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ABSTRACT 

Exploring the main factors that determine bond spreads with respect to Treasury 

rates is one of the most critical issues in the corporate debt market. Credit risk has long 

been perceived as the most important determinant of bond spreads (Fisher, 1959). One of 

the most critical parameters in credit risk models is asset volatility, which includes 

idiosyncratic and systematic components. However, these models do not distinguish 

between them. Chapter 2 investigates the impact of idiosyncratic volatility on bond 

portfolio spreads between 2000 and 2010. While the prediction of traditional asset pricing 

models is that firm-specific risk should be diversified away at aggregate level, I find 

idiosyncratic volatility plays an incremental role in explaining bond portfolio spreads 

beyond the market factors.  

Recovery is an important measurement of credit risk additional to default 

probability. Chapter 3 focuses on the estimation of firm recovery after bankruptcy using 

the Leland and Toft (1996) model. Using a large sample of Chapter 11 filings from 1996 

to 2007, I find that the recovery derived from the Leland and Toft model has strong 

explanatory power on the debt recovery observed in the market.  

Recent literature finds that all extant credit risk models significantly 

underestimate bond spreads, especially for investment grade bonds of short maturity. 

Chapter 4 identifies a heretofore ignored component, perceived accounting misstatement, 

by regressing bond spreads on the proxy of accounting misstatement propensity, while 

controlling for issuers’ default risk and bond illiquidity risk between January 1994 and 

June 2002.  
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My thesis deepens the understanding of bond price discovery mechanisms and 

presents an important challenge for future research to incorporate the strong empirical 

relationship between idiosyncratic volatility and bond yields in asset pricing models. My 

thesis also sheds light on the accurate prediction of debt recovery, which is important to 

the valuation and hedging of risky debt and credit derivatives. Furthermore, my thesis 

assists in solving the credit spread puzzle by identifying a new risk factor. Overall, my 

thesis provides new insights into research on the corporate debt market and has important 

implications for academic scholars and market practitioners.   
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CHAPTER 1. INTRODUCTION 

An extensive body of literature exists regarding the factors that determine equity 

premiums. However, a corresponding body of work on the corporate bond market, in 

terms of quality and quantity, has not yet been well developed. One of the most important 

issues in the corporate debt market is the exploration of factors that determine the 

existence of yield spreads above benchmark Treasury notes or bonds.  

Credit risk has long been perceived as the most important justification for 

corporate bond spreads (Fisher, 1959). The majority of researchers presume that bond 

spreads are dominantly attributable to default risk. Therefore, academics often call bond 

yield spreads "credit spreads." As pioneered by Merton (1974), option pricing theory 

applies to the process of valuing corporate bonds. Within this framework, corporate debts 

are modeled as contingent claims on the assets of the issuing firm. To develop the 

estimations of future cash flows, Merton-type models, also generally called structural 

models, assume that the underlying asset price follows a Geometric Brownian motion, 

with a constant volatility parameter. Debt is treated as a short position in a put option 

written on the firm’s assets, with a strike price equivalent to total corporate liability. The 

difference between the yield of a corporate bond and the risk-free rate is to compensate 

for the possibility that the issuing firm might be unable to pay the face value of the debt it 

has promised at maturity.  

Although there are various structural models, they all have one crucial parameter 

in determining the credit risk premiums: the firm’s asset volatility. From the perspective 

of bondholders, when asset volatility increases, the firm’s value is more likely to fall 
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below the bankruptcy boundary, and thus the debt becomes riskier. In structural models, 

the volatility that is relevant for corporate debt is the firm’s total asset volatility, 

including both idiosyncratic and systematic components. Although these two types of 

volatilities measure distinct risks, they are indistinguishable in the Merton-type models. 

As identified by Campbell and Taksler (2003), idiosyncratic and systematic volatility 

proxies have different time series behaviors between 1995 and 1999. Additionally, 

idiosyncratic volatility, rather than systematic volatility, dominantly depresses individual 

US corporate bond spreads.  

Following the research by Campbell and Taksler (2003), Chapter 2 investigates 

the impact of idiosyncratic volatility on corporate bond portfolio spreads during the past 

decade. Unlike individual instruments, idiosyncratic risk is commonly assumed to be 

diversified away in security portfolios. This idea is central to research methods, policy 

recommendations, and pedagogy in finance. However, Merton (1987) and Malkiel and 

Xu (2006) argue that investors are only able to hold subsets of the market available 

securities due to incomplete information and market frictions. As a result, idiosyncratic 

risk is not able to be fully diversified away and should be priced at aggregate levels. In 

addition, recent studies find that the evolution of idiosyncratic volatility ceases to have an 

upward trend after 2000 (Brandt, Brav, Graham, and Kumar, 2008; Bekaert, Hodrick, and 

Zhang, 2010). Hence, the divergent behavior between bond spreads and systematic 

volatility shown in Campbell and Taksler (2003) may disappear, and the strong 

influential power of idiosyncratic volatility might no longer exist after 2000. Therefore, 

my investigation of idiosyncratic volatility on bond portfolio spreads after 2000 has 

significant value. As suggested by Campbell and Taksler (2003), I regress six-month 



3 

 

moving average equity idiosyncratic volatility on Merrill Lynch US corporate investment 

grade index spreads between 2000 and 2010. This index is one of the most diversified 

investment grade corporate bond portfolios in the market, with an average of 1,201 

distinct issuers and 3,515 instruments per month. I find aggregate idiosyncratic and 

systematic volatilities no longer present obvious divergent behaviors after 2000 as 

documented in Brandt et al. (2008) and Bekaert et al. (2010), though they deviate from 

each other from time to time. My estimation results demonstrate that idiosyncratic 

volatility plays an incremental influential role in explaining bond portfolio spreads 

beyond market factors. This result is consistent with the theoretical implication of Merton 

(1987) and Malkiel and Xu (2006). Unlike structural models which claim that 

idiosyncratic volatility is connected with firm default probability, I identify that the 

significant role of idiosyncratic volatility also originates from investors’ concerns about a 

firm's potential extreme losses, although the occurrence chance is extremely small. In 

other words, one can view the power of idiosyncratic volatility on bond portfolio spreads 

as corresponding to a notion of extreme loss-upon-default.  

A better understanding of equity volatility on credit risk premiums should be of 

interest to both academics and practitioners. First, academics have long been trying to 

find the relationship between equity and credit markets for the purposes of financial 

market linkages, asset pricing, market microstructure, and risk management. Since equity 

volatility is one of the most important factors connecting these two markets, a careful 

analysis of equity volatility will enhance our understanding of the financial market co-

movement and the price discovery mechanism. Second, the impact of idiosyncratic 

volatility on equity returns has long been debated. However, research concerning its 
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impact and influential mechanism on the credit market is still limited, especially at the 

aggregate level. This is surprising when one considers that literature on capital structure, 

such as pecking order and trade-off theory, claims that firms typically prefer issuing 

bonds over equity for financing investments. Meanwhile, institutional investors have 

included corporate bonds as a major component of their portfolios. My work contributes 

to the literature related to credit risk by demonstrating that idiosyncratic volatility is an 

important systematic factor that has been ignored until now in aggregate bond portfolio 

pricing. This provides a new direction for future theoretical research in credit risk pricing.  

It is well known that there are two main aspects for describing credit risk: the 

probability of default and the loss-upon-default (or debt recovery). While a large body of 

literature deals with the former aspect of default, less emphasis is placed on the latter. 

Understanding the determinants of recovery rate and predicting the firm’s potential losses 

are important to the valuation and hedging of risky debt and credit derivatives. This is 

because the amount of investment that can be recovered after bankruptcy is determined 

by recovery rate and credit exposure. Many studies use statistical approaches to identify 

the factors that influence the bankruptcy event, such as debt characteristics, firms’ 

financial conditions, industry distress, and macroeconomic environment. My work adopts 

the endogenous default model developed by Leland and Toft (1996). Compared to the 

statistical approaches, the Leland and Toft model provides a more accurate prediction of 

expected bankruptcy recovery and pays special attention to the impact of management on 

determining the default threshold. I confirm that the recovery rate derived from the 

Leland and Toft model has a strong explanatory power on the debt recovery observed in 

the market, in addition to the statistical approach factors. My study contributes to the 
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literature on credit risk by providing a useful tool for financial practitioners to predict the 

level of a firm’s recovery upon bankruptcy, by empirically confirming the role of 

managers in determining the optimal default barrier, and by pointing out that agency 

problem should be considered when building endogenous bankruptcy models in future 

debt research. 

Although credit risk is a critical factor influencing corporate bond spreads, the 

literature shows that current financial models significantly underestimate credit spreads 

for corporate debt, especially for investment grade bonds of short maturity. Huang and 

Huang (2003) calibrate a large class of structural models to historical default probabilities 

and recovery rates, and find these models all produce very similar credit spreads that fall 

well below historical average. For example, all their models produce a relatively stable 

four-year Baa-Treasury spread of approximately 32 bp as compared to a historical 

average Baa-Treasury spread of 158 bp. Similarly, the theoretical average four-year Aaa-

Treasury spread is around 1 bp, which is sharply below the historical average of 55 bp. 

They conclude that credit risk alone typically accounts for 20-30% of investment grade 

bond spreads and with a higher percentage for junk bonds. Due to the difficulties for 

current models to justify the size of the credit spreads, researchers call this phenomenon 

the “credit spread puzzle” (Amato and Remolona, 2003; Chen, Collin-Dufresne, and 

Goldstein, 2009). For these reasons, researchers have tried to explore other ignored 

factors that may drive a wedge between the prices of Treasuries and corporate bonds. 

Elton et al. (2001) highlight the role of differential taxes between corporate and 

government bonds. Corporate bonds are subject to state and local taxes on interest 

payments whereas Treasury bonds are not. Hence, all things being equal, investors in the 
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corporate bond market will charge extra premiums. Elton et al. (2001) estimate this factor 

contributes to 20% of bond spreads. More recent studies emphasize that the debt market 

is much less liquid than the Treasury market, as reflected by infrequent trading and the 

bid-ask spread size (Delianedis and Geske, 2001; Perraudin and Tayor, 2002; Houweling, 

Mentink, and Vorst, 2002). The estimated impact of liquidity risk is around 10% of bond 

spreads. Therefore, even after adjusting for expected default losses, tax asymmetries, and 

liquidity differences, there are still significant components of bond spreads that remain 

unexplained.  

By aligning the realization that a substantial part of credit spread stems from 

factors other than the default risk of the bond issuers, Chapter 4 contributes to the 

literature by empirically identifying and analyzing a previously ignored component: 

perceived accounting misstatement. Traditional structural models are based on the 

assumption that bondholders have trustworthy and timely information about the issuer’s 

balance sheets. But the defaults of business giants like Enron, Parmalat, and WorldCom 

clearly show how accountancy data can mislead investors and reflect little to nothing of a 

company’s true financial situation. Duffie and Lando (2001) show that because of the 

delayed and noisy information in financial statements, the firm’s default probability is 

significantly higher than the predictions from traditional models. Baglioni and Cherubini 

(2005) further model the deceptive accounting reporting effect on bond spreads. In their 

approach, accounting information is modeled as signals sent by managers to the market; 

investors can only obtain managers’ private information through this channel. Because of 

the garbling effect, there is always a small probability that a good signal about the firm’s 

assets is deceptive. Therefore, misrepresentation of accounting information leads to an 
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updated conditional distribution of the firm’s asset values to deviate from that presumed 

in traditional structural models. As a result, the conditional default probability expected 

by investors is increased and bond spreads computed by Baglioni and Cherubini (2005) 

are always higher across all of the maturities. Ignoring potential accounting distortions, 

thus, can directly cause structural models to fail to generate large enough spreads. In line 

with Duffie and Lando (2001) and Baglioni and Cherubini (2005), Chapter 4 investigates 

the impact of perceived accounting misstatement on corporate bond spreads. By 

regressing bond spreads on F-scores, a proxy for bond issuers' accounting misstatement 

propensity, while controlling issuers’ default risk, bond illiquidity issue and the tax 

effect, I find that accounting misstatement propensity has a strong explanatory power on 

corporate bond spreads between January 1994 and June 2002, especially on investment 

grade bonds. My results demonstrate that investors in the bond market consider the 

reliability of accounting reporting when they determine bond spreads and thus require 

additional accounting misstatement premiums. Different from prior empirical research, 

Chapter 4 focuses on investors’ perceived rather than realized fraud risk. This difference 

is important when one considers the large magnitude of unrevealed fraudulent cases by 

Securities and Exchange Commission (SEC). My results provide evidence that perceived 

fraud risk is a factor that helps to solve the credit spread puzzle, especially for high 

quality issuers.  

