 
IPOs

Ushare(i) Number of VCs VC Age VC Funds Raised
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Table 2.4 
Multivariate Model of IPO Underwriter Selection (McFadden’s Choice Model) 

 
Pr(Underwriter Selected) = Ushare + Underwriter Reputation + Underwriter Market Share + VC Underwriter Affiliation + 
Number of Underwriters + Firm Age + Ln (IPO Proceeds) + VC Age + VC Funds Raised + VC Pre-IPO Ownership + ε 

 
This table presents logit regression results of underwriter selection for the period October 1998 – December 2006. For each issue with an experienced venture 
capitalist owner, the issuer chooses from a set of 16 lead underwriters that contains the top-15 ranked IPO underwriters (based on IPO issues) from the previous 
two calendar years prior to the issue and a single underwriter that represents all other underwriters. The dependent variable is 1 if the potential underwriter is 
selected and 0 otherwise. There are issuer-specific and choice-specific independent variables. The issuer-specific variables are as follows: IPO Proceeds is the 
natural logarithm of the principal amount, expressed in millions of dollars; Issuer Age is the firm’s age at IPO; Number of Underwriters is the number of 
bookrunners involved in the issue. The choice-specific variables are: UShare is the number of times in the two years prior to the issue a given underwriter had been 
chosen to underwrite an IPO that any member of the VC syndicate had ownership divided by the total number of previously used underwriters. VC Age is the 
average VC syndicate member age, VC Funds Raised is the average number of funds that the VC syndicate members raised prior to the issue, VC Pre-IPO 
Ownership is the percentage of the pre-IPO firm owned by VCs, Underwriter Reputation is a ranking between 1 (lowest) and 9 (highest) of underwriter reputation, 
Underwriter Market Share is the past two years underwriter’s market share of VC-backed IPOs and VC Underwriter Affiliate is a dummy variable that takes the 
value of 1 if the VC is owned by the underwriter. Issuer-specific and VC-specific variables are not reported. Panels A and B show choice regression results 
predicting underwriter selection. Panel A is organized as follows. The first set of columns considers all underwriters, the second set of columns considers only 
IPOs underwritten between 1998 and 2000, the third set of columns considers only IPOs underwritten between 2001 and 2006 and the last set of columns considers 
only those underwriters that had been previously used by the VC syndicate. Panel B splits the sample according to number of past interactions between VCs and 
underwriters. The first, second, third and fourth set of columns considers cases in which the VCs have participated in 1-3, 4-8, 9-16 and more than 16 IPOs over 
the two years prior to the issue. Standard errors are clustered by firm. Panel C Column (1) considers a Fama-MacBeth logistic regression and Columns (2) – (4) 
consider the natural log of Ushare, a dummy variable if the underwriter is used most by the VC syndicate and value weighting by ownership, respectively.  Marginal 
effects and z-scores (in parenthesis) are reported. ***, **, * indicates marginal effects are significantly different than 0 at the 1%, 5%, and 10% level, respectively. 

Panel A: Full Sample, Division by Time Period and Previously Used Underwriters

Full Sample 1998-2000 2001-2006 Underwriters Used 
Previously 

df/dx z df/dx z df/dx z df/dx z
Ushare 0.103 *** (8.99) 0.099 *** (7.47) 0.101 *** (4.48) 0.109 *** (5.36)
Underwriter Reputation 0.009 *** (4.11) 0.012 *** (4.15) 0.004 (1.53) 0.007 (1.28)
Underwriter Market Share 0.185 *** (3.06) 0.202 ** (2.04) 0.207 ** (2.19) 0.251 ** (2.08)
VC Underwriter Affiliation 0.058 *** (4.30) 0.045 *** (2.87) 0.082 *** (3.25) 0.092 *** (3.89)
Number of Underwriters 0.037 *** (16.52) 0.031 *** (8.84) 0.049 *** (12.99) 0.067 *** (8.23)

N 11,072 7,888 3,184 3,955
Pseudo R2 0.04 0.05 0.05 0.04  
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Panel B: Division by Number of Past VC IPOs 

1-3 Past IPOs 4-8 Past IPOs 9-16 Past IPOs >16 Past IPOs
df/dx z df/dx z df/dx z df/dx z

Ushare 0.064 *** (3.63) 0.132 *** (4.32) 0.186 *** (4.94) 0.226 *** (5.87)
Underwriter Reputation 0.007 * (1.89) 0.003 (0.79) 0.011 *** (2.69) 0.015 *** (2.60)
Underwriter Market Share -0.125 (0.76) 0.402 *** (3.51) 0.039 (0.35) 0.095 (0.79)
VC Underwriter Affiliation 0.089 ** (2.20) 0.110 *** (2.68) 0.048 * (1.95) 0.023 (1.46)
Number of Underwriters 0.033 *** (5.28) 0.035 *** (9.53) 0.039 *** (9.78) 0.042 *** (9.40)

N 2,544 2,944 2,784 2,800
Pseudo R2 0.03 0.05 0.05 0.08  

Panel C: Fama-MacBeth and Alternative Ushare Measures

Fama-MacBeth Ln (Ushare+1) UMAX UVW
share

df/dx z df/dx z df/dx z df/dx z
Ushare 0.092 *** (4.71) 0.139 *** (9.38) 0.054 *** (5.88) 0.126 *** (9.04)
Underwriter Reputation 0.006 ** (1.86) 0.008 *** (4.11) 0.009 *** (4.38) 0.008 *** (4.17)
Underwriter Market Share 0.383 *** (2.44) 0.222 *** (3.14) 0.232 *** (3.25) 0.237 *** (3.35)
VC Underwriter Affiliation 0.096 *** (3.55) 0.060 *** (3.19) 0.060 *** (3.12) 0.063 *** (3.25)
Number of Underwriters 0.042 *** (14.40) 0.040 *** (16.29) 0.040 *** (16.34) 0.039 *** (15.87)

N 11,088 11,088 11,088 11,088
Pseudo R2 0.04 0.05 0.05 0.04

 

 
 

92



All Underwriters / IPOs Only Top 12 Underwriters IPOs with single 
Underwriter

IPOs with single Underwriter 
and Top 12 Underwriters

df/dx z df/dx z df/dx z df/dx z
Ushare(i)

i 0.059 *** (3.64) 0.062 *** (3.70) 0.059 *** (3.02) 0.064 *** (2.77)

N 706 658 560 517
Pseudo R2 0.04 0.05 0.05 0.05
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Table 2.5 
Multivariate Model of IPO Underwriter Selection (Multinomial Logit) 

