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ABSTRACT 

 
 

Finance is a social science with quantitative cornerstones. Therefore, the study of 

behavior and choice is particularly important in finance. This dissertation examines behavioral 

choices’ impact on quantitative outcomes of firms and funds. The first essay investigates the 

career choices of fund managers and their impact on future fund performance. Using a unique 

sample of fund managers who began their career in the hedge fund industry and subsequently 

switched to manage mutual funds exclusively or entered into a side by side arrangement to 

simultaneously manage mutual funds along with their hedge fund, I examine factors that impact 

their career moves. The second essay focuses on a firm’s choice regarding its public and private 

debt mix. Using a new comprehensive database that contains U.S. firm-level debt information, I 

examine models which address how the costs of monitoring and collecting information for the 

borrowers, the value of being able to renegotiate, project quality, firm ownership, and market 

externalities affect firms’ public versus private debt mix. The final essay examines firms’ choices 

regarding credit line usage. Bank lines of credit, or revolving credit facilities, are a crucial 

financing option available to corporations. This essay addresses why firms use credit lines, how 

much they draw on them, and what causes changes to the drawn amount.  
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LIST OF ABBREVIATIONS AND SYMBOLS 

 

a   Performance alpha  

p  Probability associated with the occurrence under the null hypothesis of a value as 
extreme as or more extreme than the observed value 

 
t   Computed value of t test 

+   Additions 

=   Equal to 

Ri,t   Return of fund i at time t 

RF,t  Risk-free rate of return (proxied by 3 month Treasury bill rate) 

RM,t  Return on market (proxied by return on S&P) 

εi,t   Standard error of fund i at time t 

S&P500 Return on S&P 500 

TCM10 Change in the 10 year Treasury yield 

SIZE  Difference between Russell 2000 Index and the S&P 500 Index 

SPREAD Credit spread (difference between Baa Bond Index yield and 10 year Treasury 
Bond Yield) 

 
BONDTRD a portfolio of lookback straddles on bonds 

CURRTRD a portfolio of lookback straddles on currencies 

COMMTRD a portfolio of lookback straddles on commodities 

MSCI MSCI Emerging Market Index monthly  

SMB Fama and French small minus big factor 

HML  Fama and French high minus low factor 

MOM  Carhart momentum factor 
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CSdummy An indicator variable equal to one if a manager is a complete switcher 

SBSdummy An indicator variable equal to one if a manager is a side-by-side manager 

ln(AUM) The natural logarithm of the assets under management of a fund 

ln(Fam AUM) The natural logarithm of the fund family’s assets under management  

ln(Age) The natural logarithm of the number of years since the inception of the fund 
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 CHAPTER 1 

INTRODUCTION 

Finance is a social science with quantitative cornerstones. The study of behavior and 

choice is particularly important in finance. This dissertation examines behavioral choices’ impact 

on quantitative outcomes of firms and funds. The first essay investigates the career choices of 

fund managers and their impact on future fund performance. Using a unique sample of fund 

managers who began their career in the hedge fund industry and subsequently switched to 

manage mutual funds exclusively or entered into a side by side arrangement to simultaneously 

manage mutual funds along with their hedge fund, I examine factors that impact their career 

moves.  

Hedge fund managers who exhibit significant underperformance in the three and five 

year periods are more likely to enter into side-by-side agreements to manage mutual funds. Poor 

performance in the one year window positively impacts the likelihood of a manager to 

completely switch to managing mutual funds. Further analysis reveals that mutual fund families 

who hire poorly performing hedge fund managers are on average larger and younger relative to 

the average family in the mutual fund universe. An examination of these managers’ subsequent 

mutual fund performance reveals, SBS managers significantly underperform by 0.075% per 

month (0.9% per year), providing evidence that there is an agency conflict in managing both 

mutual funds and hedge funds given their significant differences in compensation structure and 

magnitude for managers who begin their career in the hedge fund industry. 
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The second essay focuses on a firm’s choice regarding its public and private debt mix. 

The extant theoretical literature has long recognized the importance of and investigated 

determinants of a firm’s choice between public and private debt. Using a new comprehensive 

database that contains U.S. firm-level debt information, I examine models which address how the 

costs of monitoring and collecting information for the borrowers, the value of being able to 

renegotiate, project quality, firm ownership, and market externalities affect firms’ public versus 

private debt mix. The results show public debt is positively related to size, credit quality, and 

reputation. Asymmetric information present in firms is significantly positively related to bank 

debt where lenders are better able to overcome these monitoring problems. Because of the ability 

to renegotiate bank debt, public debt is negatively related to the likelihood of both financial 

distress and asset substitution.  

The relationship between project quality and public debt is positive while product 

liquidation is negatively related to public debt. Firms with large institutional shareholder 

presence will use more public debt because they have less need for bank monitoring, while firms 

with high managerial ownership will use less public debt to avoid pressures of external debt 

holders and maintain control within the firm. Weak credit conditions are positively associated 

with public debt and negatively related to bank debt. Finally, increased product market 

competition indicates less private debt usage because bank financing risk and loan price increase 

for firms in these types of markets. 

The final essay examines firms’ choices regarding credit line usage. Bank lines of credit, 

or revolving credit facilities, are a crucial financing option available to corporations. The essay 

addresses why firms use credit lines, how much they draw on them, and what causes changes to 

the drawn amount. Having high cash flows increases the likelihood of drawing on a line, but for 



 

3 
 

the subsample with access to a line having high cash flow decreases the likelihood. Investigation 

reveals that having high cash flows is positively related to obtaining a line, but decreases the 

probability of drawing once access to a line has been granted. Similarly, tightening of credit 

market conditions is negatively related to the likelihood of drawing on a line for the full sample 

but positively related to drawdowns for the access subsample. Results indicate firms with rapidly 

growing or secretive growth opportunities use more credit lines. Industry sales volatility is 

positively related to credit line drawdowns indicating firms may be using credit lines to finance 

operational cash flow needs. This intuition is confirmed by results that increases in credit line 

balances are positively (negatively) related to changes in inventories (working capital).  
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CHAPTER 2 

  

HAVE HEDGE FUND MANAGERS HIT THE WALL? AN EXAMINATION OF THE 

CAREER CHOICES OF HEDGE FUND MANAGERS 

I. Introduction 

The rapid growth of the hedge fund industry throughout the past two decades has resulted 

in the assets under management (AUM) of hedge funds growing from $15 billion in 1990 to 

about $2.25 trillion at the end of 2011, with more than 13,395 hedge funds, or private investment 

companies1. Throughout this expansionary period, there has been anecdotal evidence of a flight 

of top performing mutual fund managers into hedge fund management. However, since the early 

2000s there has been a counter movement of hedge fund managers switching to manage mutual 

funds. According to Schooner Investment Group, hedge fund managers are crossing over into the 

traditional money management space of mutual funds. Managers from the Schooner Investment 

Group state their motivation for “crossing over” is because “the mutual fund structure has a lot of 

appeal to investors, offering daily liquidity, full transparency, management fee only pricing and 

little to no leverage.”2

The motivation for this counter movement could be a result of fund managers looking to 

“diversify” their investor pool to include mutual fund investors in addition to the pool of highly 

wealthy, sophisticated investors who participate in hedge funds. This explanation seems 

particularly likely given the crippling effects of the recent financial crisis on hedge funds.  This 

  

                                                 
1 https://www.managedfunds.org/  
2 http://www.wealthadviser.com  
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explanation was confirmed by Andrew Rogers, president of Gemini Fund Services of 

Hauppauge, N.Y., which provides administrative and other functions for fund management 

companies in a January 2010 article in The New York Times, “Hedge funds are having difficulty 

raising assets. If you can’t sell to your usual customers, you have to do other things.”  

Another explanation for the countermovement is the overall democratization of the hedge 

fund industry through “alternative” investments offered in the mutual fund space. This 

democratization movement allows non- “sophisticated” less wealthy investors to participate in 

the hedge fund market through the purchase of mutual funds that pursue hedge fund like 

strategies. However, since these products are registered as mutual funds, they are still subject to 

the same reporting requirements and restrictions as mutual funds, limiting their ability to be 

managed as true hedge funds. These “hedge funds for retail investors” have become increasingly 

popular. The same January 2010 New York Times article quotes Nadia Papagiannis, an 

alternative-investment strategist at Morningstar, referring to this democratization “the hottest 

thing in the mutual fund space right now.”  The term “alternative” is often used to describe hedge 

fund strategies.3

This study examines the career life cycles of hedge fund managers who have managed or 

currently manage both hedge funds and mutual funds. I examine the factors that affect a fund 

manager’s propensity to switch from the hedge fund industry to the mutual fund industry. There 

are two groups of managers of interest in this paper, the first are managers who began their 

career in the hedge fund industry and switched to the mutual fund industry with no overlap in 

their tenure in each industry. I classify these managers as “complete switchers.” The second 

 Morningstar tracks nearly 350 such funds, about half of which since 2007. 

                                                 
3 The New York Times, January 9, 2010 p. BU13  



 

6 
 

group is comprised of hedge fund managers who enter into agreements to simultaneously 

manage their existing hedge funds and new mutual fund(s); this group is classified as “side-by-

side managers.” 

The sample of hedge fund managers consists of 97 managers between 1996 and 2011. Of 

these managers, 20 are considered complete switchers, while 77 are side-by-side managers. 

There are limitations of trying to assess every hedge fund manager who may have potentially 

switched or entered into side by side arrangements to manage mutual funds because hedge funds 

do not have the same reporting requirements as mutual funds and only report optionally. I 

discuss these data limitations further in Section I. Using an event time multinomial logit model, I 

find that negative performance, in the one year prior to the switch, increases the likelihood of a 

manager making a complete switch, leaving the hedge fund industry to manage mutual funds. 

For side-by-side managers, recent past performance, one year, does not seem to have a 

significant impact on the likelihood of entering into a side-by-side agreement. However, when I 

examine the three and five year performance of side-by-side managers, I observe a significant 

negative relation between performance and the likelihood of a hedge fund manager to enter into 

a side-by-side arrangement. It is hedge fund managers who have underperformed over the past 

three to five years that are more likely to enter into side-by-side arrangements to manage mutual 

funds.  

In an attempt to reconcile why these mutual fund companies might be hiring poorly 

performing hedge fund managers, I examine the type of mutual fund families that are hiring 

these poorly performing hedge managers and find that they are on average larger and younger 

fund families relative to the mutual fund universe in the month prior to the switch for both 

complete switchers and those who enter side-by-side arrangements. Further, I examine the 
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impact of the growth of the “hedged mutual fund” (HMF) market on manager switching and 

performance. The interaction of the HMF growth rate, measured as the annual rate of growth of 

HMF assets under management in the twelve months prior to a manager switching, and 

performance is insignificant across all specification implying that there is no significant 

relationship between switching and the demand for HMF products. This result contrasts the 

notion that managers are switching because of increased democratization of hedge fund products 

in the mutual fund space.  

Finally, I examine the impact of being a side-by-side manager or complete switcher on 

the manager’s subsequent mutual fund performance using panel data of abnormal mutual fund 

performance, measured by four factor alpha. This analysis examines the potential agency 

conflicts present in side-by-side management. Hedge fund managers typically have better 

incentive schemes than mutual fund managers. Hedge fund compensation structures typically 

include high incentive fees and “watermark provisions,” which require managers to repay losses 

prior to receiving any incentive fees. Although more complex, hedge fund compensation 

structures result in significantly higher overall compensation in most cases. Given that managers 

will be more compensated for their hedge funds performing well than their mutual funds, they 

may have an incentive to proportion more of their resources, time, effort, and expertise to their 

hedge fund.  

When regressing monthly abnormal alphas for the mutual fund universe between 1996 

and 2011 on dummies for the manager being a complete switcher or side-by-side manager as 

well as controls, I find that the coefficient on the side-by-side switcher dummy is negative and 

significant. Indicating that having a hedge fund manager who is simultaneously managing a 

hedge fund negatively affects mutual fund performance. The coefficient estimate indicates that 
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having a side-by-side manager can decrease monthly alpha by 7.5 basis points per month (90 

basis points a year).  

This paper contributes to the literature exploring the integration of hedge and mutual fund 

products. Agarwal, Boyson, and Naik (2009) examine the performance of “hedged mutual 

funds,” funds which are listed in Morningstar’s database and must report like mutual funds but 

are afforded more liberty in pursing hedge fund type strategies. In their paper, they examine the 

impact of prior experience as a hedge fund manager on performance as a manager of one of these 

“hedged mutual funds.” I explore the longer term impact of this phenomenon of “hedged mutual 

funds” on the fund manager labor market and their propensity to switch markets or 

simultaneously manage funds in both markets.  Cici, Gibson, and Moussawi (2010);  Nohel, 

Wang, and Zheng (2011); and Chen and Chen (2009) study cases where the same fund manager 

simultaneously manages hedge and mutual funds, “side-by-side” managers (SBS). Nohel, Wang, 

and Zheng’s analysis reveals that side-by-side mutual fund managers significantly outperform 

their peers, while side-by-side hedge fund managers at best are on par with their style category 

peers. I use similar methodology in developing my dataset which requires a manager to have 

existed in both the mutual fund universe and the hedge fund universe during the time period 

examined. While my result of SBS management having a negative impact on mutual fund 

performance when the manager begins in the hedge fund industry is inconsistent with Nohel 

Wang, and Zheng who don’t differentiate based on the industry in which the manager begins 

their career, it is consistent with Chen and Chen (2009) who do make this distinction. 

This paper also adds to the strand of literature that focuses on the career life cycles of 

funds and their managers. There is existing literature on the switching of mutual fund managers 

to hedge funds, but to my knowledge, I am the first to examine the switching of hedge fund 
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managers to mutual funds. Deuskar, Pollet, Wang, and Zheng (2011) employ a multinomial logit 

model to analyze the factors that contribute to a fund manager’s propensity to switch industries. 

They find that mutual funds are able to retain managers with good performance partly by 

allowing successful managers to enter into side-by-side arrangements to manage hedge funds. 

Their analysis focuses on those managers who switch from the mutual fund industry to the hedge 

fund industry. I extend this analysis to investigate the factors affecting the likelihood of 

switching from the hedge fund industry to the mutual fund industry. Chen, Chen, and Cyree 

(2009) examine if mutual fund managers moving to hedge funds can improve their own 

performance by managing a hedge fund. They find that side-by-side managers outperform 

departing managers both in their prior mutual fund and subsequent hedge fund performance.  

I also address literature focusing on career concerns of managers. Chevalier & Ellison 

(1999) track 453 fund managers’ career outcomes over a three year period, whether they 

maintain their position, move to a larger fund, or lose the position/disappear/“terminated.” They 

examine the relationship between manager performance and probability of termination. They 

find that managers’ probability of retaining or improving their position is increasing in risk-

adjusted returns achieved. They also find that termination is more performance sensitive for 

younger managers and the probability of termination is higher if the manager’s fund sector 

weights deviate considerably from the mean of the funds objective group. Boyson (2010) 

investigates career concern effects on the behavior of hedge fund managers. She finds that in 

contrast to mutual fund managers who take more risks over time, hedge fund managers take 

fewer risks over time because of the compositional differences between the hedge and mutual 

fund markets (i.e. hedge fund managers invest more of their personal wealth in their funds and 

therefore have more to lose).   
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The remainder of the paper is organized as follows. Section II details the data. Section III 

discusses the results of the multinomial logit models for managers who switch or enter side-by-

side arrangements. Section VI investigates who hires poorly performing hedge fund managers. 

Section V addresses the performance of these managers’ subsequent mutual fund performance 

and Section VI concludes.  

II. Data 

A.  Switching Manager Sample Construction 

To construct the data set containing managers who have managed funds and reported 

performance in both the mutual fund and hedge fund industries, I follow a methodology similar 

to Nohel, Wang, and Zheng (2011). I use Morningstar to identify the current manager of hedge 

and mutual funds, and also manager histories for each fund. Morningstar provides the start date 

of each manager and their departing date if they have ceased managing that fund. I then merge 

mutual fund and hedge fund data by names of managers; specifically I create lists of unique 

mutual fund and hedge fund manager names and combine them, looking for matches both 

electronically and by hand.  

For each match, I cross-check employment history and gather additional manager 

information using Morningstar, SEC prospectuses, notes in databases, and internet searches to 

confirm identities. For instance Michael Smith manages both a mutual fund and a hedge fund. 

However, the mutual fund manager is Michael L. Smith and the hedge fund manager is Michael 

E. Smith. Therefore, I seek to eliminate this type of false match through my identity confirmation 

procedure. More information on this matching procedure can be found in Nohel, Wang, and 

Zheng (2011); the procedure is also used in Deuskar, Pollet, Wang, and Zheng (2011).  
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For each manager I gather available fund returns and characteristics for all funds 

managed over their career.  This process results in 97 managers who either completely switch 

from the hedge fund industry to the mutual fund industry or enter into arrangements to 

simultaneously manage mutual funds with their current hedge funds. Of these 97 managers, 20 

are classified complete switchers, meaning that their tenure managing mutual funds does not 

overlap their tenure as a hedge fund manager, and  77 are side-by-side managers who 

simultaneously manage at least one hedge fund and one mutual fund.  

Table 2.1 shows the classifications of the funds managed by these managers. Panel A 

reveals that almost half of the hedge fund managers manage Long/Short Equity Hedge Funds 

prior to also managing a mutual fund; this allocation is consistent with about half of the overall 

hedge fund universe being classified as Long/Short Equity Hedge Funds. Panel B shows that the 

side-by-side (SBS) managers manage a variety of funds once they have switched. Only about 

one fourth of the SBS managers manage “alternative” mutual funds which is surprising 

considering this classification houses many of the new hedge-fund like mutual funds. However, 

half of the complete switchers subsequently manage alternative products. Almost 80% of both 

types of managers go onto manage some type of equity product mutual fund which is consistent 

with the skill sets of hedge fund managers being skewed toward equity investment.  

Table 2.2 illustrates when the manager made the industry switch or entered into the side-

by-side arrangement. The switch date for SBS managers is based on when their tenure at a fund 

in the mutual fund industry begins. The switch date for complete switchers is the date which 

their tenure at the last hedge fund ends or the fund is listed as liquidated in the TASS database. It 

is rare but some complete switchers do not immediately begin managing mutual funds, however 
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they typically begin within one year of departing their hedge fund position. Table 2.2 reveals the 

complete switchers are more of a recent phenomenon beginning in 2005.  SBS management 

appears to have been in a boom phase since 2003 with most of the SBS arrangements occurring 

since that time. Over half of SBS managers have entered into their arrangements since 2008. 

Given these statistics, it appears that even more hedge fund managers are switching or entering 

into SBS arrangements since the underperformance of hedge funds in 2008 and 2009. This 

growth in hedge fund managers switching and SBS management also corresponds to the recent 

growth in alternative investment products being offered by mutual funds. 

B.  Mutual Fund and Hedge Fund Data 

The mutual fund data is gathered from the CRSP (Center for Research in Securities 

Pricing) Survivor-Bias-Free US Mutual Fund Database and the Morningstar Database. The 

hedge fund data is from the TASS (Trading Advisor Selection System) hedge fund database. It is 

important to note a fundamental difference between the compositions of these two databases. 

Mutual funds are required to file with the SEC and are mandated to provide certain quarterly, 

special, and annual reports on their holdings, management, performance, and overall activities. 

On the other hand hedge funds are not required to file with the SEC and reporting to the TASS or 

any other hedge fund database is voluntary, giving rise to a number of biases. They also include 

different information on manager characteristics, fund characteristics, and management 

compensation based on the industry standards. Due to their voluntary reporting, hedge fund 

databases have potential biases which are discussed in more detail in the next section. 
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C.  Biases in Hedge Fund Databases 

Survivorship bias in hedge fund data occurs because funds drop out of the database, 

“die,” for a variety of reasons. Managers could stop reporting due to negative externalities such 

as liquidation, poor performance, or restructuring or because of positive externalities such as 

closing the fund because it has reached is optimal size or the fund has performed so well it no 

longer needs the marketing benefits of being included in the database. I attempt to mitigate 

survivorship bias by including both the live and graveyard funds provided by TASS. However, 

TASS only began documenting “graveyard” funds in 1994, so data gathered before this date in 

TASS is subject to a large survivorship bias.  

Instant history or “backfill” bias also plagues hedge fund data, because when a fund 

decides to begin reporting to TASS they have the option to include data dating back to the start 

of the fund. Since they are not required to include this back performance, it is likely that only 

funds with superior performance prior to starting reporting will include this portion of their 

performance creating backfill bias. Fung and Hsieh (2000), who also use the TASS database, 

reported a 3.00% annual survivorship bias and estimate an instant history bias of as much as 

1.4% for average annual hedge fund returns. I exclude the backfilled returns in my analysis, but 

it is robust to their inclusion.  

Selection bias can also exist in hedge fund data if managers with only good performance 

choose to report. Although Fung and Hsieh (2000) argue this bias is probably small, it could be 

particularly potent in the data used for my study. Unfortunately, there is no widely accepted 

remedy for selection bias. Fung and Hsieh (2000) also discuss multiple period sampling bias and 
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how it may exist if some hedge funds have short return histories. However, they investigate the 

bias and find little evidence, concluding if it exists it appears to be very small.  