The rest of the dissertation proceeds as follows. Chapter 2 investigates the 

relationship between idiosyncratic stock volatility and corporate bond portfolio spreads. 

Chapter 3 provides a tool for financial market practitioners to obtain a relatively accurate 

estimation of corporate bankruptcy recovery based on the Leland and Toft (1996) model. 
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Chapter 4 examines whether perceived accounting misstatement is useful for solving the 

credit spread puzzle. Finally, I present the summary and recommendations in Chapter 5.
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CHAPTER 2. IDIOSYNCRATIC VOLATILITY AND CORPORATE BOND 

PORTFOLIO SPREADS 

Abstract   

This paper explores the effect of equity idiosyncratic volatility on corporate bond 

portfolio spreads relative to the interest rate of Treasury bonds. In contrast to the 

prediction of traditional asset pricing theories, I find that between 2000 and 2010, 

idiosyncratic volatility, in addition to the systematic factors, significantly affects the 

spreads of the Merrill Lynch US corporate bond index, which is one of the most 

diversified bond portfolios in the market. I demonstrate that the incremental power of 

idiosyncratic volatility is because it reflects bond issuers' severe loss-upon-default risk. 

This supplements the explanation provided by structural credit risk models, which link 

the impact of equity volatility to firm default probability. 
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2.1. Introduction 

Asset volatility, proxied by equity volatility, is a primary determining factor for 

the risk premium of a firm’s securities. For example, Merton (1974) points out that an 

increase in firm asset volatility would benefit equity holders at the expense of 

bondholders when one regards equity as a call option on the firm’s underlying asset 

values and debt as the residual. In the absence of market-based measures of firm value, 

asset volatility cannot be obtained directly from the market. Since there is a monotonic 

relationship between asset volatility and equity volatility, research sometimes uses equity 

volatility to proxy asset volatility (Yu, 2005). The volatility that is relevant for option 

value, and thus for corporate debt, is the total firm asset volatility, including both the 

idiosyncratic and systematic components. Idiosyncratic volatility represents the 

individual shocks that are uncorrelated across firms, and systematic volatility represents 

the risk that drives the whole market. 

Although equity volatility has two distinct components, idiosyncratic and 

systematic volatilities, the literature typically focuses on the total level of equity volatility 

until research conducted by Campbell, Lettau, Malkiel, and Xu (2001). This research 

analyzes idiosyncratic volatility and systematic volatility separately and documents their 

diverging behavior. They find a positive deterministic trend in idiosyncratic volatility 

between 1962 and 1997. However, there are no upward trends, except some temporary 

fluctuations, in systematic volatility within the same period. Malkiel and Xu (2006) 

confirm Campbell et al.’s (2001) findings by using stock information from 1963-1998. 

They conclude that the increasing prominence of the NASDAQ market, institutional 

ownership, and high expected earnings growth are the reasons behind the divergent 
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phenomenon. The efforts of Campbell et al. (2001) and Malkiel and Xu (2006) have been 

central in encouraging researchers to actively investigate idiosyncratic volatility. For 

example, Campbell and Taksler (2003) find that idiosyncratic rather than systematic 

volatility is the dominant factor that depresses individual corporate bond prices between 

1995 and 1999.  

With reference to Campbell and Taksler (2003), this chapter investigates the 

relationship between idiosyncratic volatility and corporate bond spreads at the aggregate 

level over the past decade. I regress Merrill Lynch US corporate investment grade index 

spreads on a six-month moving average of the idiosyncratic volatility from 2000 to 2010. 

This index is one of the most diversified investment grade corporate bond portfolios in 

the market, with an average of 1,201 distinct issuers and 3,515 instruments per month. I 

find that after 2000, aggregate idiosyncratic and systematic volatilities no longer present 

obvious diverging behavior as documented in Campbell and Taksler (2003). Although 

both volatilities are highly correlated at the bond portfolio level, idiosyncratic volatility 

still plays an incremental but influential role. My test results indicate that even such a 

large bond portfolio does not approach the size where idiosyncratic risk can be fully 

diversified. This is consistent with Merton (1987), who points out that, due to market 

frictions and incomplete information, investors have to hold sub-optimally diversified 

portfolios and idiosyncratic risk should be priced. I also examine the influence 

mechanism of idiosyncratic volatility on bond spreads.  

Unlike structural models which claim that idiosyncratic volatility is connected to 

firm default probability, I emphasize that idiosyncratic volatility reflects the shape of the 

risk-neutral distribution of underlying firm assets. I find that firms with a high 
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idiosyncratic volatility usually have a large extreme downside risk represented by value-

at-risk (VaR), but no large negative stock return skewness. This implies that the 

significant role of idiosyncratic volatility originates from investors’ concerns about a 

firm's potentially extreme losses rather than its general losses, although the chance of the 

former scenario occurring is small. In other words, one can view the influence of 

idiosyncratic volatility on bond portfolio spreads as corresponding to the notion of 

extreme loss-upon-default, in addition to the default probability. In summary, my 

findings not only support but also expand upon the work undertaken by Campbell and 

Taksler (2003). 

One difference between my study and Campbell and Taksler (2003) is that this 

work is conducted with more recent data. This difference has significant value. Firstly, 

recent studies provide evidence that the evolution of idiosyncratic volatilities changed 

after 2000. Brandt et al. (2008) employ Campbell et al.'s (2001) method to decompose 

stock volatilities between 1962 and 2008. They find that idiosyncratic volatility had a 

breakpoint in 2000, and its increasing trend turned negative between 2000 and 2008. 

Bekaert, Hodrick, and Zhang (2010) draw a similar conclusion: when data after the last 

quarter of 2000 are included in Campbell et al.'s (2001) sample, the upward trend of 

idiosyncratic volatility disappears. Accordingly, the co-movement between bond spreads 

and idiosyncratic volatility and the divergent behavior between bond spreads and 

systematic volatility, which are the foundation of Campbell and Taksler's (2003) 

research, may have disappeared after 2000.  

Another significant difference is that this work is conducted at the aggregate level. 

There are many disagreements on whether idiosyncratic risk is a determining factor in 
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portfolio returns. Financial economics theory, such as the capital asset pricing model 

(CAPM) and arbitrage pricing theory (APT), has assumed that idiosyncratic risk can be 

diversified away in security portfolios. This idea is central to research methods, policy 

recommendations, and pedagogy in finance. In the case of defaultable bond portfolios, 

Jarrow, Lando, and Yu (2005) show that under certain conditions that permit the 

construction of diversified portfolios, there is no risk premium for any particular firm 

default. In contrast, Merton (1987) and Malkiel and Xu (2006) argue that investors are 

only able to hold subsets of the securities available in the market due to incomplete 

information. The inability of investors to access all securities further causes market 

imperfections. Consequently, the "effective market portfolio" that investors use to price 

individual securities is inefficient relative to theoretical assumptions. Both sets of 

research conclude that idiosyncratic risk should be priced at an aggregate level. In the 

case of bonds, Green and Rydqwist (1997) provide empirical evidence of the priced 

nonsystematic risks in the Swedish lottery bond market. They explain that the majority of 

participants in the Swedish lottery market are unsophisticated individual investors who 

do not thoroughly understand the diversification mechanism. Furthermore, a relation at 

the firm level does not imply a relation at the aggregate level, if returns are related to firm 

characteristics other than the factor loadings (Ang, Hodrick, Xing, and Zhang, 2009). 

Since idiosyncratic volatility is a firm characteristic, the results in Ang et al. (2009) apply 

to the relationship between idiosyncratic volatility and bond portfolio yields. For these 

reasons, it is worthwhile examining Campbell and Taksler’s (2003) conclusions within 

more recent periods and at the aggregate level. 
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A better understanding of equity volatility on credit risk premiums should be of 

interest to both academics and practitioners. Academics have long tried to understand the 

relationship between equity and credit markets. Since equity volatility is one of the most 

important factors connecting the equity and credit markets, a careful analysis of equity 

volatility will enhance understanding of financial market linkages, asset pricing, market 

microstructure, and risk management. My study contributes to the literature by 

investigating the relationship between idiosyncratic volatility and bond portfolio 

premiums. Although the impact of idiosyncratic volatility on equity returns has long been 

debated,1  the research concerning its impact and its channel of influence in the credit 

market is still limited, especially at the aggregate level. This is surprising when we 

consider that capital structure literature, such as pecking order and trade-off theory, 

claims that firms typically prefer issuing bonds to equity for financing investments. In 

addition, with declining transaction costs in the bond market, institutional investors have 

included corporate bonds as a major component in their portfolios. Therefore, a better 

understanding of the impact of idiosyncratic volatility should also be of interest to 

investors in many credit products in order that they might better hedge their investment 

risks.  

This chapter is organized as follows. Section 2.2 introduces the literature that 

explores the connection between the equity and bond market and focuses particularly on 

the equity volatility impact on the bond market. Section 2.3 describes the data sample and 

variable construction. Section 2.4 presents the main results. Section 2.5 conducts several 

robustness tests and Section 2.6 concludes.   

2.2. Literature review 
                                                 
1 Ang et al. (2009) provide a detailed review. 
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2.2.1. The connection between stock and bond markets 

As stocks and bonds are both claims on underlying firm assets, information 

shocks affect the joint dynamics of their returns and volatilities. Previous literature has 

documented significant common variation in stock and bond prices following corporate 

specific news events, such as an announcement of unexpected earnings, risky projects, 

mergers, takeovers, issuance or redemption of new debts, or stock repurchases involving 

wealth transfer to equity holders (Hotchkiss and Ronnen, 2002; Alexander, Edwards, and 

Ferri, 2000). Meanwhile, macroeconomic news announcements can simultaneously affect 

expectations in more than one market and can thus induce volatility co-movements 

(Cappiello, Engle, and Sheppard, 2006). Cross-market hedging plays an equally 

important role in equity and bond market co-movements. Traders or hedge fund 

managers often use bonds to hedge their investments in equity. When an information 

event alters their expectation of equity returns, they rebalance their portfolios and thus 

change the demand for bonds even if the interest rate remains unchanged. As a result, 

news spillovers are produced, and the long-term co-movements and volatility linkages of 

underlying stocks and bonds are reinforced (Fleming, Kirby, and Ostdiek, 1998). 

Previous literature has investigated the direction of information transfer between 

the two markets. Kwan (1996) presents evidence suggesting that stock returns predict 

future bond returns, while bond returns provide no explanatory power on future stock 

returns. Downing, Underwood, and Xing (2009) conduct a more comprehensive 

examination of portfolio and individual security returns at the daily and hourly levels. 

They find clear evidence that the equity returns lead bond returns for nonconvertible 
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junk- and BBB-rated bonds, and all convertible bonds. Their results indicate that the 

corporate bond market is less informationally efficient than the stock market.  

In summary, the literature strongly supports the notion of equity and bond market 

co-movements. Furthermore, the equity price fluctuation leads bond price variation due 

to information efficiency asymmetry between the two markets and investors’ hedging 

behaviors. 

2.2.2. Equity volatility and a cross section of corporate bond yields 

Equity volatility is an important determining factor in corporate bond spreads. In 

Merton’s (1974) framework, corporate debt can be thought of as the value of a risk-free 

asset less a put option on the value of the firm. A firm with more volatile assets is more 

likely to reach the boundary condition for default. Investors, recognizing this risk, should 

require additional compensation in the form of a higher yield spread over the risk-free 

interest rate. Since firm asset value cannot be observed directly from the market and there 

is a monotonic relationship between asset volatility and equity volatility, empirical 

research employs equity volatility to proxy asset volatility (Yu, 2005). Therefore, equity 

volatility affects spreads by changing investor expectations regarding a firm's default 

probability. This volatility includes both idiosyncratic and systematic components. The 

idiosyncratic component represents firm-specific shocks, such as lawsuits, technology 

advances, and managerial incompetence. These shocks are uncorrelated across firms. In 

contrast, the systematic component represents the risk that drives returns on all firms in 

the market. Although these two types of volatilities measure distinct risks, they are 

indistinguishable in the Merton model. 
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Recent research has started analyzing the different impacts of idiosyncratic and 

systematic volatilities on bond spreads. Campbell and Taksler (2003) find that 

idiosyncratic volatility played a more influential role in determining bond risk premiums 

between 1995 and 1999. If the standard deviation of daily excess returns, a proxy for 

idiosyncratic volatility is raised by 1%, the corporate bond spread increases on average 

by over 200 bp. However, if the standard deviation of the daily index return, a proxy for 

market-wide volatility is raised by 1%, the corporate bond spread increases on average 

only by 29 bp. This increase is statistically insignificant. Campbell and Taksler (2003) 

explain the strong power of idiosyncratic volatility on bond spreads is because it has a 

common upward trend with the spreads, while systematic volatility remains stable during 

their test period.  