 
Pr(Underwriter Selected) = Ushare + Number of Underwriters + Firm Age + Ln (IPO Proceeds) + VC Age + VC Funds 
Raised + VC Pre-IPO Ownership + ε 

 
This table presents logit regression results of underwriter selection for the period October 1998 – December 2006. For each issue with an experienced venture 
capitalist owner, the issuer chooses from a set of 12 lead underwriters that contains the top-12 ranked IPO underwriters (based on IPO issues) over the whole 
sample period and a single underwriter that represents all other underwriters. The dependent variable is 1 if the potential underwriter is selected and 0 otherwise. 
There are issuer-specific and choice-specific independent variables. The issuer-specific variables are as follows: IPO Proceeds is the natural logarithm of the 
principal amount, expressed in millions of dollars; Issuer Age is the firm’s age at IPO. VC Age is the average VC syndicate member age, VC Funds Raised is the 
average number of funds that the VC syndicate members raised prior to the issue, VC Pre-IPO Ownership is the percentage of the pre-IPO firm owned by VCs. 
The choice-specific variables are: UShare is the number of times in the two years prior to the issue a given underwriter had been chosen to underwrite an IPO that 
any member of the VC syndicate had ownership divided by the total number of previously used underwriters. Each regression also includes the following not 
reported issuer characteristics and VC characteristics. The first column presents regression results using all IPO observations and underwriters. The second 
column presents results for only those IPOs underwritten by a top 12 underwriter. The third column presents results excluding those IPOs where there are 
multiple bookrunners and the fourth column presents results excluding those IPOs where there are multiple bookrunners and are underwritten by an underwriter 
that is not a top 12 underwriter. Marginal effects and z-scores (in parenthesis) are reported. ***, **, * indicates marginal effects are significantly different than 0 
at the 1%, 5%, and 10% level, respectively. 
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Selection Equation
Pr(VC Backed=1)

VC Characteristics

VC-Backed

VC Age

VC Funds Raised

VC Pre-IPO Ownership

Number of VCs

Late Stage Investor %

VC Underwriter Affiliation

Issue Characteristics
California Dummy 0.264 ***

(11.71)
Firm Age -0.008 ***

(8.88)
Ln(IPO Proceeds) 0.019 **

(2.21)

Underwriter Characteristics
Number of Underwriters

ρ

Intercept

N 2,530
Pseudo R2/R2 0.10

Table 2.6 
Determinants of Underwriter Prestige 

 
Pr(Venture Backing) = California Dummy + Firm Age + Ln (IPO Proceeds) + ε 
Underwriter Prestige = XVC-Characteristics + XIssue-Characteristics +XUnderwriter-Characteristics+ ρ + ε 

 
This table reports instrumental variable regression results predicting underwriter prestige for the underwriters of 
IPOs underwritten during the period October 1996 to December 2006. The two measures of underwriter prestige are 
Underwriter Reputation which is a ranking between 1 (lowest) and 9 (highest) of underwriter reputation and 
Underwriter Market Share which is the past two years underwriter’s market share of VC-backed IPOs. Pr(Reputable 
Bank=1) takes the value of 1 when Underwriter Reputation is 8 or greater. The first column models the latent 
selection regression predicting venture backing; ρ is the resulting Inverse Mills ratio. The dependent variable in the 
second and third columns is equal to 1 if the Carter-Manaster score is greater than 8. All second stage regressions 
invoke year fixed effects. Errors are clustered by 2-digit SIC industry. Marginal effects are reported for Columns (2) 
and (3). Coefficient estimates for regressions in Columns (4) and (5) are increased by a factor of 100. Z-scores and t-
statistics are in parenthesis. ***, **, * indicates marginal effects or coefficients significantly different than 0 at the 
1%, 5%, and 10% level, respectively. 

Second Stage: Dependent Variable
Pr(Reputable Bank=1) Underwriter Market Share

0.256 *** 1.574 ***
(8.93) (6.05)

0.004 *** 0.024 *
(4.19) (1.87)

-0.001 -0.019
(0.67) (1.67)

-0.030 -0.033
(0.61) (0.06)
0.020 *** 0.137
(2.60) (1.61)

-0.005 -0.304
(0.23) (0.95)
0.119 1.377 ***
(1.27) (2.95)

0.003 *** -0.001 0.015 *** 0.022
(4.32) (1.04) (3.90) (1.42)
0.262 *** 0.085 *** 1.252 *** 0.789 ***

(13.54) (5.60) (16.58) (5.45)

-0.013 -0.039 * 0.168 -0.511
(0.41) (1.77) (0.92) (1.42)

-0.098 *** -0.893 **
(3.13) (2.03)

-2.604 *** 2.362 **
(6.96) (2.17)

2,530 984 2,530 984
0.25 0.13 0.20 0.16

 



Table 2.7 
Determinants of IPO Outcomes 

 
Pr(Venture Backing) = California Dummy + Firm Age + Ln (IPO Proceeds) + ε 
Underwriter Prestige = XVC-Characteristics + XIssue-Characteristics +XUnderwriter-Characteristics+ ρ + ε 

 
This table presents two-stage regression results determining various IPO outcome variables for the sample of IPOs over the period October 1998 – December 2006. 
Dependent variables are as follows. Price Revision is the % change from the midpoint of the filing range to the offer price, Gross Spread is the fees paid to 
underwriters as a percentage of proceeds. Mkt Cap/Assets is the Market Capitalization at the end of the first trading day divided by assets. Proceeds/Assets is gross 
proceeds divided by total assets. Underpricing is the percentage change from the closing price on the IPO date from the offer price. Analyst Coverage is the number 
of analysts that provide earnings estimates within 6 months of an IPO. TimeinFiling is the number of days between the filing date and the IPO offer date. Narrow 
Range is the amount of the filing range divided by the filing range midpoint. Firm Age is the age of the firm in years. All second stage regressions include year and 
underwriter fixed effects. Errors are clustered by 2 - digit SIC industries. Robust z-scores and t-statistics are in parenthesis. ***, **, * indicates coefficients 
significantly different than 0 at the 1%, 5%, and 10% level, respectively. 
 