D. Performance Measures 

Early studies by Fung and Hsieh (1997) have shown that dynamic trading strategies and 

derivatives used by hedge funds can cause traditional linear asset pricing models to generate 

misleading results on the returns of hedge funds (see also Agarwal and Naik (2004)). Seminal 

works by Mitchell and Pulvino (2001) on “risk arbitrage” and Fung and Hsieh (2001) on “trend 

following” clearly identify the asymmetric nature of hedge fund payoffs and stress the 

importance of taking into account option-like features inherent in hedge fund returns.  

Because hedge fund returns typically have low correlation with traditional mutual fund 

factors, I use Fung and Hsieh’s (2004) seven factor model modified to include an eighth factor 

related to emerging markets as recommended by the author’s web site to measure the 

performance of hedge funds.  Fung and Hsieh’s (2004) model contains factors linked to extracted 

common sources of risk in hedge fund returns; the equity market factor, small minus big 

(difference between Russell 2000 Index and the S&P 500 Index), the credit spread (difference 

between Baa Bond Index yield and 10 year Treasury Bond Yield), the change in the 10 year 

Treasury yield, a portfolio of lookback straddles on bonds, currencies, and commodities, and 

the MSCI Emerging Market index monthly total return as suggested on David Hsieh’s website. 

For the Fung and Hsieh (2004) eight factor model, I collect the factor values for the returns on a 

portfolio of lookback straddles on Bonds, Currencies, Commodities, Stock Index and Short Term 

Interest Rates from David Hsieh’s website. The specific equation I use to measure the alpha of 

the hedge funds is:         
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       (1) 

I use the traditional factors for the Fama and French (1993) factor model, SMB, HML, 

and excess return on the market, and the Carhart (1997) MOM factor to generate mutual fund 

alphas. These factors are obtained from Kenneth French’s website. The specific equation I use to 

measure the alpha of the mutual funds is: 

                (2) 

I generate alpha (both four factor for mutual funds and eight factor for hedge funds) in the 

following way. For each fund in any given month, I first estimate the factor loadings using the 

previous twenty-four months of return data (the fund-month must have the preceding twenty-four 

months of performance data to be included). The estimated factor loadings are then used to 

compute the abnormal return for the current month. The monthly alphas are then aggregated into 

1-yr, 3-yr, and 5-yr performance using geometric averaging.   

E. Summary Statistics 

Table 2.3 presents the summary statistics broken down by manager type, continuing 

managers (the reference group), SBS managers, and complete managers. The table also includes 

p-values for the differences in means between the groups. The table reveals that SBS managers 

have the highest recent performance of the groups, while the complete switchers have the lowest. 

However, the complete switchers have the highest 5-year performance, while the SBS managers 

have the lowest. SBS managers have the highest assets under management of the three groups in 
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the month prior to their opening a mutual fund. Examining the differences between the means of 

the manager groups reveals that SBS managers have significantly higher short-term performance 

and significantly lower long-term performance than the complete switchers. Both complete 

switchers and SBS managers have significantly lower management fees and higher incentive fees 

than the continuing managers group. SBS managers also manage significantly more assets and 

have a higher minimum investment requirement than continuing managers. The leverage variable 

is a dummy for whether the manager uses leverage in the fund. Managers in both the complete 

switchers group and the SBS group are significantly more likely to use leverage than the 

continuing managers. 

III.  Factors Affecting Career Choices 

In this section, I investigate factors that influence why hedge fund managers would switch to 

the mutual fund industry either completely or through SBS arrangements. Using my matching 

methodology, I identify 77 hedge fund SBS switchers and 20 complete switchers for the analysis. 

For each manager, I identify all funds under their management for each month. When a manager 

is the named manager of more than one fund, I aggregate their characteristics and performance 

weighted by the assets under management of each fund. I then use the manager-month paired 

observations for the multinomial logit model.  

I employ an event time multinomial logit model where I begin with the month in which the 

first manager became a SBS manager or completely switched. Each month that there is a 

manager that becomes a SBS manager or completely switches; they are identified as this type of 

manager. The control group for that manager-month paired observation is all other fund 

managers who are not identified as a switcher or SBS manager and have performance for their 
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hedge fund in the following month. I then proceed through time to the next manager who 

switches or enters into a SBS arrangement and identify the reference group as mentioned 

previously. I continue this process from 1996 to 2011 so that each manager-month observation 

for a switcher or a SBS manager is benchmarked against characteristics of managers who do not 

switch, enter into SBS arrangements, or manage a hedge fund that ceases reporting from that 

same month. The regressors included in the event time multinomial logit model are performance, 

measured in 1-, 3-, and 5- year intervals; the management fee and the incentive fee, established 

when the fund is opened and measured in percent; an indicator variable equal to one if the fund 

uses leverage in the month prior to the switch and zero otherwise, the natural log of the assets 

under management of the fund in the month prior to the switch, and the natural log of the fund’s 

minimum investment, established when the fund is opened. The standard errors for the 

multinomial logit model are clustered by switch year. 

Table 2.4 presents the results from this regression, the coefficient for performance is negative 

for and significant at the 1% level for 1-year performance, implying that negative recent 

performance positively impacts the likelihood of a manager to completely switch. This result 

bolsters the implication that it is underperforming managers who are being forced to seek out 

alternative products to manage to diversify their client base. The coefficient for management fee 

is negative and significant in most specifications for the complete switchers and the coefficient 

for incentive fee is positive and significant. Hedge fund compensation is different from mutual 

fund compensation because it includes an incentive fee for good performance which is typically 

a larger portion of the manager’s total compensation than the management fee. A high 

management fee makes the manager less likely to switch because they are guaranteed this 

compensation regardless of performance, similar to the fees of mutual funds. However, a larger 
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incentive fee makes the manager more likely to switch because if they are performing poorly, 

they do not receive this portion of their compensation which dramatically decreases their overall 

compensation making mutual fund management more attractive. 

For SBS managers, the coefficient on 1-year, 3-year, and 5-year performance are all 

negative, although only the three and five year performance coefficients are significant. Again 

this coefficient indicates that mutual funds are hiring hedge fund managers with poor previous 

abnormal performance at their hedge fund. Like the result for complete switchers, this result is 

consistent with the explanation that hedge fund managers join mutual fund companies when they 

have poorly performing hedge funds either to “diversify” their investor pool or when they have 

to seek alternative ways to make money, independent of continuing to raising funds from their 

hedge fund participants who likely are not investing in poorly performing hedge funds. Again, 

the coefficients on management fee are negative and incentive fee are positive and significant 

across most specifications, consistent with mutual management becoming more attractive to the 

manager in light of poor performance coupled with the aforementioned structure of hedge fund 

compensation.   

 A manager switching from hedge fund management to mutual fund management is a rare 

event relative to the universe of fund managers, less than 1% of my total sample of managers. 

Binary dependent variable models, such as logit and probit, tend to underestimate the possibility 

of rare events (King, Tomz, and Zeng (2003) and King and Zeng (2001)). The event time 

multinomial logit model I estimate could be impacted by this underestimation. Following 
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previous literature4

Using the choice-based-sample increases the explanatory power of my multinomial logit 

regression, but can lead to biased coefficient estimates. I use the weighted exogenous-sample 

maximum likelihood (WESML) procedure to minimize the effects of any bias arising from 

oversampling [see, Beneish (1999); Zmijewski (1984); and Bettis, Bizjak, Coles, and Kalpathy 

(2010)]. The WESML procedure applies a weight to each observation to account for the fact that 

the probability of observing manager who switches in my sample is different from that in the 

population of managers [Zmijewski (1984)]. Table 12.5 presents the results for the choice-based-

sampling multinomial logit model. The results are similar in sign and significant to the model 

presented in Table 2.4. Underperformance in the 1-year window increases the likelihood of a 

manager switching completely while underperformance in the 3-year and 5-year windows 

positively impacts the likelihood of a manager entering into a SBS arrangement.  

, I use choice-based sampling to oversample managers who switch or enter 

into SBS arrangements. I keep all managers who switch to or simultaneously manage mutual 

funds and randomly select 10% of managers who continue solely managing hedge funds.  

IV. Who Hires Poorly Performing Hedge Fund Managers 

I investigate why these poorly performing hedge fund managers are being hired by mutual 

fund funds. First I examine the type of mutual fund families that are hiring these hedge fund 

managers. Table 2.6 presents age and size statistics of the mutual fund families who hire former 

hedge fund managers and enter into SBS arrangements with hedge fund managers. The first row 

of panel A presents the mean age and size of the mutual fund families of switchers in the month 

prior to the switch. The second row presents the age and size of switchers’ families relative to the 

                                                 
4 See Palepu (1986) and Espahbodi and Espahbodi (2003) for takeover targets; Agrawal et. al (2012) for common 
advisors; Dopuch, Holthausen, and Leftwich(1987) for audit qualifications; Beneish (1999) for federal charges 
against managers for GAAP violations; and Zmijewski (1984) for bankruptcies. 
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average age and size of the mutual fund industry in the month prior to the switch. The third row 

presents the p-value for the t-test for the relative fund family size and age.  

Panel A reveals that mutual fund families who hire hedge fund managers are on average 

larger and younger relative to the average family in the mutual fund universe. The younger 

families hiring result is significant for both the complete switchers and SBS managers at the 1% 

level. The larger family result is significant in the case of SBS managers at the 1% level and 

significant for complete switchers at the 10% level. The fact that these larger families are hiring 

poorly performing hedge fund managers is surprising at first, but when I examine the distribution 

of the size of the mutual fund families of switchers in Panel B, it appears this result may be 

driven by a few extremely large outliers since the distribution is highly skewed, the median is 

significantly larger than the mean with a very large standard deviation. Also these larger families 

are more likely to house an alternative products division within their fund family complex. 

  Second, I examine the impact of the growth of “hedged mutual funds” for retail investors 

on switching. Agarwal, Boyson, and Naik (2009) document the new classifications by 

Morningstar and Lipper of mutual funds which follow hedge fund like strategies, which they call 

“hedged mutual funds” (HMFs). According to the authors, these services began classifying funds 

into these types of categories in March 2006, although many funds classifications were back-

dated to the date when the fund began following these strategies according to their prospectus, in 

some cases, back to the inception of the fund. Agarwal, Boyson, and Naik (2009) identify two 

classifications of HMFs, equity market neutral funds and long short equity funds. Using the most 

recent Lipper classifications, I identify four additional classifications which appear to follow 

hedge fund-like strategies: equity leverage, capital appreciation, dedicated short bias, and 
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extended U.S. large cap core funds. Descriptions of these classifications can be found in 

Appendix A.  

I create a variable to capture growth in the HMF asset class within the mutual fund 

industry. I compute the growth rate of the total amount of AUM across the six HMF 

classifications for the twelve months preceding the manager switching or entering into a SBS 

arrangement.  I interact this variable with performance for each manager-month observations and 

include it in the event time multinomial logit model. Table 2.7 presents the results of the 

multinomial logit with the interaction term. The model contains all of the controls from the 

model presented in Table 2.4 but the coefficients on the control variables are similar in sign and 

significance for the new model and so I suppress them for brevity. The interaction of 

performance with the HMF growth rate variable is largely insignificant. Overall the results in 

Table 2.7 do not support the hypothesis that managers are switching to the mutual fund industry 

or entering into side by side arrangements because of the democratization of hedge funds through 

the growth of “hedged mutual funds.” 

V.  Mutual Fund Performance  

In this section, I study the subsequent performance of the mutual funds managed by complete 

switchers and SBS managers.  SBS managers may have an incentive to focus their efforts on 

their hedge funds where they are more highly compensated and shirk their responsibilities to 

their mutual fund. If these conflicts of interest between simultaneously managing mutual funds 

and hedge funds are widely exploited, I should observe that mutual funds involved in side-by-

side arrangements underperform. There also may be an effect on performance from hiring a 

manager with previous hedge fund experience. If they are hiring these complete switchers to 
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manage “alternative” products as is indicated in Table 2.1, then having a manager with 

experience at a hedge fund should positively affect abnormal mutual fund performance.  

I investigate the performance of funds managed by SBS managers and complete switchers 

using a panel regression approach, similar to one performed by Nohel, Wang, and Zheng (2011). 

This approach allows me to investigate the effects of SBS management and management by 

complete switchers on performance while controlling for the effects of other factors on fund 

performance from mutual fund literature such as fund size, family size, portfolio turnover, 

expenses, etc. I estimate the following panel model with standard errors clustered by fund: 

  (3) 

The dependent variable in the regression is the four-factor adjusted return for fund i in 

month t. For each fund in any given month, I estimate the factor loadings using the previous 

twenty-four months of return data. I then use these factor loading estimates to compute the 

abnormal return for the current month. The regressors of interest include a CS dummy which is 

indicator variable that equals 1 if the fund is managed by a complete switcher in the current 

month and zero otherwise, a SBS dummy which is indicator variable that equals 1 if the fund is 

managed by a SBS manager in the current month and zero otherwise. Other controls included in 

the regression are the natural logarithm of fund assets under management (AUM) at the end of 

the previous month, the natural logarithm of fund family AUM at the end of the previous month, 

the natural logarithm of fund age in the previous year, the expense ratio of the fund in the 

previous year, and the fund’s turnover in the previous year. The model includes time fixed 

effects and the standard errors are corrected for heteroskedasticity and are clustered by fund. 
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Table 2.8 reports the results of the fixed effects panel regression. The coefficient on the CS 

dummy is positive as expected since hedge fund experience should help managers to manage 

alternative products, but the coefficient is insignificant. The coefficient on the SBS dummy is 

negative and significant. The SBS coefficient estimate suggests that mutual funds managed with 

a SBS manager who began in the hedge fund industry underperforms by 0.075% per month 

(0.90% per year). This result for SBS managed mutual funds is in contrast to Nohel, Wang, and 

Zheng (2011) who find outperformance of SBS mutual funds of 0.073% per month. However, 

they look at a sample of SBS managers who begin in both the mutual fund and hedge fund 

industry, while I only examine the latter. This result is consistent with Chen and Chen (2009) 

who differentiate between managers who begin in the hedge fund industry versus the mutual 

fund industry. They also find a negative impact of SBS management if the manager began in the 

hedge fund industry. This underperformance of SBS managers who began in the hedge fund 

industry is important because it provides evidence that there could be validity to the apparent 

agency conflict in managing both mutual funds and hedge funds given their significant 

differences in compensation structure and magnitude.  

VI. Conclusions  

There is evidence that poor performance positively impacts the likelihood of a hedge fund 

manager to completely switch to managing mutual funds or to enter into SBS arrangements. 

Hedge fund managers who enter into side-by-side agreements to manage mutual funds appear to 

exhibit significant underperformance in the three and five years preceding their entering into a 

SBS arrangement. Hedge fund managers who completely switch exhibit poor performance in the 

1-year performance windows. The results are robust to using a choice-based-sample to mitigate 

the underestimation of the rare event of manager switching. This result is consistent with the 
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explanation that hedge fund managers join mutual fund companies when they have poorly 

performing hedge fund either to “diversify” their investor pool or when they have to seek 

alternative ways to make money, independent of continuing to raising funds from their hedge 

fund participants who likely are not investing in poorly performing hedge funds. The 

compensation structure of their hedge fund contract also seems to impact their decision, high 

management fees which are guaranteed regardless of performance negatively impact a manager’s 

likelihood of switching or entering into SBS arrangements; while high incentive fees positively 

impact switching because this portion of a hedge fund manager’s compensation will not be paid 

if the fund is performing poorly.   

 
Further analysis of who is hiring these poorly performing managers reveals that mutual fund 

families who hire hedge fund managers are on average larger and younger relative to the average 

family in the mutual fund universe. The coefficient of both types of managers performance 

interacted with growth in “hedged mutual funds,” is not significant, suggesting growth in the 

demand for “hedged mutual funds” has little effect on the switching of managers. This result is 

inconsistent with the hypothesis that more managers are switching because of the 

democratization of hedge funds through alternative products being offered in the mutual fund 

space. 

Finally, I study the subsequent performance of the mutual funds managed by complete 

switchers and SBS managers using a panel regression approach with time fixed effects. Mutual 

funds managed by SBS managers underperform by 0.075% per month (0.90% per year), 

providing evidence that there could be validity to the apparent agency conflict in managing both 

mutual funds and hedge funds given their significant differences in compensation structure and 

magnitude.  
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Table 2.1 
Classification of Switchers 

This table provides information on the style pattern of fund managers who begin in the hedge fund industry and either 
enter into side-by-side arrangements to simultaneously manage mutual funds, or completely to the mutual fund industry. 
Panel A illustrates the type hedge fund they managed originally and Panel B indicates the type of fund the subsequently 
manage.  When a manager manages more than one type of fund, we select the largest fund, based on net asset values. 

Panel A: Classification of Switchers by Hedge Fund style   

Style   

Side-by-
side 

switchers   

Complet
e 

switchers   Total   
Convertible Arbitrage   2       0   2   
Emerging Markets   4       3   7   
Equity Market Neutral   1       0   1   
Event Driven   8       1   9   
Fixed Income Arbitrage   5       2   7   
Fund of Funds   4       2   6   
Global Macro   5       0   5   
Long/Short Equity Hedge   34       12   46   
Managed Futures   1       0   1   
Multi-Strategy   8       0   8   
Options Strategy   3       0   3   
Other   2       0   2   
                    
Total   77       20   97   

Panel B: Classification of Switchers by Mutual Fund style 
 

Style   

Side-by-
side 

switchers   

Complet
e 

switchers   Total   
Alternative   18       10   28   
Balanced   4       0   4   
International Stock   15       3   18   
Other   2       0   2   
Taxable Bond   15       1   16   
U.S. Stock   23       6   29   
                    
Total   77       20   97   
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Table 2.2 
Switching Date 

This table shows the time series pattern of when managers switched industries or entered into side-by-side 
arrangements. The switch date for side-by-side managers is based on when their tenure at a fund in the mutual fund 
industry begins. The switch date for complete switchers is the date when their tenure at the last hedge fund ends.  

Year     

Side-by-
side 

switchers     
Complete 
switchers     Total   

2011     8       1       9     
2010     9       5       14     
2009     8       1       9     
2008     7       6       13     
2007     10       2       12     
2006     7       4       11     
2005     9       1       10     
2004     7       0       7     
2003     8       0       8     
2002     0       0       0     
2001     0       0       0     
2000     1       0       1     
1999     2       0       2     
1998     0       0       0     
1997     0       0       0     
1996     1       0       1     
                            
Total     77       20       97     
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Table 2.3 
Summary Statistics 

Panel A presents the summary statistics for managers in the sample broken down by manager types. The performance variable are computed as the annualized geometric 
average of monthly alphas computed using the Fung & Hseih (2004) 8-factor model. The management fee (%), incentive fee(%) and minimum investment are from the 
fund’s prospectus.  Assets Under Management (AUM) (in millions) is from the month prior to the manager switching and is summed across all fund managed by the 
manager. Leverage is a dummy variable =1 if the fund use leverages and zero otherwise.  For managers who manage multiple funds the variables are weighted by NAV. 
Statistical tests for difference in means and median between manager types for each characteristic are presented in Panel B.  

Panel A 
  Continuing Managers (2)   Side by Side Managers (3)   Complete Switchers (4)   
  Mean   Median   Mean   Median   Mean   Median   

1-Year Performance 0.0642   0.0532   0.0757   0.0697   0.0096   0.0558   
3-Year Performance 0.0652   0.0546   0.0560   0.0646   0.0407   0.0359   
5-Year Performance 0.0657   0.0580   0.0519   0.0458   0.0827   0.0774   
Management Fee 1.46   1.50   1.30   1.03   1.27   1.11   
Incentive Fee 13.5230   20   18.5133   20   18.5000   20   
Leverage 0.1872   0   0.3766   0   0.5000   1   
Assets Under Management 3,655.75   209.31   22,038.75   1,640.46   4,968.15   1,277.48   
Minimum Investment 3,914,683   250,000   3,289,878   500,000   847,500   500,000   
                          

Panel B 
  Means   Medians   

  
Difference 

(2)-(3)   
Difference 

(2)-(4)   
Difference 

(3)-(4)   
Difference 

(2)-(3)   
Difference 

(2)-(4)   
Difference 

(3)-(4)   
  p-value   p-value   p-value   p-value   p-value   p-value   
1-Year Performance 0.2302   0.0263   0.0189   0.4385   0.0839   0.091   
3-Year Performance 0.2337   0.2795   0.3624   0.7189   0.9650   0.8082   
5-Year Performance 0.0965   0.2042   0.0922   0.3245   0.3968   0.2098   
Management Fee 0.0002   0.0175   0.3894   0.0013   0.0616   0.8257   
Incentive Fee <0.0001   0.0001   0.4956   <0.0001   0.0022   0.4840   
Leverage 0.0005   0.0067   0.1705   <0.0001   0.0003   0.3186   
Assets Under Management 0.0582   0.3089   0.0769   <0.0001   0.0025   0.1207   
Minimum Investment 0.3533   <0.0001   0.0747   <0.0001   0.0024   0.7877   
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Table 2.4 
Career Moves of Hedge Fund Managers 

This table shows the results of an event time multinomial logit regression modeling the probability of a hedge fund manager switching to the mutual fund industry or entering 
into a SBS arrangement. The reference group is those managers who did not switch or enter into SBS arrangements. The performance is measured 1-, 3-, and 5- year alpha 
generated by regressing the monthly return on the eight factors identified by Fung and Hsieh (2004) for the previous twenty-four months to identify the factor loadings for that 
month, then subtracting the products of the factor loadings and the factors from the return for fund for each month and taking the geometric average. The ln(minimum 
investment), ln(assets under management), and fees are the asset-weighted for all funds managed by each manager in a given month. Leverage is a dummy variable =1 if the 
fund use leverages and zero otherwise. Standard errors are clustered by switch year to account for year fixed effects, z-statistics are included in the brackets * indicates 
significance at 10%,** at 5%, and *** at 1% levels.  