In contrast, Bednarek (2006) theoretically analyzes the influential power of 

idiosyncratic and systematic volatilities on the credit spreads for both investment-grade 

and high yield bonds. He concludes that an increase in firm-specific volatility affects the 

credit spreads of low-rated bonds, but does not have an observable impact on the 

investment-grade bonds. This conclusion implies that idiosyncratic volatility is a much 

less significant determinant of credit risk premium, especially for investment-grade 

bonds. Although these two studies draw inconsistent conclusions, their scope addresses 

idiosyncratic volatility only at the individual instrument level. 

2.2.3. Idiosyncratic volatility and corporate bond portfolio spreads 

Relatively few studies have directly investigated idiosyncratic volatility at the 

aggregate level because in classical asset pricing models idiosyncratic risk is nonexistent 

in a portfolio. For example, in a mean-variance capital asset pricing model, the CAPM 
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framework of Sharpe (1964), Lintner (1965), and Black (1972) and its corresponding 

international version show that idiosyncratic risk can be eliminated through 

diversification in equilibrium because it is uncorrelated with the marginal rates of 

substitution for the representative agent. In the arbitrage pricing model by Ross (1976) 

and Connor (1984), idiosyncratic risk is uncompensated, since it is uncorrelated with the 

factors driving the return generating process. In Lucas's ICAPM (1978) or in Breeden’s 

continuous-time ICAPM (1979) model, any risk, such as idiosyncratic risk that is 

statistically independent or mean independent from the aggregate consumption, is 

independent from investors’ marginal rates of substitution and will require a zero risk 

premium. In order to reach the conclusion of full diversification of idiosyncratic 

volatility, CAPM, APT and ICAPM all assume a perfect capital market in which all 

investors have complete information and an identical estimation of the expected returns, 

variance and covariances among all assets. In reality, as Merton (1987) writes in his AFA 

presidential address, "financial models based on frictionless markets and complete 

information are often inadequate to capture the complexity of rationality in action." 

The literature further explores whether idiosyncratic risk plays a significant role 

in the debt market when the complete information assumption is removed. Merton (1987) 

extends the CAPM by incorporating an incomplete information consideration. Within his 

model, investors only hold securities with which they are familiar with. Consequently, 

the market portfolio is not fully diversified. Malkiel and Xu (2006) theoretically 

demonstrate that, because of exogenous constraints such as incomplete information, 

transaction costs, short sales, taxes, liquidity needs, and the imperfect divisibility of 

securities, total investors' holdings do not make up the whole market. Therefore, 
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idiosyncratic risk is compensated at an aggregate level. In terms of empirical studies, 

Green and Rydqwist (1997) find priced nonsystematic risks in the unique setting of the 

Swedish lottery bond market. In this market, there are mixed and sequenced bond 

portfolios that have identical systematic risk but unequal idiosyncratic risk because of a 

partial guarantee on the sequenced bond portfolio’s payoff. Mixed bonds, which possess 

greater idiosyncratic risk, are found to be required for higher yields by investors. Green 

and Rydqwist explain their finding arises because the majority of participants in the 

Swedish lottery bond market are individuals who are attracted by the tax exemption and 

do not fully understand the diversification mechanism. In addition, Campbell and Taksler 

(2003) try to examine the relationship between bond index spreads and aggregated firm 

volatilities between 1963 and 1999. However, they are unable to draw statistically 

significant conclusions. The coefficient of the aggregated idiosyncratic (systematic) 

volatility is positively significant (insignificant) for Standard and Poor’s bond index, but 

insignificant (significant) for Moody’s index when the credit market condition is 

considered.  

The issue addressed by these two empirical studies has no bearing on my study. 

Unlike Green and Rydqwist's (1997) study, the dominant investors in the corporate bond 

market are large institutions that have sufficient analytical skills and a broad 

understanding of the financial market. Meanwhile, my work pays special attention to 

avoiding the inconsistent research methodologies employed in Campbell and Taksler 

(2003). Campbell and Taksler (2003) adopt the approach in Goyal and Santa-Clara 

(2003) to compute two volatilities: systematic volatility in a given month is represented 

by the variance of the daily NYSE/AMEX/NASDAQ composite index returns within that 
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month, and idiosyncratic volatility is measured by a cross-sectional average of the 

variances of all the stocks traded within that month. Goyal and Santa-Clara (2003) show 

that this idiosyncratic volatility proxy contains about 15% of the systematic variance, and 

thus could bring bias into the regression analysis. In other words, in Campbell and 

Taksler (2003) the significance of the idiosyncratic volatility proxy could be partially 

caused by its systematic portion. Furthermore, Goyal and Santa-Clara (2003) show that 

their idiosyncratic and systematic volatility proxies are highly correlated, with a 

correlation coefficient higher than 40%. However, Campbell and Taksler (2003) do not 

control for the potential multicollinearity problem in their regressions.  

2.3. Data and methodology 

2.3.1. Data 

Following Campbell and Taksler (2003), this paper investigates the impact of 

idiosyncratic volatility on bond portfolio spreads, while controlling for the high 

correlation between idiosyncratic and systematic volatilities. Since Bednarek (2006) 

argues that idiosyncratic volatility plays a less significant role in determining individual 

investment-grade bond spreads, I conduct my analysis on the monthly spreads of the 

Merrill Lynch US corporate index, one of the most diversified investment grade debt 

portfolios in the market.  

The Merrill Lynch US corporate index (C0A0) tracks the performance of US 

dollar denominated corporate debt publicly issued in the American domestic market. The 

qualifying criteria for the index includes: an investment grade rating (i.e., the average 

rating of Moody’s, S&P, and Fitch is at or above BBB), at least a one-year term 

remaining to final maturity, a fixed coupon schedule, and a minimum amount outstanding 
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of $250 million. C0A0 contains a wide range of bonds available to investors, such as 

zero- and fixed-rate coupon bonds, global securities (debt in both Eurobond and US 

domestic markets), 144a securities, pay-in-kind securities (e.g., toggle notes) and other 

securities with restrictions (e.g., callable perpetual securities, and fixed-to-floating rate 

securities). DRD-eligible and defaulted securities are excluded, since such bonds' spreads 

could contain risks that may be hard to quantify with generic regression models. The 

index is rebalanced according to these criteria only on the last calendar day of the month, 

based on the information up to and including the third business day before the month's 

end. The monthly yield of the index is computed as the weighted average of each 

constituent, and the corresponding weight is based on each issue’s current amount 

outstanding. In accordance with the common investment strategy, the index retains cash 

flows from bond payments received during the month, while excluding them at the 

month's end.  

I employ the Bloomberg trading system to gather the monthly data on the C0A0 

index and its constituents from January 2000 to June 2010. I selected the year 2000 as the 

beginning of the test period, in part because I intend to explore a separate time span from 

Campbell and Taksler (2003), but, more importantly, because the upward trend of 

idiosyncratic volatility movement stops in 2000, according to Brandt et al. (2008). The 

collected bond information includes monthly index yields, the constituent’s 

capitalization-based weights, bond time-to-maturity, security ratings, and issuer 

industries. Because the average bond time-to-maturity of C0A0 is around 10 years, I 

employ the 10-year Treasury rate as a benchmark to compute index yield spreads. I then 
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check for missing observations and possible errors in data entry. This leads to 126 

months of data for this index.  

Table 2-1 presents the constituent summary of this index. There are, on average, 

3,515 issues each month from January 2000 to June 2010, with a minimum of 3,030 and 

a maximum of 4,137. In terms of distinct bond issuers, the average value is 1,201 per 

month, with a minimum of 1,057 and a maximum of 1,301. I list the sector distribution of 

these bond issuers in Panel B. According to the Merrill Lynch industry classification, 

they are from 25 industry sectors. On average, there are 65 issuers per industry every 

month, and the banking sector has the largest numbers of issuers, with an average of 244. 

In addition, these issuers are spread throughout the U.S., according to the location 

information from Compustat. These statistical summaries demonstrate that the Merrill 

Lynch US corporate index is well diversified. 

To calculate a 6-month moving average of systematic and idiosyncratic volatility 

for daily stock returns like Campbell and Taksler (2003), I collect stock information from 

CRSP and Yahoo Finance for each issuer. Since I am investigating the transfer 

mechanism of a firm's idiosyncratic risk from the equity to bond market, I need equity 

and bond portfolios to contain as many identical issuers as possible. However, 40% of 

bond issuers do not issue stocks. For these issuers, I employ stock information from their 

parent company instead. This proxy is reasonable and unlikely to increase the 

explanatory power of idiosyncratic volatility for the following reasons. Issuers usually 

state that their bonds are fully and unconditionally guaranteed by their parent company in 

the SEC filings. Meanwhile, parent firms tend to have more segments or more diversified 

business than subsidiaries do. Empirical observations show that multiple segmented firms 
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could exploit economies of scope, could operate and coordinate more efficiently, and 

could diversify income flows to avoid inefficient bankruptcies (Villalonga, 2004). Since 

parent companies are more likely to smooth away their own operational volatility, using 

their stock returns to proxy missing data will only lower the significance of idiosyncratic 

volatility. After this step, I am able to obtain another 20% of issuers’ stock prices. On 

average, I can match 82% of issuers' stock and bond information for this index.  

2.3.2. Measurement of idiosyncratic volatility 

A. Idiosyncratic volatility from single factor CAPM regressions 

To better understand the contribution of aggregate idiosyncratic volatility on bond 

portfolio spreads, I assume that the return of each stock i is driven by a common factor 

and firm-specific shock  as in the CAPM model. To be concrete, I assume a single 

factor in the return generating equation 

, , , , ,  (1)

where Ri,t is the return on stock i; Rm,t is the market return, proxied by the CRSP value-

weighted index; rf,t is the risk-free rate, proxied by the 3-month Treasury-bill rate; and ,  

is the idiosyncratic return. The total stock variance is, 

, , , , , 2 , , , , .  

Since , , 	and	 ,  are independent, 2 , , , , 0. The total stock 

variance can be broken down into two terms: , , , the systematic 

component and , , the idiosyncratic component. To allow the betas to vary though 

time, I re-estimate the model for each firm based on the daily stock return 6 months prior 

to (not including) the bond observation day t and use the estimated  to compute the 
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residual , 	and the corresponding variance, , .2 Taking the weighted sums across 

individual stocks gives: 

∑ , , , , , ∑ , ,   (2)

where ∑ ,  , 		is firm i’s weight in the Merrill Lynch corporate bond index 

at date t and n is the number of stocks that exist at t. I exclude stocks that have less than 

50 return observations in the 6-month period to avoid noise in parameter estimations. The 

systematic volatility is measured as	 , , 	and the idiosyncratic volatility is 

measured as ∑ , , . Since only 82% of equity and bond issuers are matched 

in my sample, my idiosyncratic volatility proxy employs partial firm-specific 

information, but the systematic volatility proxy uses all NYSE/AMEX/NASDAQ stock 

information. Therefore, risk factor proxies further diminish the power of idiosyncratic 

volatility and do not affect the impact of systematic volatility. 

B. Idiosyncratic volatility from three-factor CAPM regressions 

Fama and French (1992) find that factors related to a firm's size and book-to-

market-equity represent some common variations in the stock market, beyond the market 

factor. Therefore, I select a three-factor CAPM model, like Fama and French (1993) to 

decompose individual stock returns as a robustness check.   

, , , , ,  

where Ri,t is the return on stock i; Rm,t is the market return, proxied by the CRSP value-

weighted index; rf,t is the risk-free rate, proxied by the 3-month risk-free rate;  

(small minus big) is the difference between the returns on small-stock and big-stock 

                                                 
2 To address the concern that my results are sensitive with respect to the computational method for the 
firm-specific risk, I also select the 3-, 9- and 12-month stock return intervals for robustness checks. 
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portfolios with about the same weighted average book-to-market-equity;  (high 

minus low) is the difference between the returns on high and low book-to-market-equity 

portfolios with about the same weighted average size; and ,  is the idiosyncratic return.  