Selection Equation Second Stage: Dependent Variable
Pr(VC Backed=1) Price Revision Gross Spread

VC Characteristics
Ushare 0.091 * 0.032 ** 1.254 ** 0.052 *

(1.72) (2.47) (1.97) (1.78)
VC Age 0.003 * 0.002 0.042             0.000 

(1.93) (1.07) (1.06) (0.34)
VC Funds Raised -0.002 *** -0.003 -0.007 0.001

(3.50) (1.26) (0.28) (1.20)
VC Pre-IPO Ownership -0.101 0.034 -4.436 *** 0.044

(1.34) (0.65) (3.71) (1.66)
Late Stage Investor % -0.061 * 0.018 -2.171 * -0.027

(1.72) (0.87) (2.01) (1.28)
VC Underwriter Affiliation -0.042 -0.043 -2.416 0.030

(0.60) (0.45) (1.56) (0.37)
0.024 0.001 0.035 0.015
(0.89) (0.03) (1.20) (0.81)

Top 10 VC 0.011 0.009 0.782 -0.017
(0.42) (0.74) (0.83) (0.97)

Proceeds / Assets

Proportion Reputable 
Underwriters Used

Mkt Cap / Assets

 
 
 
 
 

 
 

95



 
 
Underwriter Characteristics

Underwriter Reputation 0.035 *** 0.003 0.129 -0.018 **
(3.10) (0.42) (0.54) (2.27)

Underwriter Market Share 0.528 ** 0.869 ** 88.638 *** -0.797 **
(2.06) (2.11) (4.69) (2.71)

Issue Characteristics
California Dummy 0.243 ***

(9.39)
Firm Age -0.008 *** -0.002 -0.001 0.005 -0.002 *

(8.00) (1.03) (0.62) (0.15) (1.91)
Ln(IPO Proceeds) -0.003 0.001 * -0.002 *** -0.006 *

(0.23) (1.91) (9.07) (1.96)
HighTech 0.094 * -0.035 *** 1.427 0.042 **

(1.88) (2.95) (0.82) (2.44)
Pre-Offer Cap / Assets -0.007 ***

(3.30)
Number of Underwriters -0.142 *** 0.041 -0.915 -0.003

(3.57) (0.99) (1.33) (0.18)
ρ -0.109 * -0.019 -6.627 *** -0.063

(1.87) (0.40) (4.22) (1.24)
Intercept 0.035 7.017 *** 11.334 *** 0.880 ***

(0.41) (83.04) (4.05) (14.20)

N 1,866 690 692 690 693
R2 0.10 0.18 0.40 0.26 0.22
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Second Stage: Dependent Variable
Analyst Coverage Time in Filing Narrow Range

VC Characteristics
Ushare 0.090 0.103 0.004             0.000 0.585

(1.06) (0.70) (0.22) (0.20) (0.89)
VC Age 0.006 0.005             0.000 -0.001 0.033

(1.44) (0.77) (0.29) (0.90) (0.44)
VC Funds Raised -0.001 -0.007             0.000             0.000 0.069

(0.38) (1.39) (0.24) (0.43) (1.68)
VC Pre-IPO Ownership -0.135 ** -0.118 -0.098 ** -0.016 -0.618

(2.06) (1.31) (2.38) (1.02) (0.28)
Late Stage Investor % -0.101 0.037 -0.037 * -0.012 0.050

(0.96) (0.36) (1.81) (1.37) (0.07)
VC Underwriter Affiliation -0.125 0.134 0.015 -0.016 0.218

(1.27) (0.25) (0.39) (1.47) (0.07)
0.060 * 0.005 0.018 0.018 0.018
(1.70) (0.07) (0.83) (0.99) (1.20)

Top 10 VC -0.059 0.095 0.039 * 0.009 0.488
(0.92) (1.28) (1.94) (1.01) (1.15)

Underwriter Characteristics
Underwriter Reputation -0.003 0.020 0.008 0.006 -0.337

(0.18) (0.41) (1.04) (0.90) (1.42)
Underwriter Market Share 4.682 *** 5.778 *** -1.061 *** -0.070 5.820

(6.08) (3.21) (4.15) (0.76) (0.77)
Issue Characteristics

California Dummy

Firm Age              0.000 -0.005 0.002 0.001
(0.08) (1.04) (0.99) (1.10)

Ln(IPO Proceeds) 0.001 * 0.003 ***             0.000             0.000 -0.001
(1.73) (2.95) (1.03) (0.58) (0.15)

HighTech 0.030 0.232 *** -0.002 0.009 *** 0.274
(0.24) (2.94) (0.12) (2.79) (0.51)

Pre-Offer Cap / Assets

Number of Underwriters -0.018 0.142 -0.019 0.023 * 0.674
(0.40) (0.79) (0.52) (1.88) (0.72)

ρ -0.462 *** 0.121 0.023 -0.033 * 18.356 ***
(3.80) (0.58) (0.82) (1.79) (5.18)

Intercept 0.756 *** 1.661 *** 0.265 *** 0.137 ** -7.871
(4.42) (4.27) (3.35) (2.69) (1.47)

N 690 546 687 693 693
R2 0.23 0.18 0.11 0.06 0.39

Firm Age

Proportion Reputable 
Underwriters Used

Underpricing
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Table 2.8 
Multivariate Model of SEO Underwriter Selection  

 

Pr(SEO=1) /Pr(Switch│SEO=1)/Pr(Underwriter Selected) = Ushare + IPO Underwriter Reputation + IPO Underwriter Market Share + 
VC Underwriter Affiliation + Firm Age + Ln (IPO Proceeds) + Number of IPO Underwriters + Number of SEO Underwriters + ε 

 

This table presents logit regression results of SEO underwriter selection for the sample of firms with venture backing that completed an IPO between October 
1998 and December 2004. The left side of Panel A considers the probability that an IPO completes a secondary offering within two years. The right hand side of 
Panel A considers the probability that the IPO firm keeps the same underwriter given that it has completed a secondary offering within two years of the IPO date. 
Panel B is a McFadden choice model similar Table IV that predicts whether a specific underwriter is chosen. Errors in Panel B are clustered by firm. Robust z-
scores are in parenthesis.  ***, **, * indicates coefficients significantly different than 0 at the 1%, 5%, and 10% level, respectively.  

Panel A: Probability of SEO and Switching
Pr (SEO = 1) Pr (Switch?SEO = 1)

df/dx z df/dx z
Ushare -0.204 (1.45) -0.066 ** (2.33)
IPO Underwriter Reputation 0.046 ** (2.15) 0.127 *** (3.13)
IPO Underwriter's Market Share -0.767 (1.21) -0.046 (0.39)
VC Underwriter Affiliation 0.131 (0.74) 0.050 (0.16)
Firm Age 0.003 (1.55) -0.000 (0.01)
Ln(IPO Proceeds) 0.014 (0.55) 0.021 (0.50)
Number of IPO Underwriters 0.127 * (1.71) 0.302 ** (2.01)
Number of SEO Underwriters 0.183 (1.51)

N 627 224
Pseudo R2 0.03 0.12

Panel B: SEO Underwriter Choice
All Underwriters Underwriters Used Previously

df/dx z df/dx z
Ushare 0.041 ** (2.24) 0.027 * (1.85)
Underwriter Reputation 0.015 *** (3.50) 0.042 ** (2.09)
Underwriter Market Share 0.190 * (1.87) 0.187 (0.88)
VC Underwriter Affiliation 0.082 *** (2.38) 0.160 *** (2.13)
Number of SEO Underwriters 0.040 *** (10.71) 0.047 *** (3.51)

N 3,792 1,344
Pseudo R2 0.06 0.07

 
 

 



Table 2.9 
Which VCs Select Underwriters? 