  1 year Performance   3 year Performance   5 year Performance 

  

Side-by-
side 

managers     
Complete 
switchers     

Side-by-
side 

managers     
Complete 
switchers     

Side-by-
side 

managers     

Complet
e 

switchers   
Performance -0.0247     -2.3011 ***   -1.9240 *   -2.6251     -4.3573 **   1.8731   
  [-0.02]     [-4.95]     [-1.67]     [-0.73]     [-2.14]     [0.57]   
                                    
Management Fee -0.4308 **   -0.5052 **   -0.2450     -0.6710     -0.2045     -1.0313 *** 
  [-2.29]     [-2.03]     [-0.99]     [-1.56]     [-0.86]     [-4.29]   
                                    
Incentive Fee 0.0561 ***   0.0557 *   0.0487 **   0.0424     0.0523 *   0.7851 *** 
  [4.04]     [1.76]     [2.42]     [0.91]     [1.70]     [3.95]   
                                    
Leverage 0.4916     1.0173 *   0.5243     1.1481     0.5735     2.0429 * 
  [1.40]     [1.65]     [1.15]     [1.27]     [0.78]     [1.84]   
                                    
ln(Assets Under Management) 0.3410 ***   0.2212 **   0.4106 ***   0.1901     0.4608 ***   -0.3195   
  [4.05]     [2.35]     [4.26]     [0.94]     [3.72]     [-0.79]   
                                    
ln(Minimum Investment) 0.1579 ***   0.1905 ***   0.1669 ***   0.2650 ***   0.2390 ***   0.1301 *** 
  [3.15]     [2.81]     [3.60]     [3.51]     [5.20]     [3.13]   
                                    
Number of Managers 77     20     46     11     30     8   
                                    
Pseudo R2 0.0666           0.0761           0.1062         
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Table 2.5 
Career Moves of Hedge Fund Managers using Choice based Sample 

This table shows the results of an event time rare multinomial logit regression modeling the probability of a hedge fund manager switching to the mutual fund industry or 
entering into a SBS arrangement. The reference group is a random sample of those managers who did not switch or enter into SBS arrangements. The ln(minimum 
investment), ln(assets under management), and fees are the asset-weighted for all funds managed by each manager in a given month. Leverage is a dummy variable =1 if the 
fund use leverages and zero otherwise. Standard errors are clustered by switch year to account for year fixed effects, z-statistics are included in the brackets * indicates 
significance at 10%,** at 5%, and *** at 1% levels.  
  1 year Performance   3 year Performance   5 year Performance 

  

Side-by-
side 

managers     
Complete 
switchers     

Side-by-
side 

managers     
Complete 
switchers     

Side-by-
side 

managers     
Complete 
switchers   

Performance -0.1212     -2.3776 ***   -1.8729 **   -2.6194     -3.9735 **   0.1027   
  [-0.10]     [-5.11]     [-1.96]     [-0.87]     [-2.10]     [0.04]   
                                    
Management Fee -0.4779 **   -0.5598 **   -0.3171     -0.7650     -0.2197     -0.8901 *** 
  [-2.02]     [-2.01]     [-1.02]     [-1.58]     [-0.75]     [-3.41]   
                                    
Incentive Fee 0.0747 ***   0.0764     0.0626 **   0.0605     0.0611 *   0.1216 *** 
  [2.96]     [1.61]     [2.09]     [0.83]     [1.74]     [4.82]   
                                    
Leverage 0.4921     1.0048 *   0.4948     1.1149     0.5042     1.9377 ** 
  [1.44]     [1.69]     [1.00]     [1.20]     [0.61]     [1.76]   
                                    
ln(Assets Under Management) 0.3715 ***   0.2522 **   0.4407 **   0.1906     0.5020     -0.0256   
  [3.55]     [2.42]     [3.70]     [0.81]     [2.40] **   [-0.57]   
                                    
ln(Minimum Investment) 0.1377 ***   0.1590 **   0.1284 ***   0.2237 ***   0.1859 **   0.1229   
  [3.06]     [2.29]     [2.58]     [3.25]     [2.48]     [1.62]   
                                    
Number of Managers 77     20     46     11     30     8   
                                    
Pseudo R2 0.1308           0.1438           0.1907         
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Table 2.6 
Mutual Fund Family Age and Size that Hire Hedge Fund Switchers 

This table presents statistics on the size and age of the mutual fund families that hire managers from the hedge fund industry. The first row in panel A shows the mean size 
and age of mutual fund families in the month before the manager is hired from the hedge fund industry. The second row presents these means relative to the size and age of 
the average mutual fund family in the month prior to the switch. The final row in panel A shows the p-value for the t-test for the relative fund family size and age presented in 
the second row. Panel B shows the distribution of the size and age of the switchers’ families in the month prior to the switch, and the size and age of the universe in the 
month prior to the switch.  

Panel A: Mutual Fund Family Size (Millions$) and Age (Years) 
  Size       Age 
  SBS' Size   CS' Size       SBS' Age   CS' Age     

Mean of Hiring Family Prior to Switch 23849.68   9156.68       21.61972   23.3333     
Mean  Relative to Mutual Fund Universe 12154.42   4828.98       -11.6541   -11.9572     
p-value for t-test for Relative Size 0.0096   0.0566       <0.0001   0.0080     
                        

Panel B: Distribution Statistics for Switchers  
  SBS' Size   CS' Size       SBS'  Age   CS'  Age     

Mean 23849.68   9156.68       21.62   23.33     
Median 4338.00   868.70       21   17     
Maximum 652989.90   80047.20       49   50     
Minimum 0.10   0.50       0   3     
Standard Deviation 83179.28   20498.57       15.88   17.99     
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Table 2.7 
Impact of Mutual Fund Growth on Switching 

This table shows the results of an event time multinomial logit regression modeling the probability of a hedge fund manager switching to the mutual fund industry or entering into 
a SBS arrangement. The reference group is those managers who did not switch or enter into SBS arrangements. The performance is measured 1-, 3-, and 5- year alpha generated 
in the same method as table IV. The ln(minimum investment), ln(assets under management), and fees are the asset-weighted returns for all funds managed by each manager in a 
given month. Leverage is a dummy variable =1 if the fund use leverages and zero otherwise. (NOTE: these control variables are suppressed but are similar in sign and 
significance as table 1.4) HMF growth rate is the growth rate of assets under management in fund that are classified as “hedged mutual funds”  by Morningstar and Lipper over 
the 12 months prior to the switch. Standard errors are clustered by switch year to account for year fixed effects, z-statistics are included in the brackets  * indicates significance at 
10%,** at 5%, and *** at 1% levels. 

  1 year Performance   3 year Performance   5 year Performance 

  

Side-by-
side 

managers 
  

Complete 
switchers 

  

Side-by-
side 

managers 
  

Complete 
switchers 

  

Side-by-
side 

managers 
  

Complete 
switchers   

Performance 0.284     -1.348     -0.854     -3.531 *   -2.231     0.014   
  [0.89]     [-1.15]     [-0.39]     [-1.94]     [-0.90]     [0.00]   
                                    
HMF Growth Rate 0.106     0.0468     0.109     -0.346 *   0.036     -0.266 ** 
  [1.23]     [-0.45]     [1.36]     [-1.78]     [0.31]     [-2.08]   
                                    
Performance*HMF Growth Rate -0.185     -0.435     -0.468     0.748     -0.954     1.070 ** 
  [-0.42]     [-1.38]     [-0.48]     [0.50]     [-0.75]     [2.24]   
                                    
                                    
Pseudo R2 0.0679           0.0793           0.108         
                                    
Number of Managers 77     20     46     11     30     8   
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Table 2.8 
Mutual Fund Performance 

The dependent variable in the regression is the four-factor adjusted return for fund i in month t. For each fund in any 
given month, I estimate the factor loadings using the previous twenty-four months of return data. I then use these 
factor loading estimates to compute the abnormal return for the current month. The regressors include a CS dummy 
which is indicator variable that equals 1 if the fund is managed by a complete switcher in the current month and zero 
otherwise, a SBS dummy which is indicator variable that equals 1 if the fund is managed by a SBS manager in the 
current month and zero otherwise, the natural logarithm of fund assets under management (AUM) at the end of the 
previous month, the natural logarithm of fund family AUM at the end of the previous month, the natural logarithm 
of fund age in the previous year, the expense ratio of the fund in the previous year, and the fund’s turnover in the 
previous year. The model also includes time fixed effects. The standard errors are corrected for heteroskedasticity 
and are clustered by fund. t-statistics are included in the brackets * indicates significance at 10%,** at 5%, and *** 
at 1% levels. 
  Four Factor α(t)   
CS Dummy 0.035     
  [0.34]     
SBS Dummy -0.075 ***   
  [-2.56]     
Total Net Assets -0.015 ***   
  [-7.76]     
Family Total Net Assets -0.010 ***   
  [-3.08]     
Age 0.055 ***   
  [12.74]     
Expenses 0.002 ***   
  [2.84]     
Turnover 0.001 *   
  [1.65]     
Constant 0.039 **   
  [1.26]     
        
Number of Observations 2,079,412     
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Appendix A 
Classification of Hedged Mutual Funds5

Fund Classification 
 

Description 

Equity Market Neutral  Funds that employ portfolio strategies generating consistent returns in 
both up and down markets by selecting positions with a total net 
market exposure of zero. 

Long Short Equity  
Funds that employ portfolio strategies combining long holdings of 
equities with short sales of equity, equity options, or equity index 
options. The funds may be either net long or net short, depending on 
the portfolio manager’s view of the market. 

Equity leverage 
Diversified and non-diversified equity funds that seek daily 
investment results of more than 100% of the daily performance of a 
stated benchmark through any combination of futures contracts, 
derivatives, and leverage. 

Capital Appreciation 
Funds that aim at maximum capital appreciation, frequently by means 
of 100%-or more portfolio turnover, leveraging, purchasing 
unregistered securities, purchasing options, etc. The funds may take 
large cash positions. 

Dedicated Short-Bias Funds that employ portfolio strategies consistently creating a “net 
short” exposure to the market. This classification also includes short-
only funds, i.e., funds that pursue short sales of stock or stock index 
options. 

Extended U.S. Large Cap Core 
Funds 

Funds that combine long and short stock selection to invest in a 
diversified portfolio of U.S. large-cap equities, with a target net 
exposure of 100% long. Typical strategies vary between 110% long 
and 10% short to 160% long and 60% short. 

 
  

                                                 
5 source: Lipper Global Classification Definitions Document- July 2012  
http://www.lipperweb.com/docs/Research/Methodology/Lipper_Global_Classifications_Definitions2012.pdf 
 

http://www.lipperweb.com/docs/Research/Methodology/Lipper_Global_Classifications_Definitions2012.pdf�
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CHAPTER 3 

SIX OF ONE, HALF A DOZEN OF THE OTHER? AN EXAMINATION OF FIRMS’ 

PUBLIC AND PRIVATE DEBT MIX 

While debt is often thought of as a homogenous entity by many capital structure models, there is 

an array of debt options available to firms. A firm’s debt structure is tailored to their particular 

preferences, needs, and costs. There is a vast amount of empirical literature regarding capital 

structure choices, but significantly less that focuses on debt structure choices. Further, there are a 

number of theoretical models6

This paper adds to this recent strand of literature by using a sample comparable to the Compustat 

universe to examine models which address how the costs of monitoring and collecting 

information for the borrowers, the value of being able to renegotiate, project quality, firm 

ownership, and market externalities affect firms public versus private debt mix. The results 

indicate public debt is positively related to size, credit quality, and reputation, where there are 

economies of scale in producing information and price advantages for reputation. However, 

 which focus on debt structure choices, but the majority of 

empirical work has been limited to smaller samples due to limited data availability. Recent 

papers by Rauh and Sufi (2010) and Colla, Ippolito, and Li (2012) bring attention to the 

importance of debt composition and how it relates to credit quality, supply side factors of debt, 

and bankruptcy costs.  

                                                 
6 These models are presented in section I.  
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asymmetric information present in firms is significantly positively related to bank debt where 

lenders are better able to overcome these monitoring problems.  

Because of the ability to renegotiate bank debt, public debt is negatively related to the likelihood 

of both financial distress and asset substitution. When firms are able to renegotiate, they are 

more likely to switch to riskier assets in the interim. Project quality is positively related to public 

debt while product liquidation is negatively related, indicating firms where the likelihood of 

underinvestment is low (high) prefer public (bank) debt. Firms with large institutional 

shareholder presence will use more public debt because they have less of a need for bank 

monitoring, while firms with high managerial ownership will use less public debt to avoid 

pressures of external debt holders and maintain control within the firm. Weak credit conditions 

are positively and significantly related to public debt and significantly negatively related to bank 

debt. Finally, product market competition is significantly negatively related to private debt 

because bank financing risk and price increase for firms in these types of markets. 

Firms’ choice between accessing debt through financial intermediaries, such as banks, and 

arm’s-length providers, such as bondholders, is relevant because firms’ demands for bank and 

public debt are crucial components to these major global financing markets, not only in their 

initiation, but also their subsequent trading as bonds and securitizes products in secondary 

markets.  The extant theoretical literature has long recognized the importance of and investigated 

determinants of firm’s choice between public and private debt. However, the lack of data 

availability on firm’s debt decomposition has caused the empirical literature regarding this 

choice to be scant with several notable exceptions7

                                                 
7 In addition to those detailed here, see Cantillo and Wright (2000), Barclay and Smith (1995), Hadlock and James 
(2002) 

. Houston and James (1996) examine 
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determinants of the public and private debt mixes of 250 firms from 1980-1990 and find that 

banking relationships and growth opportunities are significant determinants of public and private 

debt mix for firms. Johnson (1997) uses a larger sample, 847 firms, and demonstrates the 

importance of monitoring and information costs, the likelihood and costs of inefficient 

liquidation, and borrower’s incentives in a firm’s choice between public and private debt.  Denis 

and Mihov (2003) use new debt financings to examine firms’ debt choice. They find the primary 

determinant of debt source is the credit quality of the issuer, where high quality firms borrow 

from public sources and low credit quality firms utilize bank debt.  

Recently, Erel et al. (2012) document the importance of the effect of credit market conditions on 

the choice between public and private debt. They utilize bond issuance and bank loan data to 

develop a choice model between public and private debt, but do not examine how the level of 

bank and public debt change over time in response to market conditions or changes in firm 

characteristics after issuance. Morellec, Valta & Zhdanov (2013) use a sample similar to Erel et. 

al (2012) to investigate market conditions and ownership structure and find that bargaining 

power and competition are positively related to public debt while credit supply is negatively 

related. Lin, Ma, Malatesta, and Xuan (2013) use data from twenty, non-U.S., countries to study 

the effect of firm’s ownership structure on their choice between public and private debt. They 

document firms controlled by large shareholders with excess control rights may choose public 

debt financing over bank debt to avoid bank monitoring.  

Unlike small sample empirical studies of debt structure choices, I use a novel comprehensive 

database, S&P’s Capital IQ, which provides firm-level debt structure data. I am able to 

decompose total debt into seven mutually exclusive types of debt: commercial paper, revolving 

credit, term loans, bonds and notes, capital leases, trust preferred, and other borrowings. I can 
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then aggregate these types into overall bank debt and overall public debt. After merging the 

Capital IQ database with Compustat, I have a panel dataset that contains 23,707 firm-year 

observations covering 4,874 companies U.S. companies between 2002 and 2012. This dataset 

covers roughly 90% of the Compustat universe of leveraged firms and is comparable on all firm 

dimensions. Furthermore, unlike studies which examine a firm’s choice between public and 

private debt only at initiation, this data provides an opportunity to investigate determinants of 

firms’ public and private debt mix over time. 

Examining debt structure statistics for US firms between 2002 and 2012 shows that revolving 

credit has remained relatively stable over the sample period at around 20% of total debt; while 

term loans have increased over 40%, resulting in bank debt increasing from 40% of total debt in 

2002 to 48% in 2012, a 22% increase. Bonds and notes have made up approximately half of a 

firm’s total debt during the sample period. Exploring the distribution of debt structure reveals, 

the medians on the major components of bank debt, revolving credit, and term loans, are zero 

and the 75th percentiles are large implying that between a quarter and half of firms use these 

types of bank debt, but the median for bank debt is .303 implying over half the firms in the 

sample employ some type of bank debt. Less than one fourth of the firms in the sample utilize 

commercial paper.  

Because of the truncated nature of the data, I use Tobit regressions censored at [0, 1] to examine 

the relationship between the proportion of bank debt and public debt to total debt and variables 

which proxy for the firm characteristics found to impact debt structure choices in the theoretical 

literature and other variables. To control for other firm and year effects, regressions include year, 

industry, and credit rating fixed effects also standard errors are clustered at the firm level. The 

first group of models investigates how monitoring and information costs can impact the public 
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versus private debt mix. Public debt is significantly positively related to size because of the 

economies of scale in producing information for public debt issues. Age, a proxy for reputation, 

is also positively related to public debt use, consistent with extant literature that firms build 

reputation through employing bank debt and switch to public debt when they have sufficient 

reputation. The results show credit rating is positively related to public debt, since better firms 

value monitoring less. Asymmetric information inherent in firms is significantly negatively 

related to public debt and positively related to bank debt where lenders are better able to monitor 

and overcome these problems. 

The second group of models examines how the ability to renegotiate bank debt affects a firm’s 

mix between public and private debt; there are three predictions in this group. First, since 

liquidation decisions and renegotiations are based on interim financial indicators, firms with 

imprecise indicators will value renegotiation more and will use less public debt. The results do 

not support this hypothesis. Second, the analysis reveals firms with increased likelihood of 

financial distress will value renegotiation more and prefer bank debt. Finally, the ability to 

renegotiate fosters asset substitution problems so firms with a high likelihood of asset 

substitution will use more public debt. The data confirm this prediction that public debt is 

significantly positively related to likelihood of asset substitution.  

Other models relate project quality and asset collateral to debt choice. There are conflicting 

predictions regarding project quality. One states because disclosing sensitive information to 

rivals via public debt information is most detrimental for firms with high quality projects, these 

firms will prefer bank debt. Another proposes that bank control is more valuable to a firm with 

low quality projects, so firms with low quality projects will prefer bank debt. The results 

document that project quality is negatively (positively) related to bank (public) debt. There are 
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also conflicting hypotheses regarding how liquidation value/assets in place affect debt structure. 

One model predicts firms with valuable assets in place prefer public debt because collateral-at-

risk governs investment decisions. While the other states that early liquidation from monitoring 

is less valuable for firms with low liquidation values, low assets in place, so these firms prefer 

public debt. When using the M/B ratio as a negative indicator for project liquidation value, there 

is some evidence supporting firms with a low liquidation value, high M/B, preferring public 

debt.    

The next set of predictions assets the ownership structure of firms is a vital determinant of the 

choice between public and private debt because it influences the firm’s bargaining power and 

their demand for monitoring. Results show firms with large institutional shareholder presence 

will use more public debt likely because they have less of a need for bank monitoring. Firms 

with high managerial ownership use less public debt to avoid pressures of external debt holders 

and maintain control within the firm. Finally the results show firms with low leverage are more 

likely to use public debt because they have more equity-at-risk. 

Finally, models predict that market conditions are crucial in the choice between public and 

private debt. To investigate these models, the analysis includes macroeconomic credit conditions. 

The coefficients on credit spread, the term spread and expected inflation are negative and 

significant in the public debt proportion regression. Importantly, the dummy variable for weak 

credit, which is equal to one if senior bank officers are reporting tightening credit standards and 

zero otherwise, is positive and significant for public debt and negative and significant for bank 

debt. Confirming the hypothesis that firms will use bank debt when the supply is high enough 

because the relative price of bank debt is less costly with a high supply of credit. The last 

prediction relates how competition affects public debt usage. The results indicate firms with 
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higher competition use more public debt because as product market competition increases, the 

financing risk associated with bank loans becomes higher and firms tend to favor public debt 

issues. 