Based on the historical correlations among three market factors, the systematic 

volatility is measured as 

2β , 2 , 2 , , 

the portfolio idiosyncratic volatility is measured as the weighted average of individual 

issuer’s idiosyncratic volatility , , where ∑ , ∑ , and 

∑ . Correlation parameters , , , , ,  are estimated by the 

daily stock return 6-months prior to (not including) the bond observation day t. I employ 

these new measurements for robustness tests. 

2.3.3. Aggregate bond market condition 

One common risk in bond returns arises from unexpected changes in interest 

rates. I use the 10-year Treasury rate and the difference between the 10- and 2-year 

Treasury rates to describe the level and slope of the term structure, respectively. The 

expected sign on the level of the Treasury rate is negative, because a higher interest rate 

increases the drift of the risk-neutral process for the firm's value (Longstaff and 

Schwartz, 1995). In turn, this lowers the risk-neutral probability of default and the 

corporate bond yield spreads. The difference between 10- and 2-year interest rates 

represents the deviation of long-term bond returns from expected values due to shifts in 

interest rates. The difference thus provides a measure of uncertainty about the economy 

as well as an expectation of future short rates (Collin-Dufresne, Goldstein, and Helwege, 

2001).  
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I include the difference between the 30-day Eurodollar and Treasury yields to 

proxy the liquidity effect on corporate bonds relative to Treasury bonds as in Campbell 

and Taksler (2003). This is important because the largest U.S. financial crisis since the 

Great Depression occurs during my test period and, with the benefit of hindsight, it can 

be seen that this crisis is severely accentuated by liquidity dry-ups. Additionally, 

Kalimipalli, Nayak, and Perez (2013) and Kalimipalli and Nayak (2012) both 

demonstrate that liquidity is an important determinant of corporate bond spreads at the 

individual and portfolio level. The expected coefficient of liquidity measurement is 

positive, as a wider spread indicates reduced liquidity and, consequently, an increase in 

the compensation required for holding corporate bonds. Information about Treasury rates 

and Eurodollar yields is obtained from the Federal Reserve board.  

2.3.4. Summary statistics 

Panel A of Table 2-2 summarizes statistical information regarding the Merrill 

Lynch US corporate bond index, and Panel B presents the correlations among the bond 

spreads and stock volatilities. The results in Panel A show that an investment grade bond 

portfolio earns an average of 1.444% extra premium relative to the 10-year Treasury 

bond per month. Systematic volatility is lower than idiosyncratic counterparts in terms of 

the mean (0.023% vs. 0.057%) and the median (0.014% vs. 0.032%). After being 

annualized (multiplied by 250), the average annual systematic volatility is 5.75% and the 

idiosyncratic volatility is 14.25%. Panel A also demonstrates that the computation 

methods of volatility do not affect the estimation results. The statistics of volatilities 

within a 3-, 6-, 9-, 12-month return interval or computed by a 1- or 3-factor CAPM model 

are all close to each other in terms of mean, median, standard deviation, minimum, and 
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maximum. For example, the means of idiosyncratic volatility estimation are in a narrow 

range of 0.047% to 0.069%, while the medians vary from 0.031% to 0.036%. In addition, 

both systematic and idiosyncratic volatilities are highly correlated with bond portfolio 

spreads at the 5% significance level and are significantly correlated with each other with 

a coefficient of 0.61. This indicates that both volatilities describe bond portfolio spreads 

well and that there is a strong common component in the two volatilities. 

Figure 2-1 plots the time series relationship between stock volatilities and 

aggregate bond spreads. In order to illustrate the relationships clearly, the systematic and 

idiosyncratic stock volatilities are multiplied by 10. The graph shows that both volatility 

measures have a substantial time variation. Compared with the test period of 1995-99 in 

Campbell and Taksler (2003), idiosyncratic and systematic volatilities do not present 

apparently divergent behavior. They both remain stable at a low level from 2003 to 2007 

and they increase rapidly during the latest recession period from 2008 to early 2009. 

Despite the common variation, they still deviate from each other occasionally. After the 

collapse of the dot-com bubble in March 2000, and before September 11, 2001, daily 

idiosyncratic volatility remained at a 0.1% level which is much larger than its average 

value of 0.057%, while systematic volatility was as low as 0.02%. This divergence 

reflects the market’s confidence in economic fundamentals. This confidence is consistent 

with the outcome of this crisis: there were no two consecutive quarters of decline in real 

GDP and this result exceeded market expectation. Another remarkable feature of Figure 

2-1 is that idiosyncratic volatility always dominates systematic volatility in magnitude. 

Meanwhile, the movements of both volatilities are consistent with the trend in bond 
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spreads. For example, bond spreads significantly decrease with stock volatilities between 

2003 and 2007 and have risen rapidly with stock volatilities since 2008.  

2.4. Idiosyncratic volatility and bond portfolio spreads 

2.4.1. Empirical results from time-series regressions 

The statistical summary indicates that the time series of idiosyncratic volatility 

has a close relationship with bond portfolio spreads. In this section, I conduct a more 

formal econometric analysis by regressing idiosyncratic volatility against the bond 

portfolio spreads: 

, 

The results are listed in column (1) of Table 2-3. The coefficient of IV is 9.28; in other 

words, a 1% increase in IV will cause a 9.28% rise in bond spreads. The explanatory 

power of IV is significant, with an adjusted R2 of 55.7%. In addition, when 

macroeconomic variables are included, the impact of IV is not dominated by other risk 

factors as its coefficient value and significance do not change much in the specification 

(2). The coefficients of control variables are all consistent with the literature. Interest rate 

negatively influences bond portfolio spreads and the liquidity proxy has a positive role at 

the 5% confidence level.  

Figure 2-1 implies that there is co-movement between idiosyncratic and 

systematic volatilities. To investigate the impact of firm-specific volatility on bond 

portfolio premiums, I need to control the internal connection between idiosyncratic and 

systematic volatility. I conduct a two-stage examination to resolve this issue. 

Idiosyncratic volatility (IV) is firstly orthogonalized with respect to systematic volatility 

(MV), using an ordinary least square regression on MV in equation (3). The error term of 
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the regression, denoted as res, is uncorrelated with MV and represents a pure 

idiosyncratic risk. res is then regressed on bond portfolio spreads in equation (4) to 

examine the incremental power of idiosyncratic volatility in addition to systematic 

factors.  

,	 																											 3  

	(4)

In equations (3) and (4), spread is the difference between the monthly Merrill Lynch 

corporate bond index yields and 10-year Treasury rates; 	 is the residuals from 

equation (3); interest represents the long-term interest rate level, proxied by the 10-year 

Treasury rate; the slope of the term structure is measured by the difference between 10- 

and 2-year Treasury rates; liquidity is proxied by the difference between the 30-day 

Eurodollar and Treasury yields.  

As shown in column (3) of Table 2-3, although the coefficient of res decreases 

from 9.28 to 5.08, it is still significant at the 1% level. The beta value in the last column 

represents the economic significance of the specification (3) and shows that one standard 

deviation increase in res would yield a 0.325 standard deviation increase in the predicted 

bond portfolio spreads. According to the quantity of individual beta measurement, the 

influential power of res is only smaller than systematic volatility among all five 

regressors. These results indicate that the impact of idiosyncratic volatility is not due to 

either the systematic risk or macroeconomic conditions. Moreover, the coefficient signs 

of control factors in the specification (3) are all consistent with theoretical predictions 

and the adjusted R2 is quantitatively large at 80.7%.  In summary, the results in Table 2-3 
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strongly support that idiosyncratic volatility could have depressed corporate bond prices, 

even at the aggregate level. 

2.4.2. Why idiosyncratic volatility plays an important role in explaining bond portfolio 

spreads 

In environments with friction and incomplete information, Merton (1987) and 

Malkiel and Xu (2006) predict that investors cannot fully diversify away firm-specific 

risk; therefore, securities with high firm-specific risk have large expected returns. The 

assumptions of Merton (1987) and Malkiel and Xu (2006) are more consistent with the 

financial market conditions employed in this paper relative to the classical financial 

theories. Hence, the significant impact of idiosyncratic risk on bond index spreads is 

reasonable, although my test index is one of the most diversified corporate bond 

portfolios available to the market.  

The influential power of idiosyncratic volatility on bond credit premiums is 

commonly presumed to act through firm default probability. In this section, I try to 

explore whether this is the only channel of influence.  

A. Idiosyncratic volatility and skewness of firm asset distribution 

A firm's credit risk is fundamentally determined by firm asset value. Everything 

else being equal, investors should prefer firms whose assets are less negatively skewed. 

Although a direct measure of the risk-neutral distribution of firm assets cannot be 

obtained, I am able to infer its character from the stock return distribution.  

Previous studies have demonstrated that stock return distribution is asymmetric 

and market investors require corresponding compensation for more negatively skewed 

firms. For example, Harvey and Siddique (2000) argue that investors have a 
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nonincreasing absolute risk aversion utility function or the desire to avoid 

disappointment. This desire leads investors to require higher expected returns for left-

skewed stocks. Furthermore, idiosyncratic volatility is also correlated with the asymmetry 

of stock distribution. Meanwhile, Pastor and Verones (2009) document that high 

idiosyncratic volatility is related to technological revolutions. These new technologies 

improve firm production efficiency while bringing them uncertainty in terms of learning 

costs. Eventually, the majority of companies in the industry with high costs are 

eliminated through competition. As a result, the stock prices of innovative firms 

accompany high volatilities and negative skewness in returns (Jovanovic and 

MacDonald, 1994). In other words, prior literature indicates that firms with high 

idiosyncratic volatility tend to be associated with more negative skewness, which can 

lead to higher security premiums.  

I test whether the influential power of idiosyncratic volatility on bond portfolio 

spreads is because idiosyncratic volatility represents the firm-specific asymmetry of asset 

distribution. Following the approach outlined in Kraus and Litzenberger (1976) and 

Harvey and Siddique (2000), I compute the systematic and idiosyncratic skewness of 

stock return distribution. For the 30 days prior to each bond observation, I regress the 

stock portfolio returns on the square of the market return and the market return itself: 

, , , , ,  5

where the coskewness risk for stock portfolio at date t is measured by . The 

idiosyncratic skewness risk is estimated by the skewness of the residuals in equation (5). 

The statistical summary of skewness is presented in Table 2-2 Panel A. Coskewness has 

much larger variation in terms of standard deviation and extreme values, with a median 
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of -0.317. In other words, in over half of the observation months the Merrill Lynch 

investment-grade bond portfolio is negatively skewed with the market. Idiosyncratic 

skewness is in a narrow range from -1.385 to 1.858 and its mean and median are around 

0.2.   

If the utility function of a representative investor includes skewness, the more 

negative the (co)skewness factors are, the greater bond risk premium is required by 

investors. So skewness factors are expected to negatively affect bond portfolio premiums. 

I present the regression results in Table 2-4. The coefficients of skewness are 

insignificant and the beta values are quantitatively small. This result implies that the 

skewness of stock return distribution has no noticeable impact on the bond risk 

premiums. Based on my hypothesis, if stock volatilities determine the aggregate bond 

spreads through the asymmetry of firm asset distribution, they should connect with the 

skewness variables as well. When I regress equity volatilities on firm skewness levels, 

the results in Table 2-5 clearly demonstrate that neither IV nor MV influences the 

skewness factor, since the adjusted R2s are negative for all specifications. In a nutshell, 

the explanatory power of aggregate idiosyncratic volatility has nothing to do with the 

asymmetry of the stock return distribution.  

B. Idiosyncratic volatility and extreme firm asset losses 

Investors may be more concerned with extreme downside movement than the left 

skewness. Previous literature on nonlinear pricing kernels reveals that investors are 

averse to extreme outcomes in a distribution (Dittmar, 2002). Hence, high premiums will 

be demanded for positive outcomes in extremely bad states in the pricing kernel. In other 

words, investors are willing to pay to avoid those extreme large losses, even though the 
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possibility of the occurrence is negligible. I therefore consider whether idiosyncratic 

volatility is related to the downside tail risk in the firm asset distribution. I select value-

at-risk (VaR) rather than kurtosis to measure this risk since VaR measurement is more 

commonly interpreted as severe loss-upon-default in risk management. 