 
Pr(Ushare* >0) /Ushare = XVC-Characteristics + XIssue-Characteristics +XUnderwriter-Characteristics+ ε 

 
This table presents regression results related to the type of VCs that have relationships with Underwriters. Ushare* is 
an underwriter/venture capitalist specific measure which captures relationships between a specific VC and the 
chosen underwriter. The dependent variable for the probit regressions in the first three columns is equal to 1 if 
Ushare* is greater than 0. The dependent variable for the tobit regressions in the last three columns is Ushare*. The first 
and the fourth column consider those IPOs with 4 or more VCs. The first three columns report marginal effects 
while the last three columns report coefficient estimates. Errors are clustered by VCs. Robust t-statitics and z-scores 
are in parenthesis.  ***, **, * indicates coefficients are significantly different than 0 at the 1%, 5%, and 10% level, 
respectively.  
 

All 1-3 VCs >3 VCs All 1-3 VCs >3 VCs
VC Characteristics

VC Age 0.004 *** 0.002 0.005 *** 0.003 ** 0.001 0.005 **
(3.08) (0.95) (3.39) (2.36) (0.52) (2.18)

VC Funds Raised 0.003 0.005 ** 0.002 0.003 * 0.005 ** 0.002
(1.50) (2.19) (0.73) (1.91) (2.35) (0.63)

VC Pre-IPO Ownership 0.168 ** 0.116 0.480 ** 0.167 0.113 0.511
(2.27) (1.27) (2.27) (1.33) (0.86) (1.52)

Number of VC Past IPOs 0.019 *** 0.026 *** 0.013 ***
(11.38) (10.35) (5.52)

Number of VCs -0.015 ** -0.026 -0.035 ** -0.019 * -0.023 -0.071 ***
(2.24) (1.31) (2.32) (1.95) (0.95) (2.97)

Late Stage Investor -0.045 -0.101 ** 0.016 -0.024 -0.100 ** 0.064
(1.23) (2.44) (0.41) (0.80) (2.55) (1.43)
0.194 *** 0.272 ** 0.104 * 0.172 * 0.290 ** 0.011
(2.69) (2.12) (1.69) (1.87) (2.38) (0.08)

Underwriter Characteristics
0.019 ** 0.018 0.018 * 0.025 ** 0.020 0.022
(2.37) (1.47) (1.76) (2.16) (1.22) (1.33)
2.034 *** 2.282 *** 1.815 *** 3.535 *** 3.444 *** 3.546 ***
(6.72) (5.70) (3.99) (8.02) (6.16) (5.06)

Issue Characteristics
Firm Age -0.002 -0.001 -0.007 -0.003 -0.001 -0.014 **

(1.43) (0.57) (1.52) (1.46) (0.42) (2.41)
Ln(IPO Proceeds) -0.003 0.016 -0.030 * 0.000 0.030 -0.050 *

(0.22) (0.99) (1.70) (0.03) (1.37) (1.91)
Number of Underwriters 0.114 *** 0.161 *** 0.065 * 0.060 0.071 0.023

(3.89) (3.27) (1.67) (1.43) (1.20) (0.38)
Intercept -0.799 ** -0.820 ** -0.301

(6.06) (4.71) (1.26)

N 2,251 1,161 1,090 2,251 1161 1,090
R2 0.12 0.16 0.10 0.06 0.08 0.06

Underwriter Market 
Share

VC Underwriter 
Affiliation

Dependent Variable
Pr(Ushare>0) Ushare

Underwriter Reputation
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Buy and Hold Size and B/M Adjusted Returns
3 Year 1 Year 6 Months Pr (Bankrupt)

VC Characteristics
Ushare -0.024

(0.2
VC Age               0.00

(0.0
VC Funds Raised 0.006

(1.5
VC Pre-IPO Ownership 0.357

(1.8
Number of VC Past IPOs -0.017

(2.4
Number of VCs -0.021

(0.7
Late Stage Investor % 0.003

(0.0
VC Underwriter Affiliation 2.338

(1.2
Underwriter Characteristics

Underwriter Reputation 0.036
(0.6

Underwriter Market Share -1.007
(0.6

Issue Characteristics
Firm Age 0.021

(3.7
Ln(IPO Proceeds) -0.151

(2.8
HighTech -0.010

(0.1
Offer Cap / Assets -0.021

(4.6
ρ -0.842

(7.0
Intercept 0.511

(1.1

N 507
R2 0.18

 
This table presents two-stage regression results determining post-IPO returns over the period October 1998 – 
December 2005. The return variables are corrected by size and book-to-market effects by subtracting the 5x5 size 
and book-to-market benchmark return each month. The first stage is not reported. Columns (1), (2) and (3) 
dependent variables are the size and B/M adjusted buy and hold 3 year, 1 year and 6 month returns. Column (4) 
presents a probit regression predicting the likelihood that a firm will go bankrupt within three years of its IPO. All 
second stage regressions include year and underwriter fixed effects. Errors are clustered by 2 - digit SIC industries. 
Robust z-scores and t-statistics are in parenthesis. ***, **, * indicates coefficients significantly different than 0 at 
the 1%, 5%, and 10% level, respectively. 