In robustness analysis, I control for access to the public debt markets. Since bank debt and public 

debt are assumed by most of the theoretical literature to be substitutes it is interesting to examine 

bank debt use by those who are able to access public markets to see if the benefits of bank debt 

presented in theoretical models hold for this subsample.  I find that almost all of the results 

presented for the main sample hold for a subsample with access to public debt markets and that 

bank debt remains important even after firms gain access to public market. This result is not 

surprising since the summary data reveals that most firms use a mix of many types of debt 

including public and bank types. 

I. Data 

A. Sample Construction 

One of the major contributions of this paper is testing debt structure theoretical models on a large 

scale sample comparable to the Compustat universe. Utilizing S&P’s new Capital IQ database, I 

obtain debt decomposition data for the majority of firms in the Compustat universe. To generate 

the sample, I begin with the Compustat universe and eliminate Utilities (SIC 4900-4949) and 

Financials (SIC 6000-6999).  Firm years with missing values or zero value for total assets or 

total debt and those whose market leverage is not within [0,1] are removed. These data are then 

merged with the Capital IQ data and I eliminate firms whose difference between total debt 

reported in each database, scaled by total debt is greater than 0.1. These filters result in a dataset 

of 23,707 firm-year observations covering 4,874 companies. This sample is then merged with the 
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I/B/E/S database, Thompson Reuters Institutional holdings database, and Execucomp to generate 

the entire variable set needed to test the model predictions. Macroeconomic data sources include 

the Senior Loan Officer Opinion Survey on Bank Lending Practices from the Federal Reserve, 

the U.S. Bureau of Economic Analysis, and the National Bureau of Economic Research. 

B. Debt Structure Statistics 

Table 3.1 presents the debt decomposition summary statistics. Capital IQ decomposes total debt 

into seven mutually exclusive types of debt: commercial paper, revolving credit, term loans, 

bonds and notes, capital leases, trust preferred, and other borrowings. Bank debt is defined as the 

sum of revolving credit and term loans, while public debt is the sum of bonds and notes and 

commercial paper. Panel A presents the time series evolution of debt structure for US firms 

between 2002 and 2012. The mean proportion used each year is reported for individual debt 

types, bank debt, and public debt. Commercial paper use has varied over the sample period with 

noticeably less in 2009 and 2010 following the financial crisis. Bonds and notes have remained 

at roughly one half throughout the sample. The other debt components included in total debt, 

capital leases, trust preferred, and other, make up a small portion of total debt and are excluded 

from the analysis, but the analysis is robust to including these components when calculating bank 

and public debt proportions.  

Revolving credit has remained relatively stable over the sample period while term loans have 

increased over 40%, resulting in bank debt increasing from 40% of total debt in 2002 to 48% in 

2012. The primary growth in term loans, almost 30%, occurred between 2002 and 2007. Figure 

3.1 investigates this growth in term loans. The figure illustrates term loan proportions for the full 

sample and for each of the Fama-French industries. The figure reveals that several industries had 
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very large growth in the proportion of term loans from 2002 to 2007. The growth was driven 

primarily by the energy, chemical, telecom, and retail shops industries.  

Panel B shows the distribution of each type used relative to total debt. The mean (median) value 

of .4465 (.4168) reveals that roughly half of the debt financing of US companies is done through 

bonds and notes and over half of firms hold some type of public debt. The medians on the major 

components of bank debt, revolving credit and term loans, are zero and the 75th percentiles are 

substantial implying that between a quarter and half of firms use these types of bank debt. 

However, the median for bank debt is .3030 implying over half the firms employ some type of 

bank debt. Less than one fourth of the firms in the sample use commercial paper.  

C. Firm Summary 

Table 3.2 presents the summary statistics of the firm characteristics aggregated across all years 

for the sample. All continuous firm characteristic variables are winsorized at the 1st and 99th 

percentiles. The sample covers roughly 90% of all Compustat firms over the sample period. 

Complete variable definitions can be found in Appendix A. The sample is also split into firms 

who use public debt and those who do not. Column (1) presents the results for the full sample, 

column (2) firms who do not use public debt, and column (3) firms who use public debt. The last 

columns show the p-values from testing whether the means and medians are the same for the 

subsamples. The table reveals firms who use public debt are significantly larger and more 

profitable and have significantly more tangible assets, more debt, a lower M/B ratio, and higher 

cash flow volatility. They also tend to be a dividend payer, significantly older (more reputable), 

rated (have access to debt markets), and have less leverage. They tend to have less asymmetric 

information problems proxied by: significantly lower reported R&D expense, being in the S&P 
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1500, and being covered by more analysts. Firms which don’t use public debt tend to have higher 

managerial ownership and lower institutional ownership.  

II. Theoretical Models 

There are many extant theoretical models which examine how different preferences and firm 

characteristics affect debt structure choices. These models address how the costs of monitoring 

and collecting information for the borrowers, the value of being able to renegotiate, project 

quality, firm ownership, and market externalities affect firms public versus private debt mix.  

A. Monitoring and Information Collection Costs 

There are several models which address how the costs of monitoring and collecting information 

can affect a firm’s public versus private debt mix. Due to rents paid to banks via higher interest 

rates, Fama (1985) posits that for some borrowers there must be something special about bank 

debt. He expands to assert this “specialness” is two-pronged: bank loans are very useful to avoid 

the duplication of information costs and bank loan renewals signal positive information to other 

debt holders about a firm’s solvency and quality. According to his model, small firms will use 

bank debt because the cost of producing the information required for public debt is too high 

while large firms have economies of scale in producing information and will use more public 

debt.  

Berlin & Loeys (1988) investigate alternative contracting arrangements available to a firm 

seeking to finance a project. Specifically they examine the tradeoff between inefficient 

liquidation and the agency costs associated with delegating monitoring to a bank, which can help 

avoid inefficient liquidation through detailed analysis of a company’s projects. Several 

predictions are born out of their model. First, being of high credit quality decreases the value of 



 

46 
 

being monitored, so high quality firms prefer public debt. Secondly, a firm’s preference for bank 

loans will be decreasing in the cost of monitoring because of agency costs associated in 

delegating monitoring. 

In Diamond’s (1991) model, firms use bank debt to establish a reputation of non-default. In his 

model the relationship between a firm’s demand for bank debt and age is U-shaped. As firms 

mature and capitalize on their reputation they will prefer public debt because they don’t have any 

value in being monitored. Further, young firms may not obtain bank debt because they are 

screened out or don’t have the incentives to be monitored. Medium age firms lose reputation if 

they are caught engaging in risky behavior so they have some incentives for bank debt. 

Finally, Hadlock and James (2002) study firms’ decisions to use bank debt over public debt to 

finance their projects and find firms that suffer from greater information asymmetry problems 

are more likely to employ bank debt because banks possess comparative advantages over public 

investors in pricing claims that are hard to value due to the information asymmetry. 

B. Value of Renegotiation 

Other models examine the impact of the ability to renegotiate bank debt.  Chemmanur & 

Fulghieri (1994) model firms’ choices between bank loans and public debt allowing for debt 

renegotiation in the event of financial distress. In their model, firms who have a high likelihood 

of financial distress will value the option to renegotiate more than firms who are unlikely to need 

to renegotiate. Therefore these firms with high probability of default will prefer bank debt 

despite the fact that it is more expensive. Firms with a low probability of financial distress will 

prefer public debt because it is cheaper.  

Detragiache (1994) examines public versus private borrowing in the context of bankruptcy and 

notes that the ability to renegotiate is beneficial ex post because it can avoid inefficient 
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liquidation, but ex ante it can foster asset substitution problems because managers/firms may 

switch to riskier projects after financing is secured. Firms use public debt to decrease the 

likelihood of asset substitution. His model predicts large firms with low intangible assets will 

prefer public debt. Berlin and Loeys (1988) also examines the ability to renegotiate. According 

to their model since liquidation decisions and renegotiation are based on interim indicators, firms 

with imprecise indicators will prefer bank debt because they can renegotiate if the indicators are 

wrong or change. 

C. Project Quality and Asset Collateral 

There are two competing theories regarding how project quality can affect a firm’s choice 

between public and private debt. Yosha (1995) contends that in addition to the large costs 

associated with information production required for public debt there are also disclosure costs 

associated with public debt. Disclosure associated with public debt can reveal sensitive 

information to rivals. According to his model, these disclosure costs cause firms with high 

quality projects, the most to lose by information leakage to rivals, to prefer bank debt. Rajan 

(1992) argues while informed banks’ monitoring may keep a firm’s projects in check, it also 

gives them bargaining power within the firm that can distort borrower incentives. His model 

contends that a firm’s debt mix choice is an attempt to optimally confine the powers of banks. 

Firms with high quality projects value bank control less and prefer public debt because of its 

better cost. Firms with low quality project will value the banks’ control over continuation 

decisions more and will prefer bank debt.  

Theoretical models also examine the relationship between asset collateral/project liquidation 

value and the choice of debt used by a firm. Hoshi, Kashyap, and Scharfstein’s (1993) model 

predicts that firms with more valuable assets in place will employ public debt because the assets 
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they have used as collateral are more valuable and will serve to steer them away from risky 

ventures. The model also asserts managers of firms that have profitable investment opportunities 

find investing in unprofitable projects more costly and therefore do not need to be monitored and 

prefer public debt. Berlin & Loeys (1988) posit that early liquidation from bank monitoring is 

less valuable for firms with low liquidation values, so these firms prefer public debt.  

D. Firm Ownership 

Hoshi, Kashyap, and Scharfstein (1993) propose firms with low leverage tend to have a large 

amount of equity at risk and will prefer public debt because they already have a monitoring 

mechanism via their equity stake. Denis and Mihov (2003) show the choice of debt source is 

weakly influenced by managerial discretion. Managers with high equity ownership stakes will be 

more likely to issue private debt because their greater control within the firm insulates them from 

external pressures of debt holders. Morellec, Valta, and Zhdanov (2013) predict when firms’ 

shareholders have a high bargaining power in the case of default they will prefer public debt 

because they have a higher cost of private debt. 

E. Market Conditions 

Morellec, Valta, and Zhdanov (2013) build a dynamic model of investment and financing 

decisions to study the choice between public and private debt. Their model posits competitors 

can implement projects that will make the firm's growth options worthless or obsolete. As a 

result when product market competition or obsolescence risk increases, the financing risk 

associated with bank loans becomes higher and firms tend to favor public debt issues. They also 

argue firms find it optimal to finance capital expenditure by issuing private debt if the supply of 
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bank loans is high enough, because the high supply reduces bank loan costs. A summary of all 

the models and their predictions can be found in Table 3.3. 

III. Empirical Results 

To examine the relationship between debt structure choices and firm characteristics, I estimate 

Tobit regressions with limits at zero and one. The dependent variables are the proportions of 

bank debt to total debt and public debt to total debt. The base model regresses these dependent 

variables on proxies for firm characteristics: tangibility (fixed asset ratio), the residual of market 

leverage, M/B ratio, the natural log of total assets, Altman Z-Score, and the natural logarithm of 

age; and controls from previous literature:8

Including market leverage in the equation would be problematic because it is related to other 

regressors which affect the choice of public versus private debt. To alleviate this problem and 

eliminate the endogenous portion of leverage, I regress leverage on other explanatory variables 

from Frank & Goyal (2009), namely median industry leverage, M/B ratio, the fixed asset ratio, 

profitability, size, a dividend payer dummy, taxes, initial leverage and macroeconomic 

conditions. Then I use the residuals (the exogenous portion of leverage) as a proxy for leverage 

in the main equations. This residual is highly correlated with leverage and orthogonal to other 

variables so it should not affect their estimates in the regressions.  

 profitability, defined as operating income before 

depreciation scaled by total assets and a dummy for whether the firm pays a dividend.  

Full definitions of variables can be found in Appendix A. Continuous firm characteristics are 

winsorized at the 1% and 99% levels. All regressions include year, credit rating and industry 

                                                 
8 for example see Graham and Leary (2011) 
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fixed effects and standard errors are clustered by firm. All of the independent firm variables 

included in the regression are from the year preceding the sample year.  

A. Monitoring and Information Collection Costs 

The natural log of total assets proxies for size in the regression. As suggested by Diamond 

(1991), age is used, defined as the number of years since incorporation, as a proxy for reputation. 

I employ credit rating indicator variables and dummy variables for being unrated or investment 

grade to proxy for credit quality. Colla, Ippolito, and Li (2012) propose using an opaqueness 

measure to proxy for monitoring costs. A firm that is more opaque has higher monitoring costs. 

Following Sufi (2007, 2009), Gomes and Phillips (2009), and others, I use R&D expenses as a 

percentage of total assets to measure opaqueness and proxy for monitoring costs. A number of 

variables are utilized to proxy for asymmetric information including whether the firms is in the 

S&P 1500, the number of analysts covering the firm, and analysts’ surprise, defined as the 

absolute value of the difference between the median quarterly earnings estimate and the actual 

quarterly earnings estimate normalized by stock price at the fiscal quarter end, from IBES.  

Table 3.4 presents the results of the base line regressions with the dependent variables as the 

proportion of debt held by banks, and the proportion of debt that is publicly held. Most of the 

signs of the independent variables are of opposite sign, usually with similar significance, 

between the bank debt and public debt regressions. For this reason I will focus the discussion 

around the public debt regression, unless the analysis of the bank debt regression would provide 

different support or contradiction for model predictions than the public debt regression would. 

The control variables have their predicted signs from the literature and the model seems to be a 

good overall fit with a pseudo R2 of 0.1939 (0.1181) for the public (bank) debt regressions.  
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The natural logarithm of total assets is positive and significant in the public debt regression 

which confirms Fama’s (1985) prediction that large firms prefer public debt because the cost is 

cheaper and there are economies of scale in producing the information required with public 

issuance. Age serves as a proxy for reputation in the model. The positive and significant 

coefficient on the natural logarithm of age confirms Diamond’s (1991) assertion that firms will 

borrow and repay bank debt long enough to establish a reputation and will then switch to 

borrowing in the cheaper public market.  

In Table 3.5, I test Berlin and Loeys’ (1988) and others prediction that being of high credit 

quality decreases the value of being monitored and increases the preference for public debt by 

including credit rating dummy variables in the Tobit regressions. The columns labeled (1) reveal 

having an investment grade rating is positively related to public debt while being unrated is 

negatively related, the opposite is true for bank debt. Columns labeled (2) show the regressions 

with the credit rating dummies. The coefficients on the high credit rating dummies are positive 

and largely significant in the public debt regression while the lower credit rating and being 

unrated are not significantly related to public debt. In the bank debt equation, the proportion of 

bank debt to total debt is only significantly positively related to the unrated dummy variable. 

Overall, the results in Table 3.5 confirm Berlin and Loeys’ (1988) prediction regarding credit 

quality.   

To assess Berlin and Loey’s (1988) hypothesis that monitoring costs are positively related to 

public debt, I include R&D expense scaled by total assets in the baseline regression. The results 

are presented in Table 3.6; the sample size in model (1) is diminished because of the large 

number of firms who don’t report R&D expenditure. The model predicts R&D should be 

positively and significantly related to public debt. The results show that R&D is insignificant and 
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signed incorrectly in the public debt regression. The coefficient on R&D is negative and 

marginally significant in the bank debt regression indicating firms with less transparency may 

use bank debt less. Overall the results are weak regarding Berlin and Loey’s (1988) hypothesis. 

In model (2) proxies for asymmetric information are included in the baseline model. The number 

of analysts and an indicator variable for whether the firm is in the S&P 1500 are significantly 

positively related to public debt while analysts surprise is significantly negatively associated with 

public debt implying firms with high asymmetric information issues prefer bank debt as 

predicted by Hadlock and James (2002). 

B. Renegotiation 

As pointed out by Johnson (1997) cash flow volatility should be negatively related to the 

precision of interim indicators (i.e. financial ratios), because more volatile cash flows will lead to 

less precise financial ratios which can affect bond covenants. Therefore firms with imprecise 

indicators will prefer bank debt which can be renegotiated. I define cash flow volatility as the 

standard deviation of quarterly operating income over the previous 12 quarters scaled by total 

assets.  I use Altman Z- score to proxy for financial distress and Hadlock and Pierce’s (2010) 

Size-Age index in robustness analysis. Detragiache (1994) suggests using the proportion of a 

firm’s assets that are intangible as a positive indicator for the potential of asset substitution. I use 

the fixed asset ratio (a measure of tangibility) as a negative indicator of potential asset 

substitution problems. The market-to-book ratio can also proxy for asset substitution likelihood 

because firms with higher M/B ratios have higher growth opportunities which are intangible and 

subject to asset substitution. All of these variables are included in the regressions in Table 2.4. 

In Model (2) of Table 3.4, the coefficient on cash flow volatility in the public debt equation is 

positive but not significant, and the coefficient is negative and significant in the bank debt 
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regression. Berlin & Loeys (1988) note that liquidation and renegotiation decisions that 

accompany bank loans are based on interim indicators (i.e. financial ratios) so firms with 

imprecise indicators, proxied by high cash flow volatility, will prefer bank debt which the 

opposite of the results in Table 3.4.   

Altman’s Z-score is used to proxy for the likelihood of financial distress. The negative and 

significant coefficient on Z-score in the bank debt regression confirms Chemmanur and Fulghieri 

(1984) prediction that firms with increased likelihood of financial distress will value 

renegotiation more and prefer bank debt. However, the Z-score coefficient is also negative in the 

public debt equation, implying that in general having a high probability of financial distress is 

negatively related to having public or bank debt.  

Detragiache’s (1994) model identifies asset substitution as a potential problem with bank debt 

fostered by the ability to renegotiate. So firms with a high likelihood of asset substitution will 

prefer public debt. The evidence for this hypothesis is mixed. He suggests using tangibility as a 

negative indicator to proxy for the likelihood of asset substitution. The lack of significance on 

the coefficient on tangibility in Table 3.4 doesn’t support his prediction. However, using the M/B 

ratio as a proxy for asset substitution problems because of the intangible nature of growth 

opportunities, the positive and significant coefficient on the market-to-book ratio supports 

Detragiache’s model’s prediction. 

C. Project Quality and Asset Collateral 

The fixed asset ratio is also used to proxy for asset collateral and the project liquidation value. 

Alternatively M/B can be used to proxy for project liquidation value. A high M/B ratio implies 

that proportionately more of the value of the firm is in future prospects than assets already in 
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place. For this reason, the M/B ratio can be considered as a negative indicator for project 

liquidation value. Further, the market-to-book ratio is used to measure investment opportunities 

and project quality along with Tobin’s Q in the robustness analysis. Markets should value high 

quality project more which would lead to a higher market-to-book ratio.   

There are competing theories regarding how project quality is related to debt composition. I use 

the market-to-book ratio to proxy for project quality in Table 3.4. The coefficient on the M/B 

ratio is positive and significantly related to the proportion of public debt used. This result 

confirms Rajan’s (1992) hypothesis that bank control is less valuable for a firm who has high 

quality projects and therefore they will prefer public debt, but is at odds with Yosha (1995) who 

predicts a negative relationship because firms with high quality projects will not want to reveal 

sensitive information about these projects to rivals through the disclosure required for public 

debt issuance. The coefficient on M/B, as a negative indicator for project liquidation value, 

provides some evidence for Berlin & Loey’s (1988) hypothesis that early liquidation is less 

valuable for firms with low liquidation values so these firms prefer public debt. Finally, using 

market-to-book as a proxy for investment opportunities, the results confirm Hoshi et. al (1993)’s 

prediction that managers of firms with profitable investment opportunities find investing in 

unprofitable projects more costly and do not need to be monitored and prefer public debt.  

The coefficient for tangibility, measured by the fixed asset ratio is not significant in either 

regression. The positive coefficient on tangibility, used as a proxy for project liquidation value, 

is not consistent with Berlin & Loeys (1988) prediction that firms with lower liquidation values 

will prefer public debt, but it is insignificant. However, tangibility also serves as a proxy for 

asset collateral value. Hoshi, Kashyap, and Scharfstein (1993) assert that firms with high 

collateral-at-risk will prefer public debt because it is cheaper and the collateral will serve as a 
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monitoring mechanism, rather than bank monitoring. The positive coefficient on tangibility is in 

line with this hypothesis, but lacks significance.  

 

D. Firm Ownership 

Three variables are used to study how ownership affects the choice between public and private 

debt: institutional holdings, managerial holdings, and leverage. From Thompson Reuters 

institutional holdings database, I obtain the fraction of firm shares held by institutions. 

Execucomp provides the percent of stock held by the top executives at each firms.  

The results are presented in Table 3.7, Model (1) shows institutional ownership is significantly 

negatively related to bank debt, consistent with firms who have a larger institutional presence 

needing less bank monitoring. Further an increase in the bargaining power of the firm leads will 

to an increase in public debt and decrease in bank debt usage because it makes it more costly to 

borrow from private sources. In Model (2) the coefficient on managerial ownership is positive 

and significant for bank debt and negative and significant for public debt. This result confirms 

Morellec, Valta & Zhdanov (2013) prediction that managers with high equity ownership stakes 

will be more likely to use private debt because their greater control within the firm insulates 

them from external pressures of debt holders. The coefficient on the residual of leverage is 

positive and significantly related to public debt usage throughout all regressions. This result is 

inconsistent with Hoshi, Kashyap, and Scharfstein’s (1993) prediction that firms with low 

leverage have more equity at risk and will prefer public debt because the equity at risk will 

govern their investment decisions. 
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E. Market Conditions 

To proxy for product market competition, I use the Hoberg, Phillips, and Prabhala (2014) fluidity 

variable which assesses the degree of competitive threat and product market change surrounding 

a firm. The final model in Table 3.7 includes this proxy for product market competition, which is 

positive and significant in the public debt regression and negative and significant in the bank 

debt regression. This result provides evidence that the financing risks associated with bank loans 

become higher with increased product market competition and these firms will prefer public 

debt. 