I further partition the VaR into systematic and idiosyncratic components to 

analyze the link between idiosyncratic volatility and firm extreme downside risk at the 

aggregate level. To do so, I identify the largest negative return for the stock portfolio 

during the 180 days prior to each bond spread observation. Therefore, this simple non-

parametric VaR is at a confidence level of 1/180 or 0.5% level. To partition this VaR 

measure into the systematic and idiosyncratic components, I exclude the day that has the 

largest negative return from the 180 days of data and use the remaining 179 return 

observations to conduct regression (1) for the stock portfolio. After obtaining the βt 

estimation, I predict the stock return at the value-at-risk day based on this βt and the 

contemporaneous independent variable - excess market return. The predicted value 

gauges the systematic VaR, explained by factors common to all stocks. The difference 

between the actual and predicted stock return at the value-at-risk day represents the 

idiosyncratic VaR. The more negative the VaR measurement, the larger tail risk exposure 

firms face and, consequently, the higher the bond spreads required by investors. The 

statistical summary of VaR is listed in Panel A of Table 2-2.  

The statistical summary clearly shows that systematic VaR is more negative in 

magnitude. Its mean and median are -0.051 and -0.047 respectively, while the 

corresponding measures for firm-specific VaR are -0.003 and -0.001. Systematic and 
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idiosyncratic VaRs are highly correlated at the 1% significance level with a coefficient of 

-38.15%. 

I regress bond index spreads on systematic and idiosyncratic VaRs separately 

because of their high correlation. The results in Table 2-6 show that idiosyncratic and 

systematic VaR negatively determine the bond spreads at the 1% level. Based on the 

adjusted R2 in the specifications (1) and (3), idiosyncratic VaR alone explains an average 

18.1% of bond spreads and systematic VaR alone contributes to 16.8%. Comparing 

regression (1) and (2), the coefficients of idiosyncratic VaR almost do not vary (from        

-0.517 to -0.465) when the control variables are included. This supports the argument that 

bond issuers have to pay for the potential extreme losses and idiosyncratic VaR has 

strong explanatory power on bond portfolio spreads. 

In order to examine the relationship between equity volatility and VaR, I compute 

their correlation coefficients and show the result in Panel B of Table 2-2. The statistical 

summary shows that both idiosyncratic and systematic volatilities negatively correlate 

with firm VaR values, with the magnitude in the range of -39% to -23%. In other words, 

firms with volatile stock returns tend to have high extreme default losses. The correlation 

statistics shed light on a new approach to explain the impact of idiosyncratic volatility on 

bond portfolio spreads.  

I gauge the explanatory power of extreme losses on idiosyncratic volatility by 

ordinary least squares regressions in Table 2-7. Both VaR values are able to explain 

idiosyncratic volatility at the 5% level. The negative coefficients of VaR are consistent 

with the previous analysis that firms with high idiosyncratic volatility tend to have large 

negative extreme values. I further conduct Granger causality tests to examine the internal 
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connection between idiosyncratic volatility and VaR measurements. I first conduct vector 

autoregression examinations on idiosyncratic volatility and firm VaR. Based on the 

Akaike Information Criterion (AIC) and the Bayesian Information Criterion 

(SIC/BIC/SBIC), I select 6 lags in the tests. The 	results in Table 2-8 point out that 

firm-specific and systematic VaR Granger cause idiosyncratic volatility, but idiosyncratic 

volatility only has incremental forecasting power on firm-specific VaR. This indicates 

that firm-specific and systematic extreme downside risks are the determining reasons 

behind the idiosyncratic volatility. Based on these tests, it is reasonable to draw the 

conclusion that idiosyncratic volatility has an incremental explanatory power on bond 

portfolio spreads because it reflects issuers' severe downside risk or extreme loss-upon-

default risk.  

2.5. Robustness checks 

2.5.1 Different measurements of idiosyncratic volatility 

In order to demonstrate that my results are not driven by the measurement of 

idiosyncratic volatility, I repeat the previous tests using the 3-factor CAPM method on 

the preceding 6 months of the issuer's equity. In addition, I re-estimate the idiosyncratic 

volatility using 3-, 9-, and 12-month terms of the issuer's stock and compare them in 

Table 2-2.  

The statistical results in Panel A of Table 2-2 reveal that the robust measurements 

have almost identical characteristics as the one computed using 6-month equity 

information with the 1-factor CAPM method. The mutual correlations as shown in Panel 

C are all significant at the 1% confidence level and in the range of 0.48 to 0.98. I also 

depict their time series behaviors in Figure 2-2. These figures demonstrate similar 
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variation patterns for the period January 2000 through June 2010. All figures show huge 

spikes in volatility during late 2008 and early 2009 as well as a large gap between IV and 

MV after the high-tech bubble burst in the 2000s. These graphs strongly support that the 

computation methodology does not bring bias to my tests. The econometric regression 

results in Table 2-9 confirm the robustness of my conclusions. The coefficients of new 

res are similar to what is presented in Table 2-3 specification (3) and are all statistically 

significant at the 1% level. Additionally, the coefficients on idiosyncratic volatility 

increase with the stock return interval. For example, the coefficient for res is 4.05 for the 

one using the preceding 12 months of stock returns and 2.95 for the one using the 

preceding 3 months of information. This suggests that the contemporary stock price 

fluctuation needs time to be transferred to the bond market. In addition, the sign and 

significance of interest rate and market liquidity conditions are both consistent with the 

earlier results. The negative coefficient of the interest rate is consistent with Longstaff 

and Schwartz’s (1995) finding that a higher rate pushes up the drift of firm asset value 

and lowers its default probability. The positive coefficient of liquidity is aligned with the 

flight-to-quality argument.  

2.5.2 Credit ratings and bond maturities 

I further examine my findings in sub-groups of the Merrill Lynch investment 

grade bond portfolio. Merrill Lynch partitions bonds into AAA, AA, A and BBB 

categories based on their average ratings from Moody’s, S&P, and Fitch. Based on the 

10-year benchmark, it also separates all investment-grade bonds into two maturity 

groups, denoted as 10yr and 15yr in Table 2-10. The maturity in the 10yr group ranges 

from 1 to 10 years and the maturity in the 15yr group ranges from above 10 to 15 years. 
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The coefficient of res is 0.877 for AAA bonds, 2.282 for AA bonds, 2.070 for A bonds, 

10.953 for BBB bonds, 3.262 for shorter than 10 year bonds, and 0.664 for long term 

bonds. res is statistically significant at the 1% level for the majority of categories, except 

for AAA and 15yr bond portfolios. Firms with a high rating or long term debt usually 

have a low distress propensity. Equity volatility thus has a smaller impact and the risk 

premiums of such firms are affected more by macro-level factors.  

To summarize, my robustness analysis suggests that idiosyncratic volatility is an 

important determinant of corporate bond portfolio yield spreads. This finding continues 

to hold when various methods are implemented to compute idiosyncratic volatility or 

when idiosyncratic volatility is tested on different bond indices based on credit ratings 

and term-to-maturity. 

2.6. Conclusion 

In this chapter, I study the impact of idiosyncratic volatility on yields of corporate 

bond portfolios relative to Treasury bonds. Following Campbell and Taksler (2003), I 

regress the aggregate idiosyncratic volatility on Merrill Lynch US corporate bond index 

spreads against Treasury bond rates between January 2000 and June 2010. Because of the 

high co-movement between idiosyncratic and systematic volatilities, I control their 

interaction with two-stage ordinary least squares regressions. In the first stage, I 

orthogonalize the idiosyncratic volatility with respect to the market volatility and take the 

residuals res. res therefore measures firms’ unique operation shocks uncorrelated with the 

market. In the second stage, I examine the impact of idiosyncratic volatility on bond 

portfolio spreads. The ordinary least squares regression results in the second stage show 

that both idiosyncratic volatility and res significantly explain the bond spreads beyond 



38 

 

the overall market risk. The incremental explanatory power of idiosyncratic volatility 

indicates that firm specific risk is not fully diversified away at portfolio level. My finding 

is consistent with the theoretical implication of Merton (1987) and Malkiel and Xu 

(2006) who consider the information asymmetry and market friction condition in their 

models.  

I also investigate how idiosyncratic volatility determines bond portfolio 

premiums. Merton (1974) suggests that an increase in asset volatility would make firm 

asset value close to the default boundary more easily and thus investors would require 

extra premium for idiosyncratic volatility risk. In contrast, I demonstrate that the 

compensation for idiosyncratic risk also relates to the severe downside risk, measured by 

the value-at-risk. In other words, I identify a new channel for stock volatility to influence 

bond premiums.  

Finally, my findings are robust in terms of different market models used to define 

idiosyncratic volatility, the time window used to measure volatility and the bond portfolio 

characteristics in terms of ratings and time to maturity. My study demonstrates that 

idiosyncratic volatility is an important risk factor in aggregate bond yield pricing. An 

important challenge for future research will be to develop theoretical models that can 

account for the strong empirical relationship between idiosyncratic asset volatility and 

corporate bond portfolio yields. 
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Figure 2-1 Time series of stock volatilities and bond portfolio spreads 
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Figure 2-2 Comparison of equity volatilities categorized by computation methods 
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 Table 2-1 Merrill Lynch US corporate investment grade bond portfolio constituent 

summary  

This table reports descriptive statistics for issuers of constituent bonds in the Merrill Lynch US corporate 
investment grade index. Panel A lists the number of issuers each month. Panel B summarizes in more detail 
based on industry.  

Panel A   Issuers of overall bond index 

 Mean Min Median Max 

Bond Issue 3,515 3,030 3,523 4,137 

Distinct Issuer 1,201 1,057 1,203 1,301 

Panel B   Individual industries 

Industry Mean Min Median Max 

Automotive 16 7 14 26 

Banking 244 218 246 277 

Basic Industry 77 55 75 100 

Brokerage 17 15 18 19 

Capital Goods 56 48 53 69 

Consumer Cyclical 42 30 40 63 

Consumer Non-Cyclical 64 52 61 92 

Energy 141 109 140 169 

Finance & Investment 41 38 41 43 

Financial Services 67 35 62 94 

Healthcare 39 24 40 59 

Insurance 91 53 103 125 

Media 42 32 41 52 

Real Estate 45 35 45 56 

Financial Services 67 35 62 94 

Healthcare 39 24 40 59 

Insurance 91 53 103 125 

Media 42 32 41 52 

Real Estate 45 35 45 56 

Services 58 51 58 65 

Services Cyclical 55 52 54 60 

Services Non-Cyclical 16 11 16 21 

Technology & Electronics 29 17 29 39 

Telecommunications 65 53 61 86 

Utility 133 96 129 176 



42 

 

Table 2-2 Descriptive statistics of bond portfolio spreads and explanatory variables  

Using time series data between January 2000 and June 2010, I report corporate bond index spreads, 
characteristics of the corresponding stock portfolio in terms of volatility, skewness and value-at-risk. All 
numbers are in percent. Spread measures the monthly Merrill Lynch US corporate bond index yield spreads 
over the 10-year benchmark Treasury; MV_6mth and IV_6mth are the weighted average systematic and 
idiosyncratic volatilities computed by the 1-factor CAPM model using the 6 month daily stock returns prior 
to bond observation; MV_imth and IV_imth are calculated in the return interval of i months, where i=3, 9, 
12; MV_3ff and IV_3ff are calculated by the 3-factor CAPM model; Coskewness and Idioskewness represent 
the market and firm-specific skewness of stock portfolio; SystemVaR and IdioVaR measure the value-at-risk 
at the market- and firm-level. Panel B lists the correlation (%) among main factors. Panel C presents the 
correlation among various measurements of stock volatilities. * represent statistical significance at the 5% 
level. 

Panel A Statistic summary 
 N Mean Std. dev Min Median Max 

Spread 126 1.444 1.099 -0.103 1.207 5.443 
MV_6mth 126 0.023 0.033 0.001 0.014 0.165 
IV_6mth  126 0.057 0.089 0.009 0.032 0.668 
MV_3mth  126 0.023 0.039 0.000 0.011 0.234 
IV_3mth  126 0.063 0.120 0.008 0.031 0.968 
MV_9mth  126 0.024 0.029 0.004 0.015 0.141 
IV_9mth  126 0.062 0.124 0.010 0.036 1.267 
MV_12mth 126 0.024 0.026 0.005 0.019 0.113 
IV_12mth  126 0.069 0.131 0.010 0.036 1.033 
MV_3ff  126 0.029 0.037 0.002 0.018 0.177 
IV_3ff 126 0.047 0.057 0.009 0.033 0.419 
Coskewness 126 0.243 4.892 -13.030 -0.317 21.075 
Idioskewness 126 0.169 0.495 -1.385 0.206 1.858 
SystemVaR 126 -0.051 0.026 -0.119 -0.047 0.000 
IdioVaR  126 -0.003 0.009 -0.041 -0.001 0.015 

Panel B Correlations 
 Spread MV_6mth IV_6mth Coskewness Idioskewness SystemVaR

MV_6mth 78.01* 1     
IV_6mth 74.87* 60.79* 1    
Coskewness -2.21 -5.17 -6.03 1   
Idioskewness 3.48 2.27 2.69 -6.78 1  
SystemVaR -41.79* -23.33* -38.08* 22.10* -0.03 1

IdioVaR -43.28* -38.94* -27.76* -5.00 1.28 -38.15*



43 

 

Continued ... 