 

-0.072 0.012 0.036
2) (0.55) (0.09) (0.84)
0 0.008 *** 0.005 *** -0.003 **
6) (3.20) (2.83) (1.97)

0.000 -0.001            0.000
0) (0.07) (0.32) (0.47)

* 0.030 0.153 -0.044
3) (0.09) (0.82) (0.85)

** -0.023 *** -0.024 *** 0.001
0) (3.05) (3.80) (0.24)

-0.055 * -0.054 ** 0.026 **
0) (1.92) (2.06) (2.46)

-0.075 ** -0.003 0.017
2) (2.70) (0.09) (0.67)

0.277 0.103 0.284 **
7) (1.29) (0.70) (2.08)

0.033 0.025 0.008
9) (0.89) (1.49) (0.84)

0.375 0.016 0.016
6) (0.39) (0.02) (0.04)

*** 0.005 0.004 -0.007 **
5) (0.94) (0.66) (2.05)

*** 0.064 0.018 0.014
4) (1.54) (1.11) (0.69)

0.099 * 0.092 ** -0.017
7) (1.79) (2.11) (0.45)

*** 0.008 0.013 *** -0.007
7) (0.90) (2.75) (1.60)

*** -0.355 * -0.341 -0.005
1) (1.84) (1.49) (0.09)

-0.407 -0.088
9) (1.16) (0.31)

591 601 476
0.13 0.10 0.09  

Pr(Ushare* >0) /Ushare = XVC-Characteristics + XIssue-Characteristics +XUnderwriter-Characteristics+ ε 

Table 2.10 
Post-IPO Return Analysis 



Figure 2.1 
Distribution of Ushare(i)  

 
This figure reports a histogram showing the frequency of IPO observations with a given Ushare(i) range for the period October 1998 – December 2006. When the 
are two underwriters present, the reported Ushare(i) is averaged.  
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Figure 2.2 
Long Run IPO Returns 

 
This figure displays a graph of long run buy-and-hold IPO excess stock returns by strength of relationship between the chosen underwriter and the VC owners for 
the period October 1998 – December 2003. I control for size and book-to-market effects by subtracting from the raw return the corresponding 5x5 size and B/M 
portfolio’s stock return. I create 3 equally weighted portfolios of IPO firms: the blue line is for firms for which Ushare=0 (n=242), the red line is for firms for 
which 0<Ushare<.167 (n=133) and the green line is for firms for which Ushare>.166 (n= 132). 
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Table 3.1 
Summary Statistics of Firm Characteristics  

This table reports summary statistics for firm characteristics of firms that met the exclusion criteria and have S&P subordinate credit rating information from the years 
1986 to 2005. All variables except SIZE and Tobin’s Q are in percentages. Investments INV/A, is defined as capital expenditures and SIZE is measured as the natural 
logarithm of total assets in millions of 2000 dollars. D/A is book leverage or debt divided by assets while Tobin’s Q is the market value of assets divided by assets. 
Profitability EBITDA/A is earnings before interest, taxes depreciation and amortization scaled by assets. PPE/A and CASH/A are property, plant & equipment and cash 
& short term investments. R&D/A is research & development expense and takes on the value 0 when missing. Inv/Spec Dummy is a dummy variable that takes the value 
of 1 if the end of period credit rating is BBB+, BB- or BB. Yield Spread represents the average corporate bond yield spread during the prior fiscal quarter. INV/A, 
PPE/A, CASH/A, EBITDA/A and R&D/A are all scaled by total assets. Panel A reports statistics for the whole sample by end of period Plus/Minus grouping. Panel B 
reports statistics for a select group of firms between the years 1986 and 1997 that have valid corporate bond spreads. Means and Medians (in parenthesis) are reported. 
 

N INV/A Size  D/A Tobin's Q EBITDA/A PPE/A CASH/A R&D/A Inv/Spec Dummy

Minus Firms 15,881 1.69 7.52 60.41 1.57 3.43 36.68 7.84 0.44 26.63

(1.19) (7.45) (60.42) (1.27) (3.29) (31.15) (3.33) (0.00) -

Neutral Firms 18,661 1.76 7.87 59.61 1.67 3.68 37.29 7.23 0.47 28.06

(1.29) (7.72) (59.46) (1.34) (3.54) (32.90) (3.45) (0.00) -

Plus Firms 16,513 1.80 7.37 61.62 1.56 3.55 37.50 7.74 0.38 18.60

(1.23) (7.30) (61.45) (1.30) (3.37) (33.00) (3.64) (0.00) -

N INV/A Size  D/A Tobin's Q EBITDA/A PPE/A CASH/A R&D/A Yield Spread

2,721 1.80 7.81 61.42 1.33 3.35 41.95 5.97 0.25 4.27

(1.37) (7.76) (60.95) (1.16) (3.28) (37.39) (3.14) (0.00) (2.83)

5,470 2.03 8.01 62.33 1.41 3.71 41.79 5.26 0.27 2.37

(1.56) (7.97) (61.47) (1.26) (3.52) (37.84) (2.65) (0.00) (1.50)

2,729 2.21 8.14 61.83 1.73 4.07 41.89 5.10 0.41 1.38

(1.55) (8.11) (61.47) (1.50) (3.85) (38.39) (2.61) (0.00) (0.80)

Panel A: Comparison Across Plus / Minus Groups

Panel B: Comparison Across Yield Groups 

Low Firms 
(yield>q75)

High Firms 
(yield<q25)

Medium Firms 
(q25<yield<q75)
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Table 3.2 
Credit Rating Variables as Predictors of Rating Changes 

  
This table reports the proportion of firms by rating group that experience a credit rating change. Panel A considers firms that 
during the year experience a broad rating change. (i.e. BB to BBB+ or AAA- to AA).  I split firms by their micro rating 
(Minus, Neutral or Plus). In Panel B, I consider firms that during the year experience a credit rating change (i.e. BBB to 
BBB- or A to AA) and similarly I designate firms as (High, Medium and Low) by yield spread for a given credit rating. 
Number of Events represents the number of firm-quarters that experience a ratings change. Proportion of Sample is the 
percentage of firms in a specific +/- or Yield group that experience a rating change. Expected proportion is the unconditional 
probability of experiencing a rating change. Z-score is in parenthesis.  
 

Broad Rating Downgrade Minus Neutral Plus

        Number of Events 629 207 154

        Proportion of Sample 3.96 1.11 0.93

        Expected Proportion 1.94 1.94 1.94

        Difference 2.02 -0.83 -1.01

        Z (18.47) (8.22) (15.07)

Broad Rating Upgrade 
        Number of Events 18 92 425

        Proportion of Sample 0.11 0.49 2.57

        Expected Proportion 1.05 1.05 1.05

        Difference -0.93 -0.55 1.53

        Z (16.69) (14.32) (5.91)

Micro Rating Downgrade Low (yield>q 75 ) Medium (q 25 <yield<q 75 ) High (yield<q 25 )

        Number of Events 188 102 69

        Proportion of Sample 5.35 2.87 1.95

        Expected Proportion 3.39 3.39 3.39

        Difference 1.97 -0.51 -1.44

        Z (6.35) (1.66) (4.69)

Micro Rating Upgrade 
        Number of Events 52 68 151

        Proportion of Sample 1.48 1.92 4.27

        Expected Proportion 2.56 2.56 2.56

        Difference -1.08 -0.64 1.71

        Z (5.76) (4.24) (3.77)