Table 3.8 examines the relationship between macroeconomic credit conditions and the choice 

between public and private debt. The regressions include a dummy variable for weak credit 

which is equal to one when the annual average of the net percentage of loan officers reporting 

tighter credit standards for commercial and industrial loans over the previous four quarters taken 

from the Federal Reserve Board's Senior Loan Officer Opinion Survey on Bank Lending 

Practices is positive, and zero otherwise with other credit market variables. The credit spread, 

defined as the difference between AAA rated bonds and BBB, the term spread, defined as the 

difference between the yields on the ten year and one year constant maturity interest rate 

securities, and expected inflation are significantly negatively related to public debt. The dummy 

variable for weak credit is positive and significant for public debt and negative and significant 

for bank debt. These results confirm Morellec, Valta & Zhdanov’s (2013) prediction that because 

bank loans are less costly when the supply of loans is high, firms will find it optimal to finance 

capital expenditures with bank loans if the credit supply of bank loans is sufficiently high. 

IV. Robustness 
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A. Access to Public Debt Markets 

Almost all theoretical models assume bank debt and public debt to be substitutes, so it is 

interesting to examine bank debt use by firms who are able to access to both markets and see if 

the benefits of bank debt presented in the results hold for these firms. Tables 3.9 and 3.10 

analyze bank debt use within the group of firms with access to the public debt markets.  Firms 

are considered to have access to public debt markets if they have public debt outstanding and/or 

are rated by S&P. Columns (1), (2), and (3) present the bank debt regressions from tables 3.4, 

3.5, and 3.6, respectively for the access to public credit markets subsample. The coefficients in 

Table 3.9 are qualitatively similar to those in the previous tables, although market leverage loses 

significance in column (1) and the unrated indicator variable is no longer significant in column 

(2), largely because there are a small number of unrated firms in the subsample. There is also 

significance for the negative R&D coefficient in column (3) providing evidence for Berlin & 

Loeys (1988) assertion that bank debt decreases as monitoring costs increase. Table 3.10 

replicates Tables 3.7 and 3.8 bank debt regressions for the access to public markets subsample. 

Again the results are qualitatively similar to the previous results. Overall the results in Tables 3.9 

and 3.10 confirm that characteristics affecting bank debt usage remain when firms have access to 

public credit markets. 

B. Alternative Proxies 

Table 3.11 provides alternative proxies for investment opportunities and financial distress from 

those presented in the main analysis. In columns (1) and (3) Tobin’s Q is employed as an 

alternative proxy for investment opportunities. Like the coefficient on the M/B ratio, Tobin’s Q 

is significantly positively related to public debt and significantly negatively related to bank debt, 
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which confirms the results presented in the main analysis that firms with more profitable 

investment opportunities prefer public debt.  

Hadlock and Pierce (2010) examine existing measures of financial constraints, specifically the 

Kaplan and Zingales index of constraints used in Lamont et. al (2001) and the Whited and Wu 

(2006) index, and find that firm size and age are just as useful predictors of financial constraint 

levels as these indexes. They propose a measure of financial constraint based only on size and 

age and show it is robust and preferable to these existing indexes which use qualitative 

information. Their size-age index (SA index) measure relates, using a quadratic function, the 

relationship of age and size to the likelihood of financial distress. Specifically:  

SA Index= (-0.737*Size)+(0.043.*Size2)-(0.04*Age) 

where size is the log of the min ($4.5 billion, Total Assets) and age is the min (37, Age in years). 

I generate this measure and include it as robustness to the Z-score to proxy for financial distress. 

Columns (2) and (4) of Table 3.11 include the SA index; it is significantly negatively associated 

with public debt and positively associated with bank debt providing stronger evidence than Table 

2.4’s Z-score for the prediction that firms with a high likelihood of financial distress prefer bank 

debt.  

V. Conclusions 

Using a new comprehensive database containing firm-level debt structure information, this paper 

tests an array of theoretical model predictions regarding a firm’s preference for public versus 

private debt. The sample contains debt structure data for roughly 90% of the firm’s in the 

Compustat universe. The data reveals revolving credit has remained relatively stable over the 
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sample period at around 20% of total debt while term loans have increased over 40%, resulting 

in bank debt increasing from 40% of total debt in 2002 to 48% in 2012, a 22% increase. Bonds 

and notes have made up approximately half of a firm’s total debt during the sample period.  

Consistent with extant literature, I document that public debt is significantly positively related to 

a firm’s size, credit quality, and reputation. Asymmetric information present in firms is 

significantly negatively related to public debt and positively related to bank debt where lenders 

are better able to overcome these problems. Because of the ability to renegotiate bank debt, 

public debt is also negatively related to the likelihood of both financial distress and asset 

substitution. Project quality is positively related to debt while product liquidation is negatively 

related.   

The ownership structure of firms is a crucial determinant of the choice between public and 

private debt. Firms with large institutional shareholder presence will use more public debt 

because they have less of a need for bank monitoring. Similarly firms with high managerial 

ownership will use less public debt to avoid pressures of external debt holders and maintain 

control within the firm. Finally, credit market conditions play an important role in the choice 

between public and private debt. The credit spread, the term spread, and expected inflation are 

negatively related to public debt usage. Importantly, the dummy variable for weak credit 

indicating firms only choose to finance with private debt when the supply of loans is high 

enough. Since they are assumed by most literature to be substitutes it is interesting to examine 

bank debt use by those firms who are able to access both markets to see if the benefits of bank 

debt presented in theoretical models hold. All characteristic impacts’ on bank debt are robust to 

having access to public credit markets.  
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Table 3.1 
Debt Decomposition Statistics 

This table reports debt decomposition statistics for the sample. Panel A illustrates annual mean ratios of various debt types, bank debt, and public debt to total debt from 2002 to 
2012. Panel B shows the distribution of ratios of different debt types to total debt.  The sample consists of non-utility (excluding SIC codes 4900-4949) and non-financial 
(excluding SIC codes 6000-6999) U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. The following have been removed 1) firm-years with missing or 
zero values for total assets; 2) firm-years with missing or zero total debt; 3) firm-years with market or book leverage outside the unit interval; and 4) firm-years for which the 
difference between total debt as reported in Compustat and the sum of debt types as reported in Capital IQ exceeds 10% of total debt to obtain the sample of 23,707 firm-year 
observations involving 4,874 unique firms.  

Panel A: Debt Structure by Year 
  2002   2003   2004   2005   2006   2007   2008   2009   2010   2011   2012 

Commercial Paper 0.0091   0.0066   0.0068   0.0070   0.0077   0.0076   0.0063   0.0038   0.0032   0.0046   0.0051 
Revolving Credit 0.2154   0.1911   0.1800   0.1840   0.2049   0.2093   0.2370   0.2023   0.1959   0.2279   0.2238 
Term Loans 0.1803   0.1779   0.1844   0.1937   0.2027   0.2322   0.2431   0.2632   0.2592   0.2578   0.2567 
Bonds and Notes 0.4541   0.4877   0.4986   0.4882   0.4623   0.4315   0.3974   0.4106   0.4290   0.4074   0.4275 
                                            
Bank Debt 0.3957   0.3690   0.3644   0.3777   0.4076   0.4415   0.4801   0.4655   0.4551   0.4857   0.4805 
Public Debt 0.4362   0.4943   0.5054   0.4952   0.4701   0.4391   0.4037   0.4143   0.4322   0.4120   0.4326 
                                            

Panel B: Debt Structure Distribution 
           Mean   p1   p25   Median   p75   p99             

Commercial Paper         0.0063   0   0   0   0   0.1985             
Revolving Credit         0.2059   0   0   0   0.2999   1             
Term Loans         0.2208   0   0   0   0.3703   1             
Bonds and Notes         0.4465   0   0   0.4168   0.9008   1             
                                            
Bank Debt         0.4267   0   0   0.3030   0.9303   1             
Public Debt         0.4527   0   0   0.4263   0.9203   1             
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Table 3.2 
Summary Statistics 

This table presents summary statistics aggregated across all years for the sample and for subsamples based on whether the firm uses public debt 
or not. The sample consists of non-utility (excluding SIC codes 4900-4949) and non-financial (excluding SIC codes 6000-6999) U.S. firms 
covered by both Capital IQ and Compustat from 2002 to 2011. Total assets and total debt are expressed in millions dollars. Definitions of the 
variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% levels. The table presents means and 
medians of firm characteristics. The last two columns of the table present test statistics of the t-test and the Wilcox rank-sum test of the 
differences in firm characteristics between the two samples.  

  Full Sample (1)   No Public Debt (2)   Uses Public Debt (3)   

Difference 
(2)-(3) 
means   

Difference 
(2)-(3) 

medians 
  Mean   Median   Mean   Median   Mean   Median   p-value   p-value 

Profitability 0.3305   0.1017   0.0054   0.0891   0.0458   0.1057   <0.0000   <0.0000 
Tangibility 0.3068   0.2249   0.2600   0.1796   0.3285   0.2499   <0.0000   <0.0000 
Total Debt 843.31   87.68   79.31   9.01   1210.75   244.21   <0.0000   <0.0000 
Market-to-Book Ratio 1.7278   1.1787   1.9454   1.3148   1.6243   1.1273   <0.0000   <0.0000 
Market Leverage 0.2526   0.1830   0.1536   0.0684   0.2982   0.2363   <0.0000   <0.0000 
Total Assets 2928.49   438.05   456.50   154.05   4117.39   812.30   <0.0000   <0.0000 
Dividend Payer 0.2903   0   0.1828   0   0.3399   0   <0.0000   <0.0000 
Age 15.60   12   11.84   9   17.34   13   <0.0000   <0.0000 
Unrated 0.6483   1   0.9203   1   0.5307   1   <0.0000   <0.0000 
Investment Grade 0.1299   0   0.0118   0   0.1867   0   <0.0000   <0.0000 
Cash Flow Volatility 27.73   5.26   6.66   2.39   37.62   8.28   <0.0000   <0.0000 
R&D Expense 0.1005   0.0334   0.1282   0.0592   0.0855   0.0257   <0.0000   <0.0000 
S&P 1500 0.3289   0   0.1802   0   0.3975   0   <0.0000   <0.0000 
Analysts 8.67   7   6.20   5   9.76   8   <0.0000   <0.0000 
Analysts' Surprise 0.2333   0.0219   0.2924   0.0219   0.2087   0.0219   0.1873   0.3934 
Institutional 
Ownership 56.84   62.11   48.27   46.07   60.99   69.12   <0.0000   <0.0000 
Managerial Ownership 4.06   1.00   5.88   1.48   3.50   0.90   <0.0000   <0.0000 
Competition (Fluidity) 7.2782   6.6692   7.5566   6.9885   7.1580   6.5121   <0.0000   0.0865 
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Table 3.3 
Model Predictions 

 

Prediction Variable Proxy 
Public 

Debt Sign 
predicted 

Public 
Debt 
Sign 

actual 

Model 

Monitoring Costs and Information Production 
Cost of producing information 
required for public debt is too high 
for small firms. Small (large) firms 
prefer bank (public) debt 

Size ln(Total 
Assets) + + Fama 

(1985) 

High credit quality decreases the 
value of being monitored, so high 
quality firms prefer public debt 

Credit 
Quality Credit Rating + + 

Berlin & 
Loeys 
(1988) 

Since the agency costs of delegating 
monitoring to a bank increase with 
monitoring costs, the preference for 
bank debt decreases in these costs 

Monitoring 
Costs R&D + - 

Berlin & 
Loeys 
(1988) 

Firms borrow and repay bank debt to 
build its reputation, once it has 
established reputation a firm will 
prefer public debt 

Reputation Age + + Diamond 
(1991) 

Banks possess comparative 
advantages over public investors in 
pricing claims that are hard to value 
because of information asymmetry 

Asymmetric 
Information 

S&P Indicator,     
# of Analysts, 

Analyst 
Surprise 

+                  
+                 
- 

+                  
+                 
- 

Hadlock & 
James 
(2002) 

Renegotiation 
Since liquidation decisions and 
renegotiation are based on interim 
indicators firms with imprecise 
indicators prefer bank debt 

Interim 
Indicator 
Precision 

CF Volatility - + 
Berlin & 

Loeys 
(1988) 

Firms with increased likelihood of 
financial distress value renegotiation 
more and will prefer bank debt 

Likelihood of 
FI Distress 

Altman Z-
Score 

SA Index 
- - 

Chemmanur 
& Fulghieri 

(1984) 
The ability to renegotiate fosters 
asset substitution problems, firms 
use public debt to decrease the 
likelihood of asset substitution 

Likelihood of 
Asset 

Substitution 

M/B Ratio           
-(Tangibility) 

+                  
- 

+                  
+ 

Detragiache 
(1994) 
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Prediction Variable Proxy 
Public 

Debt Sign 
predicted 

Public 
Debt 
Sign 

actual 

Model 

Project Quality and Asset Collateral 
Because disclosure associated with public 
debt can reveal sensitive information to 
rivals, firms with high project quality will 
use bank debt 

Project 
Quality M/B Ratio - + Yosha 

(1995) 

LT bank debt can distort incentives 
because managers have less incentive to 
avoid unprofitable projects. Bank control 
is more valuable to a firm with low 
quality projects so these firms prefer bank 
debt 

Project 
Quality M/B + + Rajan 

(1992) 

Managers of firms that have profitable 
investment opportunities find investing in 
unprofitable projects more costly and do 
not need to be monitored and prefer public 
debt 

Investment 
Opportunities 

M/B Ratio                 
Tobin's Q 

+                  
+ 

+                  
+ 

Hoshi, 
Kashyap, 

Scharfstein 
(1993) 

Firms with valuable assets in place use 
public debt because collateral-at-risk 
governs investment decisions 

Asset 
Collateral Tangibility  + + 

Hoshi, 
Kashyap, 

Scharfstein 
(1993) 

Early liquidation from monitoring is less 
valuable for firms with low liquidation 
values so they prefer public debt  

Project 
Liquidation 

Value 

Tangibility                               
-(M/B 
Ratio)    

-                  
- 

+                  
- 

Berlin & 
Loeys 
(1988) 

Firm Ownership 
Because private debt is renegotiable, an 
increase in the bargaining power of 
shareholders leads an increase in the 
public debt use because private debt is 
more costly 

Bargaining 
Power 

Fraction of 
Shares 

owned by 
Institutiona
l Investors 

+ + 

Morellec, 
Valta & 
Zhdanov 
(2013) 

Firms with low leverage have more 
equity-at-risk and are more likely to use 
public debt 

Leverage Residual of 
Leverage - - 

Hoshi, 
Kashyap, 

and 
Scharfstein 

(1993) 
Managers with high equity ownership 
stakes will be more likely to issue private 
debt because: their ownership stake gives 
them the incentive to choose the security 
that maximizes value, and their greater 
control within the firm insulates them 
from external pressures of debt holders 

Managerial 
Ownership 

% of stock 
held by 
Top 5 

Executives 

- - 
Denis & 
Mihov 
(2003) 
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Prediction Variable Proxy 
Public 

Debt Sign 
predicted 

Public 
Debt 
Sign 

actual 

Model 

External Conditions 
Firms find it optimal to  finance capital 
expenditure by issuing private debt if the 
supply of bank loans is high enough, 
because the high supply reduces bank loan 
costs 

Weak Credit 
Supply Fed Survey + + 

Morellec, 
Valta & 
Zhdanov 
(2013) 

Competitors can implement projects that 
will make the  firm's growth option 
worthless or obsolete, as product market 
competition or obsolescence risk 
increases, the  financing risk associated 
with bank loans becomes higher and  
firms tend to favor public debt issues. 

Competition 

Fluidity 
(Hoberg & 
Phillips)/ 

HHI 

+ + 

Morellec, 
Valta & 
Zhdanov 
(2013) 
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Table 3.4 
Debt Choice and Firm Characteristics 

This table presents Tobit regressions of the proportions of public and bank debt relative to total debt on the proxies and controls 
for the sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. Definitions of the variables are 
provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% levels. The robust standard errors 
are reported below the coefficients. Robust standard errors are clustered at the firm level. The regressions include year, 
industry, and credit rating fixed effects.  The symbols ***, **, and * denote statistical significance at the 1%, 5%, and 10% 
levels, respectively.  
  Public Debt          Bank Debt 
  (1)   (2)     (1)   (2) 
Profitability -0.2276 ***   -0.3046 ***     0.4827 ***   0.3094 *** 
  (0.041)     (0.033)       (0.047)     (0.037)   
Tangibility 0.0054     0.0553       -0.0674 *   0.0294   
  (0.042)     (0.039)       (0.040)     (0.040)   
Market Leverage 0.2118 ***   0.3886 ***     -0.1513 ***   0.0545   
  (0.035)     (0.034)       (0.035)     (0.035)   
Market-to-Book Ratio 0.0471 ***   0.0247 ***     -0.0179 ***   -0.0309 *** 
  (0.006)     (0.005)       (0.006)     (0.005)   
ln(Total Assets) 0.0744 ***   0.0659 ***     -0.0545 ***   -0.0304 *** 
  (0.006)     (0.007)       (0.006)     (0.006)   
ln(Age) 0.0397 ***   0.0470 ***     -0.0208 ***   -0.0109   
  (0.009)     (0.009)       (0.008)     (0.009)   
Dividend Payer 0.0083     -0.0163       0.0265     0.0177   
  (0.020)     (0.020)       (0.034)     (0.019)   
ln(Altman Z Score) -0.0539 ***           -0.0765 ***       
  (0.005)             (0.005)         
CF Volatility       0.0001             -0.0049 *** 
        (0.001)             (0.001)   
                          
                          
Year & Industry F.E. yes     yes       yes     yes   
Credit Rating F.E. yes     yes       yes     yes   
                          
Pseudo R2 0.1939     0.1751       0.1181     0.0917   
Number of Obs. 17,419     15,322       17,419     15,332   
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Table 3.5 
Debt Structure and Credit Rating 

This table presents Tobit regressions of the different proportions of debt types on credit rating or investment grade dummy 
(BBB and higher) and controls for the sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. 
Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% 
levels. The robust standard errors are reported below the coefficients. Standard errors are clustered at the firm level. The 
regressions include year and industry fixed effects.  The symbols ***, **, and * denote statistical significance at the 1%, 
5%, and 10% levels, respectively.  