Panel C Correlations among stock volatilities 

 MV_3mth IV_3mth MV_6mth IV_6mth MV_9mth IV_9mth MV_12mth IV_12mth MV_3ff

MV_3mth 1         

IV_3mth 0.7414* 1        

MV_6mth 0.8852* 0.5549* 1       

IV_6mth 0.7800* 0.9742* 0.6137* 1      

MV_9mth 0.5881* 0.3333* 0.7741* 0.3953* 1     

IV_9mth 0.7285* 0.8956* 0.5076* 0.9123* 0.3594* 1    

MV_12mth 0.4793* 0.2786* 0.6377* 0.3247* 0.9493* 0.3257* 1   

IV_12mth 0.7015* 0.8232* 0.6547* 0.8285* 0.4779* 0.8233* 0.4231* 1  

MV_3ff 0.7698* 0.4926* 0.9240* 0.5580* 0.9016* 0.4445* 0.7825* 0.6050* 1 

IV_3ff 0.7855* 0.7430* 0.7976* 0.8019* 0.6123* 0.6142* 0.5266* 0.6438* 0.7819*
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Table 2-3 Idiosyncratic volatility and bond portfolio yield spreads 

  

Using time series data between January 2000 and June 2010, I regress Merrill Lynch US corporate bond 
index spreads over the 10-year benchmark Treasury against the variables listed below. All equity data are 
for the 6-month preceding the spread observation. MV and IV are the weighted average systematic and 
idiosyncratic volatilities; res is the residual of regression (3), representing the unrelated systematic 
portion in IV; interest level is measured by the 10-year Treasury rate; interest slope, the difference 
between 10- and 2-year Treasury rates; liquidity is estimated by the difference between 30-day Eurodollar 
and Treasury yields. Robust standard errors are reported in parentheses. ***, **, * represent statistical 
significance at the 1%, 5% and 10% level, respectively. 

 (1) (2) (3) Beta 
IV 9.280*** 7.968***   
 [1.520] [1.296]   
res   5.081*** 0.325 
   [1.462]  
MV   23.276*** 0.708 
   [2.608]  
interest level  -0.305** -0.090 -0.068 
  [0.143] [0.082]  
interest slope  -0.002** -0.002*** -0.168 
  [0.001] [0.001]  
liquidity  0.005*** 0.004*** 0.240 
  [0.001] [0.001]  
Constant 0.009*** 0.025*** 0.015***  
 [0.001] [0.007] [0.004]  
# of obs 126 126 126  
adjusted R2 0.557 0.707 0.807  
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Table 2-4 Aggregate skewness and bond portfolio spreads 

   

Using time series data between January 2000 and June 2010, I regress corporate bond portfolio spreads 
over the 10-year benchmark Treasury against the aggregate coskewness and idiosyncratic skewness. Both 
sets of skewness data are for the 30 days preceding each spread observation. Control variables are defined 
previously. Robust standard errors are reported in parentheses. ***, **, * represent statistical significance 
at the 1%, 5% and 10% level, respectively. 

 Coefficient Beta 
idioskewness  -0.001 -0.0404 
 [0.001]  
coskewness  0.000 0.0003 
 [0.000]  
interest level -0.320 -0.241 
 [0.202]  
interest slope -0.001 -0.070 
 [0.001]  
liquidity 0.008*** 0.505 
 [0.002]  
Constant 0.028***  
 [0.010]  
# of obs 126  
adjusted R2 0.318  
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 Table 2-5 Skewness and stock volatilities 

   

Using time series data between January 2000 and June 2010, I regress the aggregate volatilities on stock return skewness. 
Volatility variables MV and IV are computed by equity data from 6-months preceding the spread observation and skewness 
variables are computed by data gathered at a 30-day interval. Robust standard errors are reported in parentheses. ***, **, * 
represent statistical significance at the 1%, 5% and 10% level, respectively. 

  (1) (2) (3) (4) 
  idioskewness idioskewness coskewness coskewness 
IV -3.142  -110.962  
 [30.857]  [207.092]  
MV  8.417  -391.311 
  [70.962]  [666.371] 
Constant 0.175*** 0.172*** 0.322 0.350 
 [0.051] [0.056] [0.507] [0.544] 
# of obs 126 126 126 126 
adjusted R2 -0.008 -0.008 -0.008 -0.007 
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 Table 2-6 Value-at-risk and bond portfolio spreads 

 

Using time series data between January 2000 and June 2010, I regress corporate bond portfolio spreads over the 10-year 
benchmark Treasury against the aggregate idiosyncratic and systematic value-at-risk, idioVaR and systemVaR. All equity 
data are for the 6-months preceding the spread observation. Control variables are defined previously. Robust standard errors 
are reported in parentheses. ***, **, * represent statistical significance at the 1%, 5% and 10% level, respectively. 

  (1) (2) (3) (4) 
idioVaR -0.517*** -0.465***   
 [0.157] [0.145]   
systemVaR   -0.180*** -0.330*** 
   [0.041] [0.063] 
interest level  -0.297  -0.547*** 
  [0.195]  [0.137] 
interest slope  -0.003***  0.004*** 
  [0.001]  [0.001] 
liquidity  0.006***  0.004*** 
  [0.001]  [0.001] 
Constant 0.013*** 0.029*** 0.005*** 0.017*** 
 [0.001] [0.010] [0.002] [0.006] 
# of obs 126 126 126 126 
adjusted R2 0.181 0.419 0.168 0.551 
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Table 2-7 Idiosyncratic volatility and value-at-risk 

 
  

Using time series data between January 2000 and June 2010, I regress systematic and idiosyncratic value-
at-risk (idioVaR and systemVaR) on idiosyncratic volatility, IV. IV and VaR are computed using the equity 
data from the 6-months preceding the bond spread observation. Robust standard errors are reported in 
parentheses. ***, **, * represent statistical significance at the 1%, 5% and 10% level, respectively. 
systemVaR -0.013***  
 [0.004]  
idioVaR  -0.027** 
  [0.011] 
Constant -0.000 0.000*** 
 [0.000] [0.000] 
# of obs 126 126 
adjusted R2 0.138 0.070 
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Table 2-8 VEC Granger causality tests 

 

 

 

 

  

Using time series data between January 2000 and June 2010, IV and VaR are computed using the equity 
data for the 6-months preceding the bond spread observation. The panel reports the Wald test results for 
null hypothesis - no Granger causality relationship.  

Dependent Variable Excluded df p-value 
IV idioVaR 24.874 6 0.000 
IV systemVaR 11.479 6 0.075 
idioVaR IV 48.774 6 0.000 
systemVaR IV 10.309 6 0.112 
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Table 2-9 Robustness checks for equity volatility and bond portfolio yield spreads 

 
 

 

  

Using time series data between January 2000 and June 2010, I regress Merrill Lynch US corporate 
bond index spreads over the 10-year benchmark Treasury against equity volatility and control 
variables defined previously. The idiosyncratic volatility included in each regression is specified by 
IV_imth (where i =3, 9, 12) and IV_3ff under specification numbers. MV_imth and IV_imth are the 
systematic and idiosyncratic volatility calculated in the return interval of i months; MV_3ff and IV_3ff 
are calculated by the 3-factor CAPM model; other control variables are defined as before. Robust 
standard errors are reported in parentheses. ***, **, * represent statistical significance at the 1%, 5% 
and 10% level, respectively. 

  (1) (2) (3) (4) 
  IV_3mth IV_9mth IV_12mth IV_3ff 
res 2.945*** 3.642*** 4.049*** 7.587*** 
 [0.559] [0.624] [0.487] [2.207] 
MV_3mth 20.974***    
 [2.623]    
MV_9mth  23.133***   
  [3.559]   
MV_12mth   23.164***  
   [3.303]  
MV_3ff    16.249*** 
    [1.449] 
interest level -0.146* -0.120 -0.106 -0.116 
 [0.077] [0.097] [0.116] [0.081] 
interest slope -0.002*** -0.002*** -0.002*** -0.002*** 
 [0.001] [0.001] [0.001] [0.001] 
liquidity 0.003*** 0.005*** 0.005*** 0.003*** 
 [0.001] [0.001] [0.001] [0.001] 
Constant 0.018*** 0.016*** 0.016** 0.017*** 
 [0.004] [0.005] [0.006] [0.004] 
# of obs 126 126 126 126 
adjusted R2 0.793 0.740 0.707 0.779 
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Table 2-10 Equity volatility and bond portfolio yield spreads for rating and maturity categories 

  

Using time series data between January 2000 and June 2010, I regress corporate bond index spreads over 10-year 
benchmark Treasury against equity volatility and control variables defined previously. The regressions are conducted based 
on bond ratings and maturities whose identifications are listed under regression numbers. Robust standard errors are 
reported in parentheses. ***, **, * represent statistical significance at the 1%, 5% and 10% level, respectively. 

  (1) (2) (3) (4) (5) (6) 
 AAA AA A BBB 10year 15year 
res 0.877 2.282*** 2.070*** 10.953*** 3.262*** 0.664 
 [1.238] [0.822] [0.174] [2.875] [0.321] [1.015] 
MV 22.130*** 22.420*** 19.605*** 38.889*** 25.322*** 31.947*** 
 [3.294] [2.655] [1.563] [3.077] [1.793] [1.949] 
interest level -0.241*** -0.212*** -0.086 -0.232* -0.029 -0.071 
 [0.067] [0.075] [0.069] [0.132] [0.065] [0.063] 
interest slope -0.004*** -0.005*** -0.002*** -0.001* -0.003*** 0.001** 
 [0.000] [0.001] [0.000] [0.001] [0.000] [0.000] 
liquidity 0.001** 0.004*** 0.005*** 0.003** 0.004*** 0.003*** 
 [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] 
Constant 0.017*** 0.017*** 0.013*** 0.024*** 0.009*** 0.015*** 
 [0.003] [0.004] [0.004] [0.007] [0.003] [0.003] 
# of obs 126 126 126 126 126 126 
adjusted R2 0.625 0.712 0.775 0.815 0.821 0.745 
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CHAPTER 3. ENDOGENOUS BANKRUPTCY AND EXPECTED RECOVERY 

Abstract 

Using a large sample of Chapter 11 filings from 1996 to 2007, I find that the 

endogenously determined expected recovery derived from the Leland and Toft (1996) 

model has strong explanatory power on the debt recovery observed in the market. My 

results hold even after firm characteristics, industry distress, and macroeconomic 

conditions are included in the regression. In addition, I find that both agency conflicts and 

ex post bankruptcy costs contribute to the explanatory power of the expected recovery on 

market recovery. My study confirms the managers’ role in determining the bankruptcy 

boundary and thus the corporate debt recovery. 
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3.1. Introduction 

One of the culprits of the 2008 financial crisis was the inadequate assessment of 

credit risks in various financial products. Studying and understanding credit risk has 

become increasingly important to both practitioners and regulators. There are two main 

aspects for describing credit risk: the probability of default, and the recovery (or loss) 

upon default. While a large body of literature deals with the former aspect of default, less 

emphasis is placed on the outcome of default events, i.e., debt recovery. Recovery rate is 

a crucial determinant of bond yield. Understanding the determinants of recovery rate is 

important to the valuation and hedging of risky debt and credit derivatives.  