Previous Year's Firm +/- Group 

Previous Year's Yield Group 

Panel A: Likelihood of a Broad Rating Change 

Panel B: Likelihood of a Micro Rating Change 
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Table 3.3 
Comparing Yield Spreads Between Nearby Credit Ratings 

 
This table reports information on yield spreads across the various credit rating groups from the years 1986 to 1997. Panel A displays corporate yield spreads over 
similar maturity treasury bonds segregated by credit rating. Panel B compares yield spreads between adjacent credit rating groups. On the left side of Panel B, I demean 
each of the observations (excluding AAA, CCC+, CCC and CCC- firm-quarters) by the average of the credit rating just lower for Minus firms (Column (1)), Plus firms 
(Column (2)) and Neutral firms (Column(3)). On the right side of Panel B, I demean each observation by the average of the credit rating just higher for Plus firms 
(Column (4)), Neutral firms (Column (5)) and Minus firms (Column (6)). All coefficients are reported in percentage terms. Z-scores are corrected to account for error 
clustering by firm. 
 

AAA AA+ AA AA- A+ A A- BBB+ BBB BBB-

0.706 1.035 0.955 1.102 1.226 1.308 1.358 1.362 1.627 2.264

258 87 584 551 743 1,281 952 832 1,127 805

BB+ BB BB- B+ B B- CCC+ CCC CCC-

3.194 3.929 4.488 5.397 6.296 7.683 8.224 11.261 15.798

494 717 976 986 328 115 49 21 14

4,037 3,399N

Z-score

3,284 3,142 4,037 3,055

(1.42) (3.03)

-0.426

(8.99) (6.99) (8.11)

-0.477 -0.394

(6.32) (3.69) (7.11)

-0.205

YS (N) -YS (-) YS (-) -YS (+) YS (+) -YS (N) YS (N) -YS (-)

Panel A: Yield Spread by Credit Rating

Panel B: Comparing Yield Spreads Between Nearby Credit Ratings

Benchmark is higher credit ratingBenchmark is lower credit rating

Credit Rating

Yield

N

Credit Rating

Yield

N

YS (-) -YS (+) YS (+) -YS (N)

Mean -0.522 -0.469

T-statistic

Difference from               
YS (-) -YS (+)/YS (-) -YS (+)

(2.09)(7.13)

0.272 0.0830.053 0.096
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Table 3.4 
Comparing Investment Rates Between Nearby Credit Ratings 

 
This table reports robustness issues related to variables that proxy for nearness to a rating change being correlated to investment opportunities and financial distress risk. 
I demean each of the observations for which the micro rating is Minus by the average of the credit rating just lower (Column (1)), two ratings lower (Column (2)), two 
ratings higher (Column (3)) and only one rating higher (Column (4)). Panel A compares investment for Minus firms with the average investment for nearby credit rating 
groups where – refers to Minus firms, + refers to Plus firms and N refers to neither Plus nor Minus firms. Panel B compares investment for Low firms with the average 
investment from nearby rating partition where Low refers to those firms whose bond yields are in the top quartile for a given rating and fiscal year, High refers to the 
those firms whose bond yields are in the bottom quartile and Medium refers to the those firms with bond yields in the interquartile range. All variables are reported in 
percentage terms. Z-scores are corrected to account for error clustering by firm.  
 

Inv/A (-)  - Inv/A (+) Inv/A (-)  - Inv/A (N) Inv/A (+)  - Inv/A (N) Inv/A (+)  - Inv/A (-) Inv/A (-)  - Inv/A (+) Inv/A (-)  - Inv/A (N) Inv/A (+)  - Inv/A (-) Inv/A (+)  - Inv/A (N)

Mean -0.085 -0.108 0.000 0.146 -0.105 -0.071 0.091 0.049

Z-score (2.20) (2.65) (0.00) (2.82) (2.59) (2.09) (2.75) (1.78)

N 15,050 15,050 15,359 15,359 15,125 15,125 15,031 15,031

Inv/A Low  - Inv/A High Inv/A Low  - Inv/A Medium Inv/A High  - Inv/A Medium Inv/A High  - Inv/A Low Inv/A Low  - Inv/A High Inv/A Low  - Inv/A Medium Inv/A High  - Inv/A Medium Inv/A High  - Inv/A Low

Mean -0.198 -0.233 0.202 0.226 -0.209 -0.255 0.152 0.319

Z-score (2.73) (2.89) (1.91) (1.96) (2.59) (3.10) (1.42) (3.05)

N 2,635 2,635 2,582 2,582 2,637 2,637 2,582 2,582

Panel A: Comparing Investment Rates Between Nearby Credit Ratings Using Plus-Minus Groups

Benchmark is lower credit rating Benchmark is higher credit rating

Panel B: Comparing Investment Rates Within Credit Ratings Using High-Low Yield Groups

Minus Firms Plus Firms Plus Firms

High FirmsLow Firms

Minus Firms

Low Firms High Firms

Benchmark is lower credit quality group Benchmark is higher credit quality group
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Table 3.5 
Comparison of Investment Across Plus-Minus Groups 

 
INV/At = α + β1CRMinus + β2CRPlus + β3SIZEt-1 + β4D/At-1 + β5Qt-1+ β6EBITDA/At-1 + β7PPE/At-1 + 

β8CASH/At-1 + β9R&D/At-1 + β10Inv/Spec Dummyt-1 + εt
 
This table reports regression results predicting investment for credit rated firms from the period 1986 – 2005.  CRPlus and 
CRMinus are dummy variables and take the value 1 if a firm is near a broad rating upgrade (Plus firm at beginning of year) or 
near a broad rating downgrade (Minus firm). Columns (1) and (2) presents standard OLS regression results, Column (3) 
demeans all variables (with the exception of CRMinus , CRPlus  and Inv/Spec Dummyt-1) by the sample broad rating average 
excluding those observations where the beginning of period credit rating is AAA. Columns (1), (2) and (3) employ firm, 
industry (2 digit SIC code) and quarter fixed effects. Column (4) employs industry and quarter fixed effects and corrects for 
Newey-West serial correlation for 4 lags. All coefficients are reported in percentages. Robust standard errors are in 
parenthesis. * indicates significance at 10%, ** at 5% and *** at 1%. 
 