  Public Debt          Bank Debt 
  (1)   (2)     (1)   (2)   
Profitability -0.3156 ***   -0.3011 ***     0.3286 ***   0.3285 ***   
  (0.029)     (0.029)       (0.033)     (0.032)     
Tangibility 0.0632 *   0.0514       0.0257     0.0319     
  (0.037)     (0.036)       (0.037)     (0.036)     
Market Leverage 0.3965 ***   0.3921 ***     0.0230     0.0385     
  (0.032)     (0.031)       (0.031)     (0.031)     
Market-to-Book Ratio 0.0259 ***   0.0253 ***     -0.0347 ***   -0.0330 ***   
  (0.005)     (0.005)       (0.005)     (0.005)     
ln(Total Assets) 0.0628 ***   0.0618 ***     -0.0374 ***   -0.0371 ***   
  (0.006)     (0.006)       (0.005)     (0.005)     
ln(Age) 0.0445 ***   0.0515 ***     -0.0175 **   -0.0177 **   
  (0.009)     (0.008)       (0.008)     (0.008)     
Dividend Payer -0.0056     -0.0053       0.0093     0.0106     
  (0.018)     (0.018)       (0.018)     (0.018)     
Investment Grade 0.1320 ***           -0.2072 ***         
  (0.020)             (0.023)           
AA       0.1927 **           -0.0061     
        (0.096)             (0.130)     
A       0.3225 ***           -0.1580     
        (0.099)             (0.127)     
BBB       0.2967 ***           -0.0356     
        (0.099)             (0.125)     
BB       0.1516 *           0.1822     
        (0.100)             (0.126)     
B       0.2024 **           0.0987     
        (0.101)             (0.127)     
CCC       0.1630             0.1379     
        (0.108)             (0.132)     
CC        0.0828             0.1442     
        (0.145)             (0.163)     
Unrated -0.2500 ***   -0.0946       0.1583 ***   0.3045 ***   
  (0.020)     (0.103)       (0.020)     (0.129)     
                            
                            
Year & Industry F.E. yes     yes       yes     yes     
Credit Rating F.E. no     no       no     no     
                            
Pseudo R2 0.168     0.1695       0.0923     0.0913     
Number of Obs. 19,154     19,767       19,154     19,767     
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Table 3.6 
Debt Choice and Asymmetric Information 

This table presents Tobit regressions of the different proportions of public and bank debt on the proxies for asymmetric 
information and controls for the sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. 
Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 
99% levels. The robust standard errors are reported below the coefficients and are clustered at the firm level. The 
regressions include year, credit rating and industry fixed effects.  The symbols ***, **, and * denote statistical 
significance at the 1%, 5%, and 10% levels, respectively.  
  Public Debt          Bank Debt 
  (1)   (2)     (1)   (2)   
Profitability -0.1832 *   -0.1736 ***     0.3797 ***   0.4753 ***   
  (0.059)     (0.062)       (0.062)     (0.066)     
Tangibility -0.0780 *   0.0016       0.0303     -0.0586     
  (0.064)     (0.048)       (0.062)     (0.048)     
Market Leverage 0.2177 ***   0.2528 ***     -0.1603 ***   -0.2713 ***   
  (0.053)     (0.046)       (0.054)     (0.048)     
Market-to-Book Ratio 0.0528 ***   0.0405 ***     -0.0139 **   -0.0141 *   
  (0.007)     (0.008)       (0.007)     (0.008)     
ln(Total Assets) 0.0687 ***   0.0724 ***     -0.0563 ***   -0.0459 ***   
  (0.008)     (0.010)       (0.008)     (0.010)     
ln(Age) 0.0375 ***   0.0433 ***     -0.0200 *   -0.0348 ***   
  (0.012)     (0.010)       (0.168)     (0.010)     
Dividend Payer 0.0054     -0.0020       0.0370     0.0375 *   
  (0.028)     (0.022)       (0.027)     (0.022)     
ln (Altman Z-Score) -0.0739 ***   -0.0610 ***     -0.0782 ***   -0.0757 ***   
  (0.006)     (0.007)       (0.007)     (0.007)     
R&D Expense -0.0142             -0.2089 *         
  (0.122)             (0.122)           
S&P 1500 0.0536 **   0.0455 **     -0.0431     -0.0197     
  (0.028)     (0.022)       (0.028)     (0.022)     
Analysts       0.0035  **           -0.0077 ***   
        (0.002)             (0.002)     
Analysts Surprise       -0.0059 ***           -0.0018     
        (0.002)             (0.002)     
                            
                            
Year & Industry F.E. yes     yes       yes     yes     
Credit Rating F.E. yes     yes       yes     yes     
                            
Pseudo R2 0.1839     0.2402       0.1068     0.1388     
Number of Obs. 10377     11544       10377     11544     
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Table 3.7 
Debt Choice, Ownership Structure and Competition 

This table presents Tobit regressions of the different proportions of public and bank debt on ownership and competition variables and controls for the sample of U.S. 
firms covered by both Capital IQ and Compustat from 2002 to 2012. Definitions of the variables are provided in Appendix A. Continuous firm characteristics are 
winsorized at the 1% and 99% levels. The robust standard errors are reported below the coefficients and are clustered at the firm level. The regressions include year, 
credit rating and industry fixed effects.  The symbols ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.  

  Public Debt          Bank Debt 
  (1)   (2)   (3)     (1)   (2)   (3)   
Profitability -0.2337 ***   -0.2670 ***   -0.2032 ***     0.4798 ***   0.7314 ***   0.4795 ***   
  (0.049)     (0.110)     (0.049)       (0.053)     (0.119)     (0.054)     
Tangibility 0.0414     -0.0086     0.0280       -0.0959 **   -0.0820     -0.0682     
  (0.045)     (0.055)     (0.048)       (0.044)     (0.059)     (0.048)     
Market Leverage 0.2145 ***   0.2322 ***   0.1672 ***     -0.1662 ***   -0.1930     -0.1250 ***   
  (0.040)     (0.052)     (0.042)       (0.039)     (0.057)     (0.043)     
Market-to-Book Ratio 0.0435 ***   0.0524 ***   0.0398 ***     -0.0154 **   -0.0350 **   -0.0164 **   
  (0.007)     (0.010)     (0.007)       (0.007)     (0.011)     (0.007)     
ln(Total Assets) 0.0665 ***   0.0716 ***   0.0781 ***     -0.0417 ***   -0.0580 **   -0.0590 ***   
  (0.008)     (0.010)     (0.007)       (0.008)     (0.011)     (0.007)     
ln(Age) 0.0428 ***   0.0190     0.0422 ***     -0.0239 ***   0.0004     -0.0285 ***   
  (0.009)     (0.013)     (0.010)       (0.009)     (0.014)     (0.010)     
Dividend Payer 0.0104     0.0493 **   -0.0079       0.0264     -0.0039     0.0370 *   
  (0.021)     (0.022)     (0.022)       (0.020)     (0.055)     (0.022)     
ln (Altman Z-Score) -0.0563 ***   -0.0535 ***   -0.0601 ***     -0.0728 ***   -0.0554 ***   -0.0684     
  (0.006)     (0.009)     (0.006)       (0.006)     (0.009)     (0.007) ***   
Institutional Ownership 0.1126 ***                 -0.1305 ***               
  (0.035)                   (0.033)                 
Managerial Ownership       -0.4966 ***                 0.8839 ***         
        (0.077)                   (0.084)           
Competition             0.007  ***                 -0.0129 ***   
              (0.003)                   (0.003)     
                                        
Pseudo R2 0.2093     0.2675     0.1758       0.1254     0.1358     0.1065     
Number of Obs. 14703     7871     11030       14703     7871     11030     
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Table 3.8 
Debt Structure and Credit Conditions 

This table presents Tobit regressions of the different proportions of public and bank debt on variable related to credit 
market conditions and controls for the sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 
2012. Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% 
and 99% levels. The robust standard errors are reported below the coefficients. Robust standard errors are clustered at 
the firm level. The regressions include year, credit rating and industry fixed effects.  The symbols ***, **, and * denote 
statistical significance at the 1%, 5%, and 10% levels, respectively.  

  Public Debt          Bank Debt   
Profitability -0.2276 ***       0.4827 ***     
  (0.041)         (0.047)       
Tangibility 0.0054         -0.0674 *     
  (0.042)         (0.040)       
Market Leverage 0.2118 ***       -0.1513 ***     
  (0.035)         (0.035)       
Market-to-Book Ratio 0.0471 ***       -0.0179 ***     
  (0.006)         (0.006)       
ln(Total Assets) 0.0764 ***       -0.0545 ***     
  (0.006)         (0.006)       
ln(Age) 0.0397 ***       -0.0208 ***     
  (0.009)         (0.008)       
Dividend Payer 0.0083         0.0265       
  (0.020)         (0.019)       
ln(Altman Z Score) -0.0539 ***       -0.0765 ***     
  (0.005)         (0.005)       
Credit Spread -1.0364 ***       1.2103  ***     
  (0.241)         (0.239)       
Term Spread -0.2157 ***       0.2435 ***     
  (0.056)         (0.055)       
E(Inflation) -0.5904 ***       0.6912 ***     
  (0.128)         (0.129)       
Weak Credit 1.9298 ***       -2.2753 ***     
  (0.441)         (0.437)       
                    
Credit Rating FE yes         yes       
Year and Industry FE yes         yes       
                    
Pseudo R2 0.1939         0.1181       
Number of Obs. 17,419         17,419       
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Table 3.9 
Debt Structure and Access to Credit Markets 

This table presents Tobit regressions of the proportion of bank debt to public debt on the proxies and controls for the 
sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012 with access to public debt markets. A 
firm is determined to have access to  public debt markets if they have public debt outstanding and/or are rated by S&P. 
Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% 
levels. The robust standard errors are reported below the coefficients and are clustered at the firm level. The symbols ***, 
**, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.  
  (1)   (2)   (3)   (4) 
Profitability 0.4883 ***   0.2943 ***   0.3028 ***   0.5366 *** 
  (0.055)     (0.036)     (0.071)     (0.079)   
Tangibility -0.0808 **   0.0075     0.0278     -0.0713   
  (0.041)     (0.037)     (0.063)     (0.050)   
Market Leverage -0.0476     0.0600 *   -0.0783     -0.1637 *** 
  (0.038)     (0.032)     (0.058)     (0.049)   
Market-to-Book Ratio -0.0203 ***   -0.0328 ***   -0.0048     -0.0233 *** 
  (0.007)     (0.006)     (0.008)     (0.010)   
ln(Total Assets) -0.0414 ***   -0.0283 ***   -0.0383 ***   -0.0236 ** 
  (0.006)     (0.005)     (0.009)     (0.010)   
ln(Age) -0.0233 ***   -0.0262 ***   -0.0192     -0.0326 *** 
  (0.009)     (0.009)     (0.012)     (0.010)   
Dividend Payer -0.0069     -0.0147     0.0303     0.0165   
  (0.019)     (0.018)     (0.027)     (0.022)   
ln(Altman Z Score) -0.0673 ***         -0.0671 ***   -0.0596 *** 
  (0.006)           (0.007)     (0.007)   
Investment Grade       -0.1843 ***   -0.6071 ***       
        (0.022)     (0.144)         
Unrated       0.0055      -0.0905 ***   -0.0536 *** 
        (0.020)     (0.027)     (0.022)   
R&D Expense             -0.6071 ***       
              (0.144)         
S&P 1500             -0.0905 ***   -0.0536 *** 
              (0.027)     (0.022)   
Analysts                   -0.0076 *** 
                    (0.002)   
Analysts Surprise                   0.0046 *** 
                    (0.002)   
                        
Year & Industry F.E. yes     yes     yes     yes   
Credit Rating F.E. yes     no     yes     yes   
                        
Pseudo R2 0.1211     0.0972     0.1275     0.1479   
Number of Obs. 12,107     13,708     6,801     8,433   
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Table 3.10 
Debt Structure and Access to Credit Markets 

This table presents Tobit regressions of the proportion of bank debt to public debt on the proxies and controls for the 
sample of U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012 with access to public debt markets. A 
firm is determined to have access to  public debt markets if they have public debt outstanding and/or are rated by S&P. 
Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 
99% levels. The robust standard errors are reported below the coefficients and are clustered at the firm level. The symbols 
***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.  
  (1)   (2)   (3)   (4) 
Profitability 0.5361 ***   0.6281 ***   0.4763 ***   0.4883 *** 
  (0.069)     (0.121)     (0.064)     (0.013)   
Tangibility -0.1068 **   -0.0962 *   -0.0943 **   -0.0808 *** 
  (0.046)     (0.056)     (0.047)     (0.010)   
Market Leverage -0.0672     -0.1000 *   -0.0146     -0.0476 *** 
  (0.042)     (0.055)     (0.045)     (0.004)   
Market-to-Book Ratio -0.0220 ***   -0.0425 ***   -0.0154 *   -0.0203 *** 
  (0.008)     (0.011)     (0.008)     (0.002)   
ln(Total Assets) -0.0252 ***   -0.0481 ***   -0.0435 ***   -0.0414 *** 
  (0.008)     (0.010)     (0.007)     (0.008)   
ln(Age) -0.0270 ***   -0.0022     -0.0297 ***   -0.0233 *** 
  (0.009)     (0.013)     (0.010)     (0.002)   
Dividend Payer -0.0050     -0.0056     0.0004     -0.0069   
  (0.021)     (0.022)     (0.022)     (0.005)   
ln(Altman Z Score) -0.0643 ***   -0.0567 ***   -0.0594 ***   -0.0673 *** 
  (0.006)     (0.009)     (0.006)     (0.002)   
Weak Credit                   (0.207) *** 
                    (0.005)   
Institutional Ownership -0.1773 ***                   
  (0.034)                     
Managerial Ownership       0.8615 ***             
        (0.078)               
Competition             -0.0136 ***       
              (0.003)         
                        
                        
Year & Industry F.E. yes     yes     yes     yes   
Credit Rating F.E. yes     yes     yes     yes   
                        
Pseudo R2 0.1315     0.1392     0.1183     0.1211   
Number of Obs. 10,256     6,448     7,890     12,107   
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Table 3.11 
Debt Structure and Alternative Proxies 

This table presents Tobit regressions of the proportions of public and bank debt relative to total debt on alternative proxies 
for financial distress and investment opportunities and controls for the sample of U.S. firms covered by both Capital IQ and 
Compustat from 2002 to 2012. Definitions of the variables are provided in Appendix A. Continuous firm characteristics are 
winsorized at the 1% and 99% levels. The robust standard errors are reported below the coefficients. Robust standard errors 
are clustered at the firm level. The regressions include year, industry, and credit rating fixed effects.  The symbols ***, **, 
and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. 
  Public Debt     Bank Debt 
    (1)   (2)     (3)   (4) 
Profitability   -0.2437 ***   -0.2916 ***     0.4717 ***   0.3103 *** 
    (0.041)     (0.029)       (0.047)     (0.032)   
Tangibility   0.0154     0.0469       -0.0638 *   0.0301   
    (0.041)     (0.036)       (0.040)     (0.036)   
Market Leverage   0.2052 ***   0.4052 ***     -0.1578 ***   0.0350   
    (0.035)     (0.031)       (0.035)     (0.031)   
MB Ratio         0.0234 ***           -0.0314 *** 
          (0.005)             (0.005)   
ln(Total Assets)   0.0730 ***           -0.0560 ***       
    (0.006)             (0.006)         
ln(Age)   0.0385 ***           -0.0216 ***       
    (0.009)             (0.008)         
Dividend Payer   0.0088     0.0117       0.0279     -0.0116   
    (0.020)     (0.019)       (0.019)     (0.018)   
ln(Altman Z Score)   -0.0460 ***           -0.0766 ***       
    (0.005)             (0.005)         
SA Index         -0.1166 ***           0.0569 *** 
          (0.013)             (0.012)   
Tobin's Q   0.0364 ***           -0.0329 ***       
    (0.006)             (0.063)         
                            
                            
Year & Industry F.E.   yes     yes       yes     yes   
Credit Rating F.E.   yes     yes       yes     yes   
                            
Pseudo R2   0.1910     0.1589       0.1204     0.0884   
Number of Obs.   17,612     20,050       17,612     20,050   
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Figure 3.1  
Term Loan Growth 

This figure illustrates the proportion of term loans to total debt from 2002 to 2012. The figure 
includes the proportion for the full sample and also for each of the Fama-French 12 industry 
classifications.  
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Appendix A 
Description of Variables 

This table provides a detailed description of our variables. Firm characteristics are from Compustat. 
Daily stock returns are from CRSP. Debt structure variables are from Capital IQ. Other data sources are 
included in the definition of the variables. 
Variable  Definition 
Profitability Operating Income Before Depreciation/Total Assets 
  Tangibility Net PP&E/Total Assets 
  Total Debt Debt in Current Liabilities + LT debt 
  M/B Ratio (MV Equity+Total Debt+Preferred Stock Liquidation Value-Deferred 

Taxes+Tax Credits)/Total Assets 
  Size Total Assets 
  CF Volatility Standard Deviation of quarterly operating income over the previous 12 

quarters scaled by total assets 
  Dividend Payer Dummy =1 if the value for the company's common stock dividend > 0 
  Market Leverage Total Debt/(Total Debt+MV Equity) 
  R&D Expenses R&D Expense/Total Assets 
  Unrated Dummy=1 if the firm is not rated by S&P 
  Investment Grade Dummy=1 if the firm is rated BBB or higher by S&P 
  Current Ratio Current Assets/Current Liabilities 
  Age Number of years since incorporation 
  S&P 1500 An indicator variable equal to one if the firm is in the S&P 1500 
  
Analysts Surprise 

The absolute value of the difference between the median quarterly earnings 
estimate and the actual quarterly earnings estimate normalized by stock price 
at the fiscal quarter end, from IBES. 

  Analysts The number of analysts following the firm during the fiscal year  
  Expected Inflation The first yearly observation of the 3 month T-Bill 
  Credit Spread The first yearly observation of the difference between the Moody’s Seasoned 

Baa and Aaa corporate bond rates. 
  Term Spread The first yearly observation of the difference between the ten-year and one-

year constant maturity interest rate series. 
  

Credit Tightening 

The annual average of the net percentage of loan officers reporting tighter 
credit standards for commercial and industrial loans over the previous quarter 
taken from the Federal Reserve Board's Senior Loan Officer Opinion Survey 
on Bank Lending Practices 

  Weak Credit An indicator variable equal to one if credit tightening>0 
  Altman's (1968) Z-
score 

(1.2* workingcapital+1.4 *retained earnings +3.3 *earnings before interest 
and taxes+ 0.999 *sales)/total assets+0.6 *(market value of equity/book value 
of debt) 

  Institutional Ownership Fraction of Stock owned by institutional investors 
  Managerial Ownership Fraction of Stock held by Top management 
  Competition (Fluidity) Product market fluidity, available at Hoberg-Phillips 

http://www.rhsmith.umd.edu/industrydata/ 
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SA Index Size-Age Index=(-0.737*Size)+(0.043*Size2)-(0.04*Age) 
  Tobin's Q (MV Equity+ Pref Stock + Total Debt)/Total Assets 
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CHAPTER 49

CREDIT LINE DRAWDOWNS 

 

Bank lines of credit, or revolving credit facilities, are a crucial financing option available to 

corporations. Evidence reveals they are approximately 20% of total debt and close to half of the 

firms in the Compustat universe draw on their credit lines. Even more firms employ credit lines, 

but maintain a zero balance. Furthermore during the recent financial crisis more than half of 

these firms drew on their credit lines. Theoretically firms could use credit lines for a variety of 

reasons, to hedge against future liquidity shocks from deteriorating credit conditions, to solve the 

underinvestment problems that can arise from projects with risky cash flows, to fund rapidly 

evolving or secretive projects, or to finance the seasonality of operational cash flows.  

Despite growing interest and notable recent exceptions,10

                                                 
9 A working paper version of this chapter co-authored with Dr. Douglas O. Cook exists and is being circulated 

 little empirical literature examines the 

use of bank lines of credit by corporations largely because of limited data availability. Most of 

the large sample studies examine credit lines at issuance, but do not investigate the amount that 

firm’s drawdown on their credit lines and how it changes over time. Through the utilization of 

S&P’s Capital IQ database, which provides detailed firm-level debt data for almost the entire 

Compustat universe, this article seeks to answer three questions regarding credit line drawdowns: 

Why do firms draw on their credit lines?; How much do firms draw on their credit lines?; and 

What causes changes to firms credit line drawdowns?   

10 for a survey of recent empirical evidence see Demiroglu & James (2011) 
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Recent studies11

Interestingly for the full sample, having high cash flows increases the likelihood of drawing on a 

line, but for the subsample with access to a line having high cash flows decreases the likelihood. 

Further investigation reveals that having high cash flows is necessary to obtain a line, but 

decreases the probability of drawing once access to a line has been granted. Similarly, tightening 

of credit market conditions is negatively related to the likelihood of drawing on a line for the full 

sample but positively related to drawdowns for the access subsample, implying that firms with 

credit lines are more likely to draw on them when credit markets deteriorate, but those without 

existing lines will struggle to find credit lines. 

 examine what determines if a firm has a credit line. This study is unique in that 

it examines why firms draw on their line, not why they obtain one. Further I utilize subsamples 

to isolate the decision of how much to draw to firms who have already made the decision to 

employ their credit lines once they have been obtained. To study why firms draw on credit lines, 

probit models are used with the dependent variable equal to one if the firm draws on its credit 

line. While it is interesting to study what characteristics impact any firm drawing on a credit line, 

it is also important to examine the subsample of firms with access to a credit line since the 

decision regarding drawing a credit line for a firm without one contains the noise of having to 

obtain a line, and they may not have access to those credit markets. Intuitively, the results 

indicate that having a large amount of liquid assets or assets in place decreases the probability of 

accessing a line. Firm project quality is negatively related the likelihood of drawing on a credit 

line, consistent with firms who have high project quality being less likely to suffer from 

underinvestment problems. Having a large institutional shareholder presence, more bargaining 

power in default, decreases the likelihood of drawing down on credit lines.  

                                                 
11 See Sufi (2009) and Ippolito and Perez (2012) 
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In addition to why firms access a credit line, I document determinants of how much a firm draws 

on their available credit lines using OLS and GLM regressions of drawn credit lines as a 

proportion of total debt. The analysis is conducted for the subsample of firms who have decided 

to access their line. Results indicate mature, large firms with more assets and better projects use 

less credit lines as a proportion of total debt. Credit line drawdowns are also positively related to 

cash flow, consistent with Sufi (2009)’s result that only firms with strong cash flow will draw on 

their line. The coefficient of the growth rate in Tobin’s Q is positive and significant providing 

evidence that firms with rapidly growing or secretive growth opportunities use more credit lines 

to finance these projects. Industry sales volatility is significantly positively related to credit line 

drawdowns indicating firms may be using credit lines to finance operational cash flow needs, 

this result is investigated further in the analysis of what causes changes to a firms credit line 

balances.   