There are two distinct and largely unconnected approaches to the estimation of 

debt recovery in the literature. One approach makes an attempt through the identification 

of the factors that influence the bankruptcy events such as debt characteristics, firm 

financial conditions, industry distress, and macroeconomic environment. Many studies 

adopt this approach.3 The other approach is based on the insights of Merton (1974), who 

points out that a corporate security can be viewed as an option on firm assets and hence 

can be dealt with through option pricing theory. This basic model, with some structural 

changes and calibration, has proven to be relatively successful in predicting default 

probabilities and calculating hedge ratios on corporate bonds (Schaefer and Strebulaer, 

2008). However, the Merton model and its various extensions assume that the default 

                                                 
3 A partial list of this literature includes Altman and Kishore (1996) and Izvorski (1997) on documenting 
industry type and debt seniority as the most critical determinants of debt recovery; Frank and Torous 
(1994) on finding that the recovery rate is largely based on the book value of securities received in 
distressed exchange or bankruptcy; Altman, Brady, Resti and Sironi (2005) on the relationship between 
aggregate recovery rates and aggregate default rates as well as the supply of defaulted bonds; Bris, Welch 
and Zhu (2006) on the effect of bankruptcy procedure (Chapter 11 vs. Chapter 7) on debt recovery; 
Acharya, Bharath, and Srinivasan (2007) on industry distress at the time of default as crucial determinant; 
Carey and Gordy (2007) and Zhang (2009) on showing that proportion of bank loans has a large impact on 
corporate debt recovery. 
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barrier is exogenously chosen as the face value of the debt and thus creditors recover a 

fixed fraction of face value in bankruptcy.  

Although both approaches have long been used in the study of default risk, they 

fail to identify the managers’ role in determining the timing of bankruptcy, given the fact 

that the majority of Chapter 11 petitions are filed on a voluntary basis. Managers, acting 

as agents of equity holders, choose the timing of bankruptcy filing.4 This observation is 

exactly the foundation of endogenous bankruptcy models such as those developed by 

Leland (1994) and Leland and Toft (1996). Unlike other structural models, managers 

choose the bankruptcy threshold in endogenous bankruptcy models. A deadweight loss 

associated with bankruptcy costs is deducted from the firm's assets at bankruptcy, and the 

remaining asset is distributed to the debt holders according to their seniority. This model 

allows us to estimate what creditors can expect to recover when a firm chooses to declare 

bankruptcy before debt matures. In this paper, I intend to apply the endogenous 

bankruptcy model developed by Leland and Toft (1996) to study whether the expected 

recovery implied from the model is consistent with the debt recovery observed in the 

market upon bankruptcy filing.  

Empirical evidence estimates the average cost of bankruptcy and financial distress 

at 10-20% of a firm’s asset value (Altman, 1984; Andrade and Kaplan, 1998). Using the 

average bankruptcy cost estimate and equity prices, I apply the Maximum Likelihood 

                                                 
4 Although at times Chapter 11 can be filed by creditors against the debtor, section 303(h) (1) of the US 
Bankruptcy Code makes it difficult to force a firm into bankruptcy. To force a company into bankruptcy, 
creditors must show a “general pattern of nonpayment of undisputed mature debts during the period 
immediately preceding the petition.” A wide range of factors is considered for this requirement. These 
factors include the percent of debt in default, the length of time the debt is overdue by, the increasing size 
of overdue debt over time, etc. Moreover, three or more creditors must join the involuntary bankruptcy 
petition for a firm with twelve or more creditors. With respect to this rule, the courts also carefully 
scrutinize cases whose creditors are closely related parties, or whose claim has been sold to parties who 
later join the bankruptcy petition. 
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Estimation (MLE) method to estimate the parameters for the diffusion process that 

governs the evolution of asset value in the Leland-Toft model. This allows us to calculate 

the endogenous bankruptcy barrier, which represents the value that will be distributed to 

debt holders after bankruptcy costs are deducted. In other words, the default barrier after 

the deadweight loss deduction is the overall recovery that debt holders can expect if a 

firm files for bankruptcy in the near future. I refer to this value as the expected recovery 

for a firm. My study sample is composed of 276 Chapter 11 filings by large US firms 

from 1996 to 2007, compiled from a variety of data sources with some intensive manual 

data collections.  

First, I find that the expected recovery estimated a few days prior to bankruptcy 

filing has strong explanatory power on the variation of firm level recovery, calculated as 

the weighted average recovery of defaulted bank loans and bonds. My results hold after 

firm characteristics, industry distress, and macroeconomic conditions are accounted for. 

As a robustness check, I re-estimate the expected recovery from the Leland-Toft model 

using alternative expected bankruptcy costs. My results remain unchanged.  

Second, to investigate the impact of the agency problem on recovery rates, I 

separate my sample firms based on CEO stock holdings and pay-for-performance 

sensitivities in the year prior to bankruptcy filing and perform sub-sample analysis. As 

agency conflicts are not modeled in Leland and Toft, the timing of bankruptcy may not 

be chosen optimally by managers in the presence of agency problems. For firms with 

more severe agency problems, default barriers are less likely to be determined through 

the maximization of shareholders’ equity, and thus the explanatory power of the 

endogenous default barrier on market recovery can be weakened. My results show that 
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the explanatory power of expected recovery on market realization is greater for firms 

with larger CEO equity ownership and those with higher pay-for-performance 

sensitivities tied to the CEO’s wealth.  

Third, I examine whether the large difference between the ex ante and realized 

bankruptcy costs weakens the power of my test. I separate my sample firms into two 

groups based on the length of time the firm stays in bankruptcy. The bankruptcy duration 

of the first group of firms lies between the 25th and 75th percentile of the duration 

spectrum. The second group of firms has duration lying either below the 25th percentile 

or above the 75th percentile of the duration distribution. My results show that the 

explanatory power of Leland-Toft model is much stronger for the first group of firms, 

suggesting that the expected recovery explains market recovery better when the 

realization of bankruptcy costs is closer to the ex ante cost parameter assigned in the 

model estimation.  

Finally, following Carey and Gordy (2007) and Zhang (2009), I study the 

relationship between the proportion of bank loans in the firm’s debt and recovery. In their 

models, bank lenders can endogenously choose the bankruptcy threshold and, as a result, 

the debt composition has a strong economic influence on recovery. I choose the 

proportion of bank loan out of total debt to proxy for the bank influence on firm 

bankruptcy decision. Hence, if the bank plays an important role in triggering bankruptcy 

the explanatory power of the expected recovery should be lower in the presence of a large 

amount of bank loans. My results show that although the magnitude of bank loan 

proportion explains the firm recovery well, it does not change the explanatory power of 

the expected recovery from the Leland-Toft model.  
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This paper makes contributions to the current literature on debt recovery in 

several aspects. In contrast to many previous studies, I identify and confirm the role of 

managers in determining the timing of bankruptcy filing and, consequently debt recovery. 

I show that the recovery rates derived from the endogenous bankruptcy model can be 

used to estimate the expected recovery if a solvent firm chooses to file for bankruptcy in 

the foreseeable future. I find that this expected rate of recovery contains more 

information for the market recovery than other sets of economic and firm-specific factors. 

This study provides a useful tool for portfolio managers and risk managers to predict firm 

level recovery upon bankruptcy. In addition, I identify that agency problems may distort 

the optimal default barrier chosen by shareholders. This suggests that when building 

endogenous bankruptcy models, agency problems should be considered in determining 

the default barrier. 

The remaining part of the paper is organized as follows. Section 3.2 summarizes 

the Leland-Toft model and presents the maximum likelihood estimation. Section 3.3 

describes the data sample and variable construction. Section 3.4 presents the main results, 

and Section 3.5 concludes.  

3.2. The Leland-Toft model and estimation  

3.2.1. The model 

Leland and Toft (1996) developed a debt pricing model that relates equity and 

bond values to the firm asset risk, bankruptcy costs, tax benefits and the riskless interest 

rate.5 This model permits an early default before debt maturity. A firm defaults whenever 

its asset value falls below a predetermined bankruptcy threshold, which is endogenously 

determined by equity holders. The firm asset value is unobservable, and is assumed to 
                                                 
5 A detailed description of Leland and Toft (1996) model is provided in the Appendix 3-A. 
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follow a Geometric Brownian motion. The value of debt is the discounted expected value 

of the coupons and the repayment of the principal if no default occurs before maturity. If 

bankruptcy occurs, a proportion of firm assets will be lost due to bankruptcy costs, and 

the remaining assets will be distributed according to priority rules. Leland and Toft show 

that for a chosen default trigger level ∗	the debt and equity value can be expressed 

analytically.  

In this model, the management of a firm acts in the best interests of shareholders. 

The default barrier is chosen by the management to maximize the equity value. It can be 

expressed in terms of asset volatility, firm leverage, coupon rate, debt maturity, corporate 

tax rate, default cost, and the risk-free interest rate. The trigger ∗ is the asset level where 

the change in the value of equity equals the additional cash that must be provided by 

equity holders to keep the firm solvent. When	 ∗, firm equity has positive value, and 

the expected equity value appreciation exceeds the cash flow (if any) that must be 

contributed for the firm to fulfill its debt obligations. We will never observe ∗ for a 

solvent firm because equity value appreciation would be less than the contribution 

required from equity holders to keep the firm solvent. Thus equity capital cannot be 

raised to meet the debt service requirement and the firm will thus choose to default. 

Unlike the Merton model and its various extensions, the default barrier in the Leland-Toft 

model can be higher or lower than the principal amount of its outstanding debt. This is 

because the tax deductibility might be lost when bankruptcy is declared.  

When a firm files for bankruptcy, i.e., when its asset value equals ∗,	a fraction  

of this value will be lost due to direct and indirect bankruptcy costs. The expected 
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recovery rate is the remaining value 1 ∗	that debt holders receive as a fraction of 

its debt face value, i.e., 

1 ∗

 
(1) 

The implied recovery rate is a reasonable estimate of firm recovery, illustrated as 

follows. The default boundary V* measures the value of the asset at bankruptcy before 

the deadweight costs are deducted. There are two components in asset value at 

bankruptcy: the collateral used for secured debt and the remaining assets available for 

distribution to unsecured lenders. Although bank lenders may not be able to seize the 

collateral upon bankruptcy filing, they have the ultimate right to claim the collateral due 

to the automatic stay. The value of secured bank loans should be closely tied to the value 

of collateral.6 Unsecured lenders, on the other hand, share the remaining assets after 

collateral is liquidated and paid to secured bank lenders. Therefore, the recovery of bank 

loans and bonds with bankruptcy costs w* born by unsecured debt holders can be 

expressed as / ,  

	 1 ∗ / , respectively. Firm level 

recovery can be calculated as the weighted average recovery of all outstanding debt, 

written as 

	 ∗
  

i.e., 

								 	 ∗
	=	

∗
.  

                                                 
6 If the value of collateral is less than the face value of secured bank debt, the proportion that exceeds the 
collateral will join the unsecured debt to share the remaining assets. Davydenko and Franks (2008) show 
collateral has strong predictive power on bank debt recovery. 
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The illustration above shows that the recovery rate calculated based on 

endogenous default barrier models provides a reasonable estimate of firm level recovery 

rate. 

3.2.2. Estimation methodology 

In order to calculate the default trigger level, I need the asset growth rate and 

volatility as well as the leverage of the firm. However, since the firm asset is not tradable 

and its historical value is unobservable, I need to estimate the model parameters using 

observable security prices.  

A few prior studies rely on the calibration approach to find the parameters in the 

structural models (Ronn and Verma, 1986; Vassalou and Xing, 2004). However, the 

calibration approach has been demonstrated to be less preferable to the Maximum 

Likelihood Estimation (MLE) method (Ericsson and Reneby, 2005). The MLE method 

avoids theoretical inconsistencies because it does not assume that the value and risk of 

the firm asset are directly observable. It also allows one to simultaneously estimate multi-

parameters in structural models. Moreover, MLE is well suited for small samples. In this 

chapter, I adopt this approach to estimate the model parameters using daily equity 

observations of 252 to 5 days before Chapter 11 filing to compute the default barrier and 

the expected recovery.  

The main idea of the MLE approach is to maximize the log-likelihood function of 

firm security prices to obtain the model parameters. The obstacle of this approach is the 

unknown density function of equity prices. Fortunately, in structural models one assumes 

that the asset value follows a Geometric Brownian motion, and hence the logarithm of 

asset value follows a Gaussian distribution. The unknown density function of equity 
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prices can be computed by the product of a Jacobian function and the density function of 

asset value. The likelihood function related to stock prices can then be easily obtained 

(see Appendix 3-B for details). By maximizing the likelihood function I can obtain the 

model parameters  and  and in turn compute the implied default barrier V* and thus 

the expected recovery expressed in equation (1). 

To answer the question about whether my MLE estimators are unbiased and 

efficient in small samples, I implement the method on simulated data as in Ericsson and 

Reneby (2005).7 After running 1,000 Monte Carlo experiments, each with distinct 252-

day asset values, I compare the computed asset value and volatility with the 

corresponding model inputs. Table 3-1 reports mean errors for estimators to gauge the 

MLE accuracy and the corresponding standard deviation and mean absolute errors to 

gauge the MLE efficiency. The bias of the firm asset estimator is negligible for practical 

purposes with a mean of 0.46% of simulated firm asset and a standard deviation of 0.21. 