 Dependent Variable: INV/At

 OLS  OLS  Demeaned  Newey-West 

CRMinus -0.056**  -0.045**  -0.089***  -0.090*** 

 (0.022)  (0.022)  (0.022)  (0.029) 

CRPlus -0.022  -0.015  0.045*  -0.036 

 (0.023)  (0.023)  (0.023)  (0.031) 

SIZEt-1    -0.281***  -0.415***  -0.082*** 

   (0.029)  (0.022)  (0.010) 

D/At-1   -0.018***  -0.015***  -0.006*** 

   (0.001)  (0.001)  (0.001) 

Tobin's Qt-1   0.155***  0.160***  0.127*** 

   (0.016)  (0.015)  (0.021) 

EBITDA/At-1   0.036***  0.033***  0.070*** 

   (0.008)  (0.008)  (0.012) 

PPE/At-1   0.004  -0.002  0.035*** 

   (0.002)  (0.002)  (0.001) 

CASH/At-1   0.007***  -0.011***  0.011*** 

   (0.002)  (0.002)  (0.002) 

R&D/At-1   -0.016**  -0.016***  -0.002 

   (0.007)  (0.006)  (0.006) 

Inv/Spec Dummyt-1   0.000  0.000  -0.001*** 

   (0.000)  (0.000)  (0.000) 

Intercept 2.353***  4.633***  0.213**  -0.280 

 (0.083)  (0.306)  (0.085)  (0.182) 

N 48,681  46,907  46,896  46,907 

R2 0.46  0.47  0.47  0.47 
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Table 3.6 
Comparison of Investment Across Yield Groups 

 
INV/At = α + β1CRLow + β2CRHigh + β3SIZEt-1 + β4D/At-1 + β5Qt-1+ β6EBITDA/At-1 + β7PPE/At-1 + 

β8CASH/At-1 + β9R&D/At-1 + β10Yieldt-1 + β11Yield2
t-1+ εt

 
This table reports regression results predicting investment for credit rated firms from the period 1986 – 2005.  CRHigh and 
CRLow are dummy variables and take the value 1 if a firm’s average corporate bond yield in the previous fiscal year for a 
given credit rating is in the lowest and highest quartile respectively. Columns (1) and (2) presents standard OLS regression 
results, Column (3) demeans all variables (with the exception of CRLow , CRHigh, Yield Spreadt-1and Yield Spreadt-1

2) by the 
sample credit rating average. Columns (1), (2) and (3) employ industry (2 digit SIC code) and quarter fixed effects and 
cluster errors by firm. Column (4) employs industry and quarter fixed effects and corrects for Newey-West serial correlation 
for 4 lags. All coefficients are reported in percentages. Robust standard errors are in parenthesis. * indicates significance at 
10%, ** at 5% and *** at 1%. 

  Dependent Variable: INV/At

 OLS  OLS  Demeaned  Newey-West 

CRLow -0.161**  -0.141**  -0.173**  -0.141** 

 (0.079)  (0.067)  (0.074)  (0.060) 

CRHigh -0.075  -0.127  -0.104  -0.127 

 (0.096)  (0.093)  (0.087)  (0.080) 

SIZEt-1    -0.159***  -0.139**  -0.159*** 

   (0.050)  (0.060)  (0.031) 

D/At-1   0.003  0.000  0.003 

   (0.005)  (0.005)  (0.003) 

Tobin's Qt-1   0.313***  0.312***  0.313*** 

   (0.083)  (0.085)  (0.060) 

EBITDA/At-1   0.054*  0.057**  0.054** 

   (0.029)  (0.029)  (0.025) 

PPE/At-1   0.047***  0.044***  0.047*** 

   (0.005)  (0.005)  (0.003) 

CASH/At-1   0.016***  -0.004  0.016*** 

   (0.005)  (0.005)  (0.004) 

R&D/At-1   0.020  0.024  0.020 

   (0.036)  (0.038)  (0.024) 

Yield Spreadt-1 -0.062*  -0.081*  -0.064*  -0.081** 

 (0.036)  (0.045)  (0.033)  (0.032) 

Yield Spreadt-1
2 0.001  0.001  0.001  0.001* 

 (0.001)  (0.001)  (0.001)  (0.001) 

Intercept 1.979***  0.805  0.786***  0.098 

  (0.143)  (0.499)  (0.136)  (0.397) 

N 10,598  10,169  10,169  10,169 

R2 0.21  0.29  0.29  0.29 
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Table 3.7 
Comparison of Investment Across Plus and Minus Groups for Different Sub-Samples 

 
Yt = α + β1CRMinus + β2CRPlus + β3SIZEt-1 + β4D/At-1 + β5Qt-1+ β6EBITDA/At-1 + β7PPE/At-1 + β8CASH/At-1 + β9R&D/At-1 + β10Inv/Spec 

Dummyt-1 + εt
 

This table reports OLS regression results predicting investment INV/At for different subgroups of credit rated firms from the period 1986 – 2005. I split firms into 
quintiles using different measures and then run the above baseline regression for each subgroup. For brevity, I only report coefficient estimates on CRMinus and CRPlus 
dummies. KZ index is Kaplan and Zingales (1997) measure of financial constraints. Return Volatility is the standard deviation of daily returns calculated over the prior 
calendar year.  Long term Debt Issuance is the gross long term debt issued in the previous fiscal year. All regressions are estimated simultaneously with errors clustered 
by firm. All coefficients are reported in percentages. Robust standard errors and t-statistics are in parenthesis. * indicates significance at 10%, ** at 5% and *** at 1%. 
 

b (se) b (se) b (se) b (se) b (se) ∆b t n

CRMinus 0.007 (0.068) -0.071 (0.064) -0.128 (0.072) -0.173 (0.072) -0.197** (0.099) -0.204* (1.70) 9,326

CRPlus 0.103 (0.077) -0.002 (0.071) 0.039 (0.077) -0.104 (0.077) -0.156 (0.095) -0.259** (2.12)

CRMinus -0.030 (0.058) 0.028 (0.073) -0.008 (0.081) -0.035 (0.081) -0.270*** (0.081) -0.239** (2.39) 9,006

CRPlus 0.027 (0.056) 0.023 (0.070) 0.059 (0.076) 0.109 (0.094) -0.195** (0.087) -0.222** (2.13)

CRMinus -0.008 (0.065) -0.071 (0.062) -0.035 (0.063) -0.164** (0.071) -0.278** (0.112) -0.270** (2.09) 8,869

CRPlus 0.072 (0.069) 0.016 (0.062) 0.023 (0.063) -0.091 (0.077) -0.035 (0.116) -0.107 (0.79)

b (se) b (se) b (se) b (se) b (se) ∆b t

CRMinus -0.148 (0.067) -0.071 (0.067) -0.055 (0.080) 0.022 (0.086) 0.034 (0.062) 0.183** (2.00)

CRPlus -0.121 (0.087) -0.068 (0.069) -0.024 (0.086) 0.027 (0.096) 0.050 (0.055) 0.170* (1.65)