Finally, changes in drawn credit lines are investigated. Once a firm has decided to obtain a credit 

line and access that line, it is interesting to discover what can causes changes to the amount 

drawn. These changes are investigated in two ways, through OLS models of the changes in 

drawn credit lines to total debt and ordered probit models which dependent variables are related 

to whether a firm increases, decreases, or makes no change to their credit line balance. The 

models are presented for the full sample, firms with access to credit lines, and firms who draw on 

their credit lines. The results indicate that increases in credit lines are positively related to 

tightening credit conditions for all samples, implying firms draw more on their available lines 

when other credit options are sparse.  
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Firm operational cash flow characteristics also contribute to changes in drawn credit line 

amounts. The change in inventories is positively related to increases in credit line drawdowns; 

while the change in working capital is negatively related providing some evidence that firms may 

be financing operational cash flows through credit lines. There is also evidence that capital 

expenditures and acquisitions are positively related to increases in credit lines for the full sample 

and the sample where firms have access to a credit line. However, for the subsample which 

draws on their credit line, acquisitions are negatively related to changes in credit line balances 

and capital expenditures are not significant, indicating these variables are more significant to 

whether a firm decides to draw on a line than to changes in a firm’s drawn amount.  

The remainder of this paper is organized as follows: Section I provides background and recent 

literature on credit lines; Section II provides details on the data; Section III analyzes why firms 

draw on credit lines; Determinants of how much a firm draws are presented in Section IV; What 

causes changes to credit line balances is examined in Section V; and Section VI concludes. 

I.  Background and Recent Literature  

A. Background 

When a firm obtains a line of credit, they receive a nominal amount of debt capacity from which 

they can draw funds on demand. Banks and financing institutions are the main providers of lines 

of credit, also known as revolving credit facilities or revolving loan commitments. The used 

portion of the credit line is a debt obligation recorded on the balance sheet; the unused portion 

doesn’t appear on the balance sheet but is detailed in the footnotes of the annual 10-K SEC 

filings. Prior to the Capital IQ gathering this information for a comprehensive dataset, such data 

had to be hand collected which led to small sample studies investigating lines of credit.  
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There are two fees associated with credit lines, a fee on the undrawn amount (estimated by Sufi 

(2009) to be 25 basis points) and a rate on the drawn portion that is usually expressed as a spread 

above a reference rate, such as LIBOR. Most credit lines are revolving meaning the firm can 

borrow against the line, pay back any portion or all of the drawn amount prior to maturity and 

then draw on the line again up to the limit as often as needed until maturity. Credit lines often 

limit managerial discretion over revolving credit lines by their contractual stated purpose (i.e. 

capital expenditures, refinancing, working capital, general corporate purposes, etc.). As with 

other debt obligations, credit lines carry covenants which impose restrictions on one or more 

financial ratios. 

B. Recent Literature 

There has been a Renaissance of literature involving credit lines in recent years. Much of the 

recent empirical evidence focuses on whether or not firms use bank lines of credit or cash in 

liquidity management. Sufi (2009) examines the bank liquidity to total liquidity ratio for a 

random sample of 300 firms who employ credit lines from 1996 to 2003. Overall he finds that 

credit lines are viable cash substitutes only for firms that maintain a high cash flow, because of 

the cash flow-based covenants associated with credit lines. Flannery and Lockhart (2009) use a 

similar random sample from 1996 to 2006 to examine the importance of transaction costs for 

managing liquidity and the effects on shareholder values. They find shareholders of 

unconstrained firms, value cash and credit lines similarly while shareholders of financially 

constrained firms benefit from the low cost liquidity provided by lines of credit and therefore 

value them more. This paper complements their work detailing the unused portion of credit lines 

as a liquidity source by examining the drawn portions and what causes firms to use their lines’ 

available credit. 
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Demiroglu et. al (2009) compare the liquidity choices of public and private firms. Their evidence 

suggests poor borrower credit quality and limited access to capital markets make access to credit 

lines more contingent for the firm.  Achayra et al. (2013) confirm bank lines of credit to firms 

with higher aggregate risk, measured by beta, is costlier and these firms opt for cash in spite of 

the liquidity premium.  Finally Yun (2009) examines the relationship between corporate 

governance issues and bank lines. His evidence suggests as governance decreases, managers 

choose the liquidity instrument which gives them the most discretion. 

 There are two survey papers which investigate liquidity management during a time of financial 

crisis or weak credit. Lins et. al (2010) survey 204 international CFOs and find fewer than half 

consider credit lines and cash substitutes. Campello et. al (2011) survey 794 CFOs from 31 

countries. Unlike Lins et al.’s (2010) survey most of their CFOs state cash and lines of credit 

choices are made jointly. The Campello et al. surveys and other recent papers examine the 

impact of the recent financial crisis on liquidity management using cash versus credit lines. 

Campello et al. (2011) compare how companies substitute between credit lines and liquidity 

during a severe credit shortage and find credit lines eased the impact of the financial crisis on 

corporate spending. Ivashina and Scharfstein (2010) examine the impact of credit lines on the 

bank lending supply. My paper complements this literature by examining the response of credit 

line drawdowns to severe contractions in the credit supply. 

Although I have very different data details and samples, this work is similar in spirit to Jimenez 

et al. (2010) and Sufi (2009). Jimenez et al. (2010) study credit lines using a comprehensive 

sample of Spanish companies. They find as financial conditions worsen, credit line usage 

increases. Further they document lender characteristics and other macroeconomic conditions 

which affect usage. They also illustrate the aging effect of line usage, it decreases by 10% per 
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year. Sufi (2009) uses detailed credit line information for a random sample of 300 firms to test 

the role of bank lines of credit in liquidity management.  

This paper is most similar to Ippolito and Perez (2012) who utilize the database used here, 

Capital IQ, to generate a large scale sample to re-examine the recent literature regarding credit 

lines role in liquidity management, and the determinants of the presence of a credit line. My 

sample does differ significantly from their in that I include the years following the financial 

crisis, 2009-2012, so I am able to evaluate credit line usage before during and after the crisis. 

Further these papers examine credit lines in the context as available liquidity and therefore relate 

them to non-cash balance sheet assets, the analysis presented here focuses on drawn credit lines 

as a component of total debt. 

II. Data 

A. Sample Construction 

One of the contributions of this paper is examining credit drawdowns on a large scale sample 

comparable to the Compustat universe. Utilizing S&P’s new Capital IQ database, I am able to 

obtain debt composition data for the majority of firms in the Compustat universe.  Capital IQ 

provides information on individual debt instruments gathered from the footnotes of the 

company’s 10-K filings. To generate the sample, I follow a process similar to Colla, Ippolito, 

and Li (2013) beginning with the Compustat universe and eliminating Utilities (SIC 4900-4949) 

and Financials (SIC 6000-6999).  Firm years with missing values or zero value for total assets or 

total debt are removed. I also eliminate firms whose market leverage is not within [0,1]. The 

Compustat dataset is then merged with the Capital IQ database and firms whose difference 
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between total debt reported in each database, scaled by total debt is greater than 0.1 are purged. 

The final sample consists of 23,697 firm-year observations involving 4,874 unique companies. 

B. Summary Statistics 

Table 4.1 reveals importance of lines of credit as debt financing choices. The table presents the 

means and medians of the proportion of drawn credit lines to total debt (DCL/TD) over the 

course of the sample by year. The time series reveals that over the sample period, firms have 

maintained an average of between 19% and 24% of their total debt in the form of credit lines. 

The means indicate credit lines are a significant portion of total debt and are an important 

instrument to the firm. Not surprisingly, credit line usage peaked in 2008 during the height of the 

financial crisis since firms likely exercised their credit lines in the face of credit rationing as bank 

lending and other forms of liquidity dried up. The medians are zero and the 75th percentiles are 

substantial implying that between a quarter and half of firms in the sample employ credit lines. 

The second panel shows the percentage of firms drawing on the credit lines between 2002 and 

2012, is close to 50% for the full sample. However, notably in 2008 the median for DCL/TD is 

positive implying that during that period of credit rationing over half of the firms in the sample 

were employing bank lines of credit. The percentage of firms using credit lines also peaked in 

2008 with 52% of the firms in the sample drawing on their credit lines.  

Credit line drawdowns are examined by industry and credit rating in Figure 4.1. Panel A 

illustrates the mean DCL/TD, the percent of firms drawing on credit lines, and the percent of 

firms with a credit line for each of the Fama French twelve industries. Not surprisingly, credit 

line drawdowns as a percent of total debt are highest for the shops, retail, and service industry 

where the operational cash flow needs are more seasonal. This industry also has the highest 

percentage of firms who draw on their lines over the sample period. The energy industry also has 
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high credit line balances as a proportion of total debt relative to the sample average of 

approximately 20%.  

Panel B of Figure 4.1 depicts the statistics by credit rating. Interestingly while 10% of AAA 

rated firms have a credit line, none of them access these lines during the sample period. The 

relationship between DCL/TD and credit rating is not monotonic. The figure reveals, other than 

the CC firms, BB firms have the highest mean DCL/TD. This spike in credit line drawdowns is 

likely because this is the first group of firms who cannot secure an investment grade rating, 

which provides much better access to and pricing from capital markets. Overall the results 

indicate credit worthiness is negatively related credit line drawdowns and industries play an 

important role in whether a firm draws on their line. For these reasons, industry and credit rating 

effects are included in regressions throughout the paper.  

Table 4.2 presents the summary statistics of the firm characteristics considered as determinants 

of drawdowns aggregated across all years for the sample. The sample covers roughly 90% of all 

Compustat firms over the time period and is comparable on all firm characteristics to the 

Compustat universe. Complete variable definitions can be found in Appendix A. Firm-level 

accounting data are gathered from Compustat and CRSP and all continuous firm characteristic 

variables are winsorized at the 1st and 99th percentiles. Summary statistics for the full sample, 

firms which access a credit line, and firms that do not access a credit line are presented. The 

statistics indicate that firms which access a credit line are more profitable, have more tangible 

assets, carry less overall debt, have small growth opportunities, low project quality and have less 

cash flow volatility. Firms who draw on credit lines are more likely to be a dividend payer, are 

smaller, and have higher market leverage. Finally, they maintain smaller current ratios and 
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smaller cash balances as a proportion of total assets indicating they are likely firms with liquidity 

needs.   

The last two columns of Table 4.2 present test statistics of the t-test and the Wilcoxon signed-

rank test of the differences in firm characteristics between the two samples. The results in the last 

two columns indicate that almost all of the firm variables included in the baseline regression and 

as proxies to test determinants are significantly different for firms that access credit line and 

those that do not indicating they are important determinants of credit line usage. 

III. Why Do Firms Draw on Credit Lines 

The drawn credit line statistics presented in Table 4.1 indicate credit lines are an extremely 

important form of debt to a firm. Theoretical literature12

Demiroglu et al. (2009) examine effects of credit market conditions on credit line usage by 

private firms and find lines of credit are valued more by private firms because they are often shut 

out from other capital market access when credit conditions worsen. There is also recent 

empirical literature which examines the substitutability of cash and credit lines when credit 

market conditions deteriorate (Ivashina and Scharfstein (2010) and Campello et al. (2010)). It is 

plausible that firms would draw on lines of credit during worsening market conditions. Morellec, 

Valta, and Zhdanov (2013) build a dynamic model of investment and financing decisions to 

 suggests credit lines are useful to hedge 

against credit rationing. Since bank lines of credit allow the firm to draw funds against the line 

any time it is below the specified capacity and before the maturity date, firms can borrow against 

the lines when credit market conditions worsen and other forms of credit are sparse. An extreme 

example of this type of situation is the most recent financial crisis.  

                                                 
12 see Blackwell (1982) and Morgan (1994) 
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study the choice between public and private debt. They investigate ownership structure and 

predict when firms shareholders have a high bargaining power in the case of default, they will 

prefer public debt use because they have a higher cost of private debt.  

Probit models presented in Table 4.3 examine why firms draw on their credit lines. The probit 

models’ dependent variable is equal to one if the firm draws on their credit line and zero 

otherwise for columns (1) and (2). Column (1) presents the result for the full sample and column 

(2) presents the results conditional on having a credit line. The regressions include several 

variables that affect credit line usage from the theoretical literature and recent empirical studies. 

Firms who face a high cost of external financing may be more reliant on internal funds in the 

form of cash or credit lines. To control for this cost, I include the natural logarithm of size, 

measured as non-cash assets; tangibility, net PP&E scaled by non-cash assets; and the market-to-

book ratio. Sufi (2009) discusses the importance of using non-cash total assets as opposed to 

total assets to scale variables. He argues because firms are likely to jointly determine cash 

balance and credit line usage, the use of cash in the denominator of the control variables will lead 

to a mechanical negative correlation. As additional variables I include the current ratio, age, 

market leverage, a dividend payer dummy, and cash flow, Sufi’s (2009) cash flow measure, 

EBITDA scaled by non-cash assets in the regressions.  

I define “credit tightening” as is the percentage of bank loan officers reporting tighter credit 

standards for commercial and industrial loans averaged over the previous year, taken from the 

Federal Reserve Board’s Senior Loan Officer Option Survey on Bank Lending Practices. I also 

include institutional holdings, computed as the fraction of stock owned by institutional investors 

from Thompson Reuters Institutional holdings database. The regressions include year, credit 

rating, and industry fixed effects and have robust standard errors clustered at the firm level. All 
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of the independent firm variables included in the regression are from the year preceding the 

sample year. 

The first column of Table 4.3 documents drawing on credit lines is significantly negatively 

related to having high fixed or current assets and project quality. Credit line drawdowns for the 

full sample are significantly positively related to being an older dividend payer and having high 

cash flow which is consistent with Sufi’s (2009) finding that bank lines of credit are used mainly 

by firms which maintain high cash flow, due to the cash flow-based financial covenants 

employed by the issuing bank. However the coefficient on cash flow in column two for the 

subsample of firms who have access to a credit line is negative and significant implying a more 

intuitive result that firms who have a credit line and high cash flows use their lines less. This 

result is investigated further in column three which presents a probit model for whether a firm 

has access to a credit line or not. The coefficient on cash flow is positively related to the 

likelihood of obtaining a line, indicating a firm needs high cash flows to be granted access a line, 

but once they obtain a line having high cash flows deters them from drawing on it. Overall the 

results indicate high cash flow is important to obtaining a line, but not drawing on the line, once 

access is granted. 

Credit tightening is significantly negatively related to the likelihood of drawing on a credit line 

for the full sample, but positively related in the subsample conditional on having access to a 

credit line. This result is likely because firms who do not have a credit line are shut out during 

times of credit rationing, but firms with access to a line during credit rationing use them more. 

This intuition is confirmed in column (3) where credit tightening is negatively related to 

obtaining a line. The coefficient on the level of institutional holdings is negative, consistent with 

firms with increased bargaining power in default using less bank debt because it is more costly 
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for them. The final column of Table 4.3 presents a Tobit model with the dependent variable as 

drawn credit lines to total debt (DCL/TD) for the full sample for robustness. The Tobit model 

results are qualitatively similar to the probit models presented. 

IV. How Much Do Firms Draw on Credit Lines 

The mean proportions of credit line balances to total debt over the course of the sample reveal 

approximately 20% of total debt held by firms is through credit lines and revolving credit 

facilities. Table 4.4 investigates determinants of the amount a firm draws on its credit lines. 

Martin and Santomero (1997) derive a model where demand for credit lines by a firm arises from 

the stochastic arrival in continuous time of short-lived opportunities to capture investment 

projects. Their model predicts firms need speed and secrecy to beat out the competitors for 

valuable investment opportunities. To capture this need, the growth rate of Tobin’s Q over the 

previous year is included in the regressions of DCL/TD for the subsample of firms who draw on 

their credit line.  

Other theoretical models explore the ability of credit lines to help firms overcome spot market 

frictions in capital markets that can make it difficult to raise funds when a firm’s liquidity needs 

change. The flexible nature of lines of credit allows them to help firms with highly variable 

liquidity needs. I regress the proportion of drawn credit lines to total debt on industry sales 

volatility, a proxy for business variability measured as the median within-year standard deviation 

of sales for all firms in the given firm’s 3-digit SIC code industry, from Sufi (2009) 13

                                                 
13 see Sufi (2009) footnote page 1073 for details on the construction of this measure. 

. Firms in 

industries with higher sales variability may desire more credit lines to manage their varying 

liquidity needs associated with changes in inventory and working capital. The regressions 
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include year, credit rating, and industry fixed effects and have robust standard errors clustered at 

the firm level. All of the independent firm variables included in the regression are from the year 

preceding the sample year. 

Results from OLS regressions of DCL/TD are reported for the subsample of firms which draw 

on their credit lines with GLM results presented for robustness in Table 4.4. Conditional on a 

firm drawing on a credit line, drawdowns as a percent of total debt are negatively related to size 

and  being a firm with good project quality. Drawdowns are positively related to being a 

dividend payer and cash flows, as found by Sufi (2009). As predicted by Martin and Santomero 

(1997), firms with a high growth rate of investment opportunities, proxied by the growth rate of 

Tobin’s Q over the previous year, draw more on bank lines of credit. The coefficient on industry 

sales volatility is positive and significant consistent with firms in industries with higher sales 

variability desiring more credit lines to manage their varying liquidity needs associated with 

changes in operational cash flow needs. 

V. What Causes Changes in Credit Line Balances 

The final question this paper seeks to consider is what causes changes in the amount drawn on 

credit lines. Once a firm has secured a credit line and chosen to access the line, there are factors 

which affect whether a firm increases or decreases their drawn balance.  

To investigate the factors which cause increases and decreases to credit lines drawn amount, I 

employ OLS regressions where the dependent variable is the change in the proportion of drawn 

credit lines to total debt. I regress the change in DCL/TD on size, tangibility, current ratio, M/B, 

market leverage, age, and a dividend payer dummy variable. These independent firm variables 

included in the regression are from the year preceding the sample year. Also included in the 

regressions is the change in credit tightening, the change in the percent of senior loan officers 
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reporting tighter credit standards, to see if credit lines balances are increasing during time of 

credit contractions. Finally, I include variables related to the liquidity needs of a firm, namely 

capital expenditures and acquisitions scaled by total assets, and changes in inventories, accounts 

receivable, and working capital. The regressions include year, credit rating, and industry fixed 

effects and have robust standard errors clustered at the firm level. 

Table 4.5 presents the results from the OLS regressions of the change in DCL/TD for the full 

sample, firms with access to a credit line, and firms which draw on their credit line in columns 

one, two, and three, respectively. The coefficient on the change in credit tightening is positive 

and significant across all samples, implying firms increase the amount drawn on their line as the 

percentage of loan officers reporting tighter standards increases. Firms with access to credit lines 

increase the proportion drawn on their lines by 6% when credit tightening increases 1%, while 

firms which draw on their lines increase the proportion drawn by 3.9%. This result also provides 

evidence that credit market conditions are strongly related to the threshold decision of whether to 

draw on a credit line. When examining the variables related to the firm’s liquidity needs, the 

coefficient on changes in inventories is positive and significant for the subsamples of firms with 

access to and firms which draw on their credit lines, indicating firms may be using their credit 

lines to finance their inventories especially since credit line usage is most prominent in industries 

where inventories change the most in response to seasonal changes. Changes in working capital 

and accounts receivable are not significantly related to changes in the amount drawn on a credit 

line.  

For the full sample and the sample with access to a credit line, capital expenditures is positively 

related to changes in the amount drawn, providing some evidence that firms may be financing 

capital expenditure with credit lines. However when the sample is isolated to firms which draw 
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on their credit lines, capital expenditure is no longer significant and the coefficient is negative. 

Finally, acquisition expense is positively related to changes in DCL/TD when looking at the full 

sample, but is negative and significant when the analysis is restricted to firms which draw on 

their lines. So while the result for the full sample implies that acquisitions may be financed by 

drawing on credit lines, the firms which access a line subsample result implies that firms which 

access their line and have a high acquisition expense use their credit line less.   

For robustness I also utilize ordered probit models to examine what causes increases and 

decreases to a firm’s credit line balance. The dependent variable is -1 , 0, 1 depending on if the 

firm’s drawn credit lines scaled by total debt decrease, stay constant, or increase, respectively.   

Results are presented in Table 4.6 for the full sample, firms with access to a credit line, and firms 

which draw on their credit line. The results are largely consistent with Table 5, but the negative 

coefficient on working capital in Table 4.6 across all specifications, provides weak evidence that 

firms credit balances are inversely related changes in working capital implying firms are 

financing operational cash flows through credit lines. Overall the results indicate that firms 

increase their credit line drawdowns in response to tighter credit conditions and to finance 

inventories, capital expenditures, and working capital.  

VI. Conclusions 

Credit lines, or revolving credit facilities, are crucial debt instruments available to firms. 

Between one quarter to one half of firms in the Compustat universe draw on their credit lines, 

while even more employ credit lines, but maintain a zero balance. Evidence reveals they are a 

substantial portion of total debt; at approximately 20% of total debt between 2002 and 2012. 

Furthermore during the recent financial crisis more than half of the firms drew on their credit 

lines and the proportion of total debt made up of credit lines peaked at almost 24%.  
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When studying why firms draw on credit lines, the results indicate that having a large amount of 

assets decreases the probability of accessing a line, as does having high quality projects. Having 

a large institutional shareholder presence, meaning more bargaining power in the event of 

default, decreases the likelihood of drawing down on credit lines. Interestingly for the full 

sample, having high cash flows increases the likelihood of drawing on a line, but for the 

subsample with access to a line having high cash flows decreases the likelihood. Investigation 

reveals that having high cash flows is necessary to obtain a line, but decreases the probability of 

drawing once access to a line has been granted. Similarly, tightening of credit market conditions 

is negatively related to the likelihood of drawing on a line for the full sample but positively 

related to drawdowns for the access subsample, implying that firms with credit lines are more 

likely to draw on them when credit markets deteriorate.  