N

Panel A: Examining the Cross-Section of the Investment - Credit Rating Change Proximity Relation

Panel B: Splitting Sample Based on Number of Quarters After a Rating Change

5,163 4,094 3,155 2,485 19,631

{+1Q,+2Q} {+3Q,+4Q} {+5Q,+6Q} {+7Q,+8Q} No Prior 2-yr Chg {+1Q,+2Q} - No Chg

Quarters After a 
Rating Chg

432 Top Top - Bottom

Return 
Volatility

KZ Index

Long Term 
Debt Issuance

Bottom Quintile

 

 
 



 
Table 3.8 

Comparison of Cash Balances, R&D Expense and Dividends Across Credit Rating Groups  
 

Yt = α + β1CRMinus + β2CRPlus + β3SIZEt-1 + β4D/At-1 + β5Qt-1+ β6EBITDA/At-1 + β7PPE/At-1 + 
β8CASH/At-1 + β9R&D/At-1 + β10Inv/Spec Dummyt-1 + εt

 
This table reports OLS regression results predicting cash balances, research and development expense and dividends for 
credit rated firms from the period 1986 –- 2005. All regressions include firm, industry (2 digit SIC code) and year fixed 
effects. Columns (3) and (5) consider only those observations that have nonzero values for research and development and 
dividends respectively. All coefficients are reported in percentages. Robust standard errors are in parenthesis. * indicates 
significance at 10%, ** at 5% and *** at 1%. 
 

CASH/At RND/At RND/At≠0 DIV/At DIV/At≠0

CRMinus 0.070 -0.020* -0.088*** -0.019* -0.028**

(0.076) (0.011) (0.032) (0.010) (0.013)
CRPlus -0.221*** -0.033*** -0.106*** -0.050*** -0.024*

(0.080) (0.011) (0.028) (0.010) (0.013)
SIZEt-1 -1.973*** -0.060*** -0.376*** -0.044*** -0.356***

(0.101) (0.010) (0.043) (0.011) (0.018)
D/At-1 -0.062*** -0.001 -0.003 -0.012*** -0.011***

(0.004) (0.001) (0.002) 0.000 (0.001)
Tobin's Qt-1 0.674*** 0.057*** 0.046** 0.117*** 0.361***

(0.065) (0.013) (0.021) (0.010) (0.018)
EBITDA/At-1 0.049*** -0.005 -0.012 0.024*** 0.037***

(0.015) (0.004) (0.014) (0.004) (0.006)
PPE/At-1 -0.253*** 0.005*** 0.030*** 0.005*** 0.007***

(0.007) (0.002) (0.011) (0.001) (0.001)
CASH/At-1 -0.172*** 0.005 -0.001

(0.034) (0.003) (0.006)
R&D/At-1 -0.002** -0.000*** -0.001** 0.000 -0.001***

(0.001) 0.000 0.000 0.000 0.000
Inv/Spec Dummyt-1 (0.003) (0.004) 0.002*** 0.007***

(0.003) (0.007) (0.001) (0.001)

Intercept 35.703*** -0.142 3.441*** 2.560*** 4.521***

(0.951) (0.103) (0.592) (0.105) (0.168)

N 47,999 48,746 11,715 47,583 27,299

R2
0.77 0.47 0.50 0.88 0.89

Dependent Variable
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Downgrades Upgrades

Credit Rating All 1 Notch
Multiple 
Notches All 1 Notch

Multiple 
Notches

AAA 0.016 0.004 0.011 0.000 0.000 0.000
AA+ 0.015 0.009 0.006 0.015 0.015 0.000
AA 0.028 0.022 0.005 0.003 0.003 0.000
AA- 0.043 0.032 0.011 0.011 0.011 0.000
A+ 0.040 0.029 0.011 0.007 0.006 0.001
A 0.032 0.022 0.010 0.009 0.009 0.001
A- 0.041 0.025 0.016 0.020 0.019 0.001
BBB+ 0.040 0.031 0.010 0.020 0.017 0.004
BBB 0.036 0.025 0.010 0.020 0.016 0.004
BBB- 0.040 0.024 0.016 0.026 0.022 0.004
BB+ 0.043 0.029 0.015 0.040 0.030 0.010
BB 0.043 0.031 0.012 0.034 0.024 0.010
BB- 0.040 0.031 0.009 0.028 0.023 0.005
B+ 0.041 0.027 0.014 0.031 0.025 0.006
B 0.057 0.035 0.022 0.037 0.031 0.006
B- 0.056 0.029 0.027 0.043 0.027 0.016
CCC+ 0.040 0.028 0.011 0.093 0.034 0.059
CCC 0.007 0.007 0.000 0.067 0.015 0.052
CCC- 0.000 0.000 0.000 0.100 0.000 0.100

Rating Change Proportion by Micro Rating Group
Plus 0.041 0.028 0.012 0.028 0.021 0.007
Neutral 0.038 0.026 0.012 0.021 0.016 0.005
Minus 0.041 0.027 0.014 0.025 0.021 0.004

Z test of Differences
Z%(↓,↑)Plus - %(↓,↑)Neutral 1.392 1.296 0.544 3.921 3.367 1.976
Z%(↓,↑)Neutral - %(↓,↑)Minus 1.652 0.801 1.717 2.364 3.240 1.236
Z%(↓,↑)Minus - %(↓,↑)Plus 0.253 0.476 1.136 1.450 0.029 3.131

Panel A: Percentage of Rating Changes by Individual Credit Rating

Panel B: Percentage of Rating Changes by Micro Rating

Table 3.9 
Proportions of Downgrades and Upgrades by Credit Rating 

 
This table reports proportion of firm-quarter downgrades and upgrades by individual credit rating. Panel A Columns (1), (2) 
and (3) present downgrade proportions, while Panel A Columns (4), (5) and (6) display upgrade proportions. Panel A 
Column (1) displays the proportion of firm-quarters experiencing a rating downgrade, Panel A Columns (2) and (3) give 
proportions of firm-quarters experiencing single rating and multiple rating downgrades. Panel A Columns (4), (5) and (6) are 
structured similarly for upgrades. Table IV Panel B aggregates rating changes by Plus, Minus and Neutral group, where the 
final three rows present Z-scores of differences in proportion tests. 
 

 



Figure 3.1 
Investment Across Credit Rating Groups 

 
This figure reports mean investment rates (INV/A) for firms by credit rating. The dark gray bars refer to firms with a minus rating designation. Credit ratings to the left of 
the dotted line are considered Speculative grade, while those ratings to the right of the line are Investment grade.  
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