To investigate determinants of how much a firm draws on their credit lines as a proportion of 

total debt, I use the subsample of firms which access their credit lines. Results reveals that 

conditional on a firm drawing on a credit line, drawn credit lines as a proportion of total debt is 

negatively related to size and firm quality. It is also positively related to cash flows, consistent 

with Sufi (2009)’s result that only firms with strong cash flows will draw on their line. The 

relationship between the growth rate in investment opportunities and credit line drawdowns is 

positive and significant providing some evidence that firms with rapidly growing or secretive 

growth opportunities use more credit lines to finance these projects. Finally, industry sales 

volatility is significantly positively related to credit line drawdown indicating firms may be using 

credit lines to finance operational cash flow needs, this result is confirmed in the analysis of what 

causes changes to a firms credit line balances.   
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Once a firm has decided to obtain a credit line and access that line, the results indicate that 

increases in credit lines are positively related to tightening credit conditions for all samples. Firm 

characteristics also contribute to changes in drawn credit line amounts. The change in inventories 

is positively related to increases while the change in working capital is negatively related, 

providing some evidence that firms may be financing inventories and working capital through 

credit lines. There is also evidence that capital expenditures and acquisitions are positively 

related to increases in credit lines for the full sample and the sample where firm’s have access to 

a credit line. However, for the subsample which draw on their credit line, acquisitions are 

negatively related to changes in credit line balances and capital expenditures are not significant, 

indicating these variables are more significant to whether a firm decides to draw on a line than to 

changes in a firm’s drawn amount. 
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Table 4.1 
Credit Line Usage 

This table reports the selections of the sample distribution of the ratio of drawn credit lines to total debt by year.  The sample consists of non-utility (excluding SIC codes 
4900-4949) and non-financial (excluding SIC codes 6000-6999) U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012.The following have been removed 
1) firm-years with missing or zero values for total assets; 2) firm-years with missing or zero total debt; 3) firm-years with market or book leverage outside the unit interval; 
and 4) firm-years for which the difference between total debt as reported in Compustat and the sum of debt types as reported in Capital IQ exceeds 10% of total debt, to obtain 
our sample of 23,697 firm-year observations involving 4,874 unique firms. 

Drawn Credit Lines to Total Debt 
    2002   2003   2004   2005   2006   2007   2008   2009   2010   2011   2012   

Mean   0.2154   0.1911   0.1800   0.1840   0.2049   0.2093   0.2370   0.2023   0.1959   0.2279   0.2238   
Median   0   0   0   0   0   0   0.0139   0   0   0   0   
p75   0.3382   0.2677   0.2334   0.2584   0.2833   0.3095   0.4100   0.2900   0.2547   0.3692   0.3439   
                                                

Percentage of Firms Drawing on their Credit Lines 
    2002   2003   2004   2005   2006   2007   2008   2009   2010   2011   2012   

    0.4851   0.4487   0.4337   0.4475   0.4767   0.4759   0.5223   0.4718   0.4414   0.4871   0.4888   
                                                
N   2144   2351   2282   2353   2299   2217   2328   2107   1980   1979   1659   
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Table 4.2 
Firm Summary Statistics 

This table presents summary statistics aggregated across all years for the full sample and for subsamples based on whether the firm accesses a credit line. The sample consists 
of non-utility (excluding SIC codes 4900-4949) and non-financial (excluding SIC codes 6000-6999) U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. I 
have removed 1) firm-years with missing or zero values for total assets; 2) firm-years with missing or zero total debt; 3) firm-years with market or book leverage outside the 
unit interval; and 4) firm-years for which the difference between total debt as reported in Compustat and the sum of debt types as reported in Capital IQ exceeds 10% of total 
debt, to obtain our sample of 23,697 firm-year observations involving 4,874 unique firms. Total Assets is expressed in millions dollars. Definitions of the variables are provided 
in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% levels. The table presents means and medians of firm characteristics.  The last two columns 
of the table present test statistics of the t-test and the Wilcoxon rank sum test of the differences in firm characteristics between the two samples. 

  Full Sample (1)   Draws on Credit Line (2)   
Do Not Draw on Credit 

Line (3)   
Difference 

(2)-(3) 
 

  
Difference 

(2)-(3) 
   Mean   Median   Mean   Median   Mean   Median   p-value   p-value 

Profitability 0.0331   0.1017   0.0836   0.1091   -0.0098   0.0919   <0.0000   <0.0000 
Tangibility 0.3068   0.2247   0.3274   0.2460   0.2881   0.2052   <0.0000   <0.0000 
Total Debt 843.31   87.68   771.79   122.50   906.78   49.81   <0.0000   <0.0000 
Market-to-Book Ratio 1.72   1.18   1.41   1.05   2.02   1.34   <0.0000   <0.0000 
Total Assets 2928.49   438.05   2352.44   520.18   3439.74   363.23   <0.0000   <0.0000 
Cash Flow Volatility 30.93   6.05   26.12   6.01   35.35   5.99   <0.0000   0.0932 
Dividend Payer 0.2899   0   0.3273   0   0.2560   0   <0.0000   <0.0000 
Current Ratio 2.50   1.84   1.97   1.63   2.97   2.11   <0.0000   <0.0000 
Market Leverage 0.2529   0.1835   0.3008   0.2428   0.2094   0.1317   <0.0000   <0.0000 
R&D Expenses 0.1004   0.0334   0.0560   0.0189   0.1308   0.0579   <0.0000   <0.0000 
Unrated 0.6479   1   0.6524   1   0.6438   1   0.0961   0.1923 
Age 15.63   12   16.26   13   15.05   11   <0.0000   <0.0000 
S&P 1500 0.3304   0   0.3362   0   0.3252   0   0.0395   0.0788 
Analysts Surprise 0.2363   0.0219   0.2011   0.0224   0.2672   0.0215   0.1529   0.1747 
Analysts   8.67   7   7.94   6   9.32   7   <0.0000   <0.0000 
Industry Sales 
Volatility 0.0245   0.0176   0.0272   0.0191   0.0222   0.0167   <0.0000   <0.0000 
Cash    0.3079   0.1762   0.1716   0.0889   0.4315   0.3082   <0.0000   <0.0000 
Tobin's Q 2.2102   1.1959   1.5179   1.0557   2.8247   1.3624   <0.0000   <0.0000 
Median Industry R&D 0.0516   0.0200   0.0347   0.0137   0.0662   0.0137   <0.0000   <0.0000 
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Table 4.3 
Determinants of Drawing on Credit Line 

Column one and two of this table present probit regressions with the dependent variable equal to one if the firm draws on its credit 
line and zero otherwise. The first column results are for the full sample, and the second column has results for the subsample of firms 
which have access credit line. The third column is a probit model for the full sample for whether a firm has access to a credit line. 
The final column shows results from a Tobit model with the ratio of drawn credit lines to total debt as the dependent variable. 
Regressions include a proxy for credit conditions, the percentage of banks which report tightening credit conditions, the firm’s 
percentage of shares held by institutions and other firm variables. Definitions of the variables are provided in Appendix A. 
Continuous firm characteristics are winsorized at the 1% and 99% levels. The regressions include year and industry effects.  The 
robust standard errors are reported in parentheses below the coefficients and are clustered at the firm level. The symbols ***, **, and 
* denote statistical significance at the 1%, 5%, and 10% levels, respectively.  

 
Probit Models-Draws on Credit Line 

    
  Full Sample   

Conditional on 
having a credit 

line 
  

Probit Model-
Has a Credit 

Line 
  Tobit Model 

Size 0.0118       0.0228       0.0239     -0.0169 ***   
  (0.017)       (0.021)       (0.019)     (0.001)     
Tangibility -0.2155 **     -0.0778       -0.2371 **   -0.1536 ***   
  (0.101)       (0.116)       (0.108)     (0.011)     
Current Ratio -0.1519 ***     -0.0648 ***     -0.1592 ***   -0.0695 ***   
  (0.015)       (0.015)       (0.014)     (0.002)     
Market-to-Book Ratio -0.0355 ***     -0.0071       -0.0461 ***   -0.0251 ***   
  (0.013)       (0.018)       (0.014)     (0.002)     
Dividend Payer 0.1515 ***     0.1012 **     0.1724 ***   0.0688 ***   
  (0.045)       (0.048)       (0.049)     (0.005)     
Cash Flow 0.2226 ***     -0.2328 ***     0.3406 ***   0.1271 ***   
  (0.044)       (0.088)       (0.049)     (0.003)     
ln (Age) 0.0426 **     0.0341       0.0372 ***   0.0177 ***   
  (0.020)       (0.023)       (0.027)     (0.002)     
Market Leverage 0.8294 ***     0.5882 ***     0.8011 ***   0.0901 ***   
  (0.093)       (0.118)       (0.105)     (0.011)     
Credit Tightening -0.1022 **     0.1491 ***     -0.6294 ***   0.2660 ***   
  (0.044)       (0.051)       (0.057)     (0.006)     
Institutional Holdings -0.1568 **     -0.2483 ***     -0.0327     -0.0287 ***   
  (0.075)       (0.084)       (0.081)     (0.008)     
                              
                              
Pseudo R2 0.1182       0.1146       0.2117     0.1175     
N 16,285       10,790       16,321     16,332     
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Table 4.4 
Determinants of Amount Drawn on Credit Line 

This table presents OLS and GLM regressions of the ratio of drawn credit lines to total debt on the growth rate of 
Tobin’s Q, industry sales volatility, and controls for the sample of U.S. firms covered by both Capital IQ and 
Compustat from 2002 to 2012. Both are conditional on a firm utilizing a credit line. Definitions of the variables are 
provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% levels. The regressions 
include year, credit rating and industry effects.  The robust standard errors are reported in parentheses below the 
coefficients and are clustered at the firm level. The symbols ***, **, and * denote statistical significance at the 1%, 
5%, and 10% levels, respectively.  

              
  OLS   GLM   

Size -0.0302 ***     -0.1559 ***   
  (0.004)       (0.020)       
Tangibility -0.0766 **     -0.3607 **     
  (0.029)       (0.142)       
Market-to-Book Ratio -0.0183 ***     -0.0892 ***   
  (0.005)       (0.025)       
Dividend Payer 0.0185 ***     0.1114 *     
  (0.012)       (0.062)       
Cash Flow 0.0941 ***     0.4738 ***   
  (0.027)       (0.121)       
ln (Age) -0.0097 ***     -0.0576 **     
  (0.006)       (0.028)       
Market Leverage -0.3760 **     -1.7961 ***   
  (0.024)       (0.117)       
Growth in Tobin's Q 0.0081 ***     0.0434 **     
  (0.003)       (0.022)       
Ind. Sales Volatility 0.4397 **     2.1663 **     
  (0.228)       (1.109)       
                  
                  
R2 0.3498               
Number of Observations 9,818       10,790       
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Table 4.5 
Determinants of Changes in Amount Drawn on Credit Line 

This table presents OLS regressions with the dependent variable as the change in the ratio of drawn credit lines to total debt 
on the full sample, firms with access to a credit line, and for firms which draw on their credit lines. The full sample is U.S. 
firms covered by both Capital IQ and Compustat from 2002 to 2012. Definitions of the variables are provided in Appendix A. 
Continuous firm characteristics are winsorized at the 1% and 99% levels. The regressions include year, credit rating and 
industry effects.  The robust standard errors are reported in parentheses below the coefficients and are clustered at the firm 
level. The symbols ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.  

  Full Sample   Access to a credit 
line   Draws on credit 

line 
Size 0.0002       -0.0018       -0.0009     
  (0.001)       (0.002)       (0.002)     
Tangibility -0.0051       0.0025       0.0030     
  (0.009)       (0.014)       (0.015)     
Current Ratio 0.0021 ***     0.0107 ***     0.0024     
  (0.001)       (0.002)       (0.003)     
Market-to-Book Ratio -0.0013       -0.0025       0.0020     
  (0.001)       (0.003)       (0.003)     
Cash Flow 0.0002       -0.0202       0.0262     
  (0.003)       (0.013)       (0.019)     
Market Leverage -0.0276 ***     -0.0463 ***     0.0105     
  (0.009)       (0.015)       (0.016)     
ln (Age) 0.0031 *     0.0015       0.0032     
  (0.002)       (0.003)       (0.003)     
Dividend Payer -0.0103 ***     -0.0147 ***     -0.0148 ***   
  (0.004)       (0.005)       (0.006)     
Change in Credit Tightening 0.0349 ***     0.0600 ***     0.0391 ***   
  (0.007)       (0.010)       (0.011)     
Change in Inventories 0.0058       0.1725 ***     0.1993 ***   
  (0.005)       (0.066)       (0.068)     
Change in Accts Receivable 0.0108       -0.0604 **     -0.0199     
  (0.010)       (0.029)       (0.035)     
Change in Working Capital  -0.0011       -0.0035       -0.0003     
  (0.002)       (0.010)       (0.007)     
Capital Expenditures 0.1121 ***     0.1353 ***     -0.0687     
  (0.039)       (0.057)       (0.058)     
Acquisitions 0.0680 **     0.0721       -0.2825 ***   
  (0.036)       (0.050)       (0.068)     
                        
                        
Pseudo R2 0.0181       0.0190       0.0221     
Number of Observations 14,437       9,421       5,664     
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Table 4.6 
Changes in Amount Drawn on Credit Line – Ordered Probit Models 

This table presents ordered probit regressions with the dependent variable -1, 0, or 1 if the change in the ratio of drawn credit lines 
to total debt is decreasing, constant or increasing, respectively, on the full sample, firms with access to a credit line, and for firms 
which draw on their credit lines. The full sample is U.S. firms covered by both Capital IQ and Compustat from 2002 to 2012. 
Definitions of the variables are provided in Appendix A. Continuous firm characteristics are winsorized at the 1% and 99% levels. 
The regressions include year, credit rating and industry effects.  The robust standard errors are reported in parentheses below the 
coefficients and are clustered at the firm level. The symbols ***, **, and * denote statistical significance at the 1%, 5%, and 10% 
levels, respectively.  

  Full Sample   Access to a credit 
line   Draws on credit 

line 
Size -0.0109 *     -0.0196 ***     -0.0278 **   
  (0.007)       (0.009)       (0.012)     
Tangibility -0.1049 ***     -0.0987       -0.0905     
  (0.050)       (0.069)       (0.100)     
Current Ratio 0.0032       0.0268 ***     0.0226     
  (0.003)       (0.009)       (0.015)     
Market-to-Book Ratio -0.0112 **     -0.0145       -0.0038     
  (0.005)       (0.011)       (0.017)     
Cash Flow 0.0069       -0.0630       0.1887 **   
  (0.013)       (0.041)       (0.087)     
Market Leverage -0.0914 *     -0.0495       0.0503     
  (0.054)       (0.070)       (0.092)     
ln (Age) 0.0104       0.0017       -0.0029     
  (0.010)       (0.012)       (0.018)     
Dividend Payer -0.0470 *     -0.0535 *     -0.0743 *   
  (0.025)       (0.028)       (0.040)     
Change in Credit 
Tightening 0.2209 ***     0.3336 ***     0.2553 ***   

  (0.038)       (0.049)       (0.064)     
Change in Inventories 0.0535 *     2.2688 ***     1.7570 ***   
  (0.035)       (0.311)       (0.339)     
Change in Accts 
Receivable 0.2562 *     0.0934       0.0691     

  (0.162)       (0.095)       (0.060)     
Change in Working 
Capital  -0.0122 *     -0.0543 *     -0.0478 **   

  (0.007)       (0.033)       (0.057)     
Capital Expenditures 0.6995 ***     0.6715 ***     -0.1670     
  (0.179)       (0.227)       (0.287)     
Acquisitions 0.6434 ***     0.5763 ***     -0.8572 ***   
  (0.144)       (0.176)       (0.276)     
                        
Pseudo R2 0.0108       0.0149       0.016     
Number of Observations 14,437       9,421       5,664     
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Figure 4.1 
Credit Line Usage 

This figure illustrates the ratio of drawn credit lines to total debt by industry and by credit rating. It also shows the 
percentage of firms in each category which draw on and have access to credit lines for the sample consisting of non-
utility (excluding SIC codes 4900-4949) and non-financial (excluding SIC codes 6000-6999) U.S. firms covered by 
both Capital IQ and Compustat from 2002 to 2012.The following have been removed 1) firm-years with missing or 
zero values for total assets; 2) firm-years with missing or zero total debt; 3) firm-years with market or book leverage 
outside the unit interval; and 4) firm-years for which the difference between total debt as reported in Compustat and 
the sum of debt types as reported in Capital IQ exceeds 10% of total debt, to obtain our sample of 23,697 firm-year 
observations involving 4,874 unique firms. 
 

 Panel A: Credit line drawdowns by industry 

 
 
 

Panel B: Credit line drawdowns by Credit Rating 
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Appendix A 
 

Variable  Definition 
Profitability Operating Income Before Depreciation/Total Assets 
  Tangibility Net PP&E/Total Assets 
  Total Debt Debt in Current Liabilities + LT debt 
  
M/B Ratio (MV Equity+Total Debt+Preferred Stock Liquidation Value-Deferred 

Taxes+Tax Credits)/Total Assets 
  Size Total Assets 
  
CF Volatility Standard Deviation of quarterly operating income over the previous 12 

quarters scaled by total assets 
  Dividend Payer Dummy =1 if the value for the company's common stock dividend > 0 
  Market Leverage Total Debt/(Total Debt+MV Equity) 
  Unrated Dummy=1 if the firm is not rated by S&P 
  Current Ratio Current Assets/Current Liabilities 
  Age Number of years since incorporation 
  

Credit Tightening 

The annual average of the net percentage of loan officers reporting 
tighter credit standards for commercial and industrial loans over the 
previous quarter taken from the Federal Reserve Board's Senior Loan 
Officer Opinion Survey on Bank Lending Practices 

  

Industry Sales 
Volatility 

For every firm-year, I calculate the standard deviation of the quarterly 
differences in sales, scaled by average assets over the year. I then obtain 
the median across all 3-digit SIC industries, for every given year. This 
variable is then merged onto each firm-year observation with the same 
3-digit SIC code 

  Tobin's Q (MV Equity+ Pref Stock + Total Debt)/Total Assets 
  Growth in Tobin's Q The growth rate of Tobin’s Q over the previous year  
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CHAPTER 5  

CONCLUSIONS 

Since finance is a social science with quantitative cornerstones, the study of behavior and 

choice is particularly important in finance. This dissertation examines behavioral choices’ impact 

on quantitative outcomes of firms and funds. The first essay investigates the career choices of 

fund managers and their impact on future fund performance. Hedge fund managers who exhibit 

significant underperformance in the three and five year periods are more likely to enter into side-

by-side agreements to manage mutual funds. Poor performance in the one year window 

positively impacts the likelihood of a manager to completely switch to managing mutual funds. 

An examination of these managers’ subsequent mutual fund performance reveals, SBS managers 

significantly underperform by 0.075% per month (0.9% per year), providing evidence that there 

is an agency conflict in managing both mutual funds and hedge funds given their significant 

differences in compensation structure and magnitude for managers who begin their career in the 

hedge fund industry. 

The second essay focuses on a firm’s choice regarding its public and private debt mix. 

The results show public debt is positively related to size, credit quality, and reputation. 

Asymmetric information present in firms is significantly positively related to bank debt where 

lenders are better able to overcome these monitoring problems. Because of the ability to 

renegotiate bank debt, public debt is negatively related to the likelihood of both financial distress 

and asset substitution. The relationship between project quality and public debt is positive while 
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product liquidation is negatively related to public debt. Firms with large institutional shareholder 

presence will use more public debt because they have less need for bank monitoring, while firms 

with high managerial ownership will use less public debt to avoid pressures of external debt 

holders and maintain control within the firm. Weak credit conditions are positively associated 

with public debt and negatively related to bank debt. Finally, increased product market 

competition indicates less private debt usage because bank financing risk and loan price increase 

for firms in these types of markets. 

The final essay addresses why firms use credit lines, how much to draw on them, and 

what causes changes to the drawn amount. Having high cash flows increases the likelihood of 

drawing on a line, but for the subsample with access to a line having high cash flow decreases 

the likelihood. Investigation reveals that having high cash flows is positively related to obtaining 

a line, but decreases the probability of drawing once access to a line has been granted. Similarly, 

tightening of credit market conditions is negatively related to the likelihood of drawing on a line 

for the full sample but positively related to drawdowns for the access subsample. Results indicate 

firms with rapidly growing or secretive growth opportunities use more credit lines. Industry sales 

volatility is positively related to credit line drawdowns indicating firms may be using credit lines 

to finance operational cash flow needs. This intuition is confirmed by results that increases in 

credit line balances are positively (negatively) related to changes in inventories (working 

capital). Overall this dissertation highlights the importance of studying choices in finance. 
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