The average difference between estimated asset volatility and the original input of 20% is 

0.04 with a standard deviation of 0.16. This demonstrates that maximum-likelihood 

method is well suited for my small sample estimation.  

3.2.3. Model inputs 

I carefully match the quarterly balance sheet information to the corresponding 

daily equity data for each firm during the 252 days preceding Chapter 11 filing. Since the 

contemporaneous accounting data are difficult for creditors to obtain, I follow prior 

literature by using firm-level accounting information in the fiscal quarter immediately 

prior to the equity observation. I employ the book value of total debt to proxy for the debt 

face value F in the model. The coupon payout c is the dollar weighted average coupon 
                                                 
7 The detailed description of simulation experiments is provided in the Appendix 3-C. 



62 

 

rate of all outstanding debt at bankruptcy. The initial maturity T is estimated as the two 

times weighted average maturity of all debt instruments while the maturity of all bank 

loans is assumed to be one year.8 The corporate tax rate  is assumed to be 35% for all 

firms. Altman (1984) and Andrade and Kaplan (1998) suggest that the cost of financial 

distress is likely to be in the range of 10% to 20% of asset value.9 I select 15% as the 

deadweight loss in bankruptcy for all firms in my sample.10 Finally, the risk-free interest 

rate r is measured by the one-year constant maturity Treasury rate reported by the Federal 

Reserve Bank.11  

With these inputs, the MLE method can be performed for each firm in my sample. 

The unobserved asset volatility  is obtained and thus the unknown market value of 

assets can be computed for each daily observation of equity value.  

3.3. Data description 

3.3.1. Data sample  

I start with Lynn M. Lopucki’s Bankruptcy Research Database to draw the sample 

of all large US firms that filed for Chapter 11 between 1996 and 2007. For inclusion in 

this database, a firm must have assets worth at least $100 million (in 1980 dollars) at the 

time of a Chapter 11 filing and must have been required to file with SEC in at least one of 

                                                 
8 The Leland-Toft model assumes the firm continuously sells a constant amount of new debt with initial 
maturity of T years from issuance, which (if solvent) it will redeem at par upon maturity. Therefore, at the 
beginning of each issuance, the time to maturity of firm debt is uniformly distributed in the range of [0, T] 
and the weighted average maturity of firm debt is T/2. Since bank loan maturity information is largely 
unavailable, I adopt one year following Davydenko (2007), who shows that using the weighted average 
maturity of corporate bonds rather than one year for bank loans does not influence the Leland-Toft 
estimation results.  
9 Standard and Poor’s (2009) treats administrative expenses, which are related to professional fees and 
other costs associated with bankruptcy, as 3%-10% of the borrower’s enterprise value depending on the 
complexity of the capital structure. This percentage represents the direct costs. With a similar amount of 
indirect costs our assumption of 15% bankruptcy cost is reasonable. 
10 As a robustness check I also estimate the Leland-Toft model with 10% and 20% deadweight loss and find 
our results remain qualitatively the same. 
11 Detailed information can be found at http://www.federalreserve.gov. 
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the three years prior to the bankruptcy filing. There are 497 Chapter 11 filings in total for 

my study time period. I drop 45 bankruptcies filed by financial institutions (SIC code 

between 6000 and 6999);12 thus my starting sample includes 452 filings. As of December 

31, 2008, 433 cases were reorganized, liquidated or acquired and 19 cases were still 

pending or dismissed.  

A. Debt recovery 

Using New Generation Research’s bankruptcydata.com, I collect detailed 

information on defaulted debt in my bankruptcy sample, including instrument type, debt 

seniority, principal amount, coupon rate, and maturity date. Defaulted debts can be bank 

loans or bonds. I cross-check the debt characteristics with reorganization and liquidation 

plans confirmed by the US Bankruptcy Courts and Standard and Poor’s (S&P) LossStats 

database13 to make sure the terms and conditions of the defaulted bonds are complete and 

accurate. I am able to obtain 607 bank loans and 1,068 bonds for 392 bankrupt entities. 

Bankruptcydata.com and Bankruptcy DataSource, also published by New 

Generation Research, provide post-petition trading prices of defaulted bonds for a 

majority of the cases in my data sample.14 I use the trading price at the first month end 

after Chapter 11 filing to measure the recovery of par.15 For cases with trading price 

missing, I turn to the LossStats database to retrieve the trading price, if the actual default 
                                                 
12 Financial institutions keep high leverage. Their bankruptcy filing decisions may not be determined 
through a default barrier. 
13The LossStats database was developed by S&P to capture defaults and debt recoveries of firms with more 
than $50 million of debt outstanding at default from 1987. It records the average trading price of defaulted 
corporate debt including bank loans from 15 to 45 days after default to measure debt recovery upon default. 
14 New Generation Research collects distressed security trading prices from various sources, including 
court documents, company filings, and Bloomberg. 
15 Post-default distress trading price based on par value is treated as a standard measure of debt recovery at 
default. A number of prior empirical studies use the 30-day post-default bid prices as a percentage of face 
value as a measure of recovery (Altman and Kishore, 1996; Cantor et al., 2009). Acharya, Bharath, and 
Srinivasan (2007) use the ultimate recovery at plan confirmation discounted back to bankruptcy petition as 
a measure of recovery of par. Eberhart and Sweeney (1992) document that bond prices at the time of 
bankruptcy are unbiased estimates of the bonds' payoff upon settlement of the bankruptcy. 
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date reported by S&P is within one month of Chapter 11 filing. The post-petition bond 

trading prices are verified with Datastream whenever possible. There are 594 bonds from 

245 cases with post-petition trading price available from all these sources.  

S&P carries post-petition trading prices for a small sample of secured bank loans, 

as these loans are not frequently traded. Prices are only available for those loans that are 

traded right after bankruptcy filing; as a result, the available data are quite limited. In 

order to minimize the bias from using bank loan post-petition trading price as a measure 

of recovery, I turn to the loan recovery from reorganization or liquidation plans 

confirmed by court. This information, retrieved from Bankruptcydata.com and company 

8K filings, is a measure often referred to as the ultimate recovery. I am able to obtain 

such information on 331 bank loans for 161 firms. Since bank loans are usually short-

term and accrue interest post-petition, I do not apply discounting to the ultimate recovery 

of bank loans, but use it directly in calculating the firm level recovery. In addition, I 

verify the principal amount of bank loans collected from bankruptcy plans against 

information from other sources. When there is discrepancy among different sources, I use 

the principal amount from the bankruptcy plans. 

In order to estimate the firm-level recovery for each case, I need the debt principal 

amount and trading prices of all debt instruments at bankruptcy. However, around 40% of 

my sample cases do not have available trading prices. Given the fact that bonds of the 

same seniority are usually grouped into one claim class regardless of coupon and 

maturity at bankruptcy resolution, bonds of the same seniority at default should have the 

same recovery rate.16 That is, if the trading price of a bond is missing, I use the average 

recovery of all other bonds of the same seniority of this firm as a proxy. I refer to this 
                                                 
16 See also Guha (2003) and Cantor and Varma (2005). 
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procedure as within-firm proxy. My seniority classification includes senior secured bank 

debt, senior unsecured bank debt, senior subordinated bank debt, senior secured bonds, 

senior unsecured bonds, and subordinated bonds which include both senior subordinated 

and subordinated bonds. This within-firm proxy procedure provides 216 firm level and 

928 debt instrument level recovery estimations. 

Furthermore, in order to keep as many observations as possible for the final 

analysis, I adopt two simplified but valid assumptions. First, if there are no seniority 

peers for a bond within the same firm, I use the average trading price of bonds that are 

issued by all firms in the same Fama-French 12-industry classification and have the same 

seniority in the sample. In a similar vein, if a secured bank loan does not have the 

ultimate recovery, I use the mean recovery of all loans with ultimate recovery available in 

the sample. Second, senior unsecured and subordinated bank loans tend to have recovery 

rates similar to those of the public bonds of the same seniority (Cantor, Emery, Ou, 

Matos, and Tennant, 2009). I group the unsecured bank loans into the corresponding class 

of unsecured bonds and employ the bond trading price as a proxy for these two loan 

categories. I am able to calculate the firm level recovery rate for a total of 371 cases with 

1639 debt instruments that are accompanied with complete coupon rate and maturity 

information at firm level.  

The summary statistics of debt recovery are listed in Table 3-2. Panels A, B and C 

present the summary statistics of debt recovery for bonds and loans classified by year, 

Fama-French 12 industry classification, and seniority classes. Only debt instruments with 

available trading prices and bank loans with ultimate recovery are included. For 

collateralized instruments, since they continue to accrue post-petition interest, the amount 
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payable can sometimes exceed par. Panels D and E provide the summary statistics of 

corporate bonds only.17  

I observe a few distinct patterns in Table 3-2. First, Chapter 11 filings are cyclical 

with the highest number of filings clustered between the recession years of 2001 and 

2002. Second, debt recovery varies by industry. The high number of defaulted debts in 

the telecommunication sector coincides with the high-tech bubble collapse in 2001. 

Energy and manufacturing are among the industries with the highest overall recovery, 

while telecommunications and health care recover the least for bank lenders and 

bondholders. Consistent with the finding in Acharya, Bharath, and Srinivasan (2007), the 

utility sector appears to have the highest level of bond recovery. Third, seniority 

significantly affects the debt recovery. Senior secured bank loans have an average 

recovery of 85.9% while subordinated bonds recover by only 20.9%. The mean 

recoveries across the four seniorities are statistically different from each other at the 1% 

level based on Scheffe’s test.18 

B. Firm accounting and security pricing information 

Firm accounting information is retrieved from quarterly filings in Compustat, and 

from 10-Q filings through EDGAR when information is missing from Compustat. I 

collect key variables including book value of debt (both long-term and short-term), book 

assets, sales, property, plant and equipment (PP&E), and earnings before interests, taxes, 

                                                 
17 The debt recovery reported in this study is slightly lower than the recovery reported in previous studies 
(Bris, Welch, and Zhu, 2006; Acharya, Bharath, and Srinivasan, 2007). The difference lies in how recovery 
is measured. Previous studies use the ultimate recovery at case emergence while my measure is based on 
the distressed trading price after bankruptcy filing, which is a discounted value of the ultimate recovery.  
18 Scheffe's test is a parametric multi-comparison procedure that tests the hypotheses that the means of each 
pair groups are equal. 
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depreciation and amortization (EBITDA) for the four fiscal quarters immediately before 

bankruptcy filing.  

I rely primarily on CRSP to retrieve daily stock information including price, 

volume, and shares outstanding for the 252 trading days prior to Chapter 11 filing. I turn 

to Bloomberg and Datastream for additional information whenever CRSP stops coverage 

of a bankruptcy firm due to delisting. I replace stock price as missing when trading 

volume is zero on a given trading day. I require a firm to have at least 90 daily 

observations19 and two fiscal quarters of accounting information. After merging equity 

and accounting information with firm-level recovery based on the relaxed assumptions, I 

have a final sample of 276 firms that filed for Chapter 11 between 1996 and 2007. A sub-

sample of 128 firms has their firm recovery estimated without using a proxy. 

My firm level control variables include firm size, leverage, profitability, asset 

tangibility, number of corporate debt issues outstanding, and the logarithm of total 

principal amount of debt outstanding. Firm size is defined as the logarithm of book 

assets, deflated to 2008 dollars. Leverage is measured as the ratio of the sum of debts in 

current liabilities and long-term debt to book assets. Profitability is measured by return on 

assets (ROA) and the ratio of EBITDA to assets. Asset tangibility is defined as PP&E to 

book assets. Number of debt issues is the total number of corporate debts outstanding at 

the time of bankruptcy. The total principal amount of debt is deflated to the value of the 

dollars in 2008. All accounting control variables are taken from the last fiscal quarter 

immediately before Chapter 11 filing. 

                                                 
19 Ericsson and Reneby (2005) demonstrate that the maximum likelihood estimation method is able to 
provide unbiased structural model parameters for the 90-day equity value sample, although increasing the 
equity sample size leads to improved efficiency and normality. 
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C. Industry and macroeconomic conditions 

Following Acharya, Bharath, and Srinivasan (2007), I create a dummy variable 

for industry distress, based on the two-digit SIC code to capture the industry condition 

around bankruptcy filing. The industry distress dummy equals one if the median stock 

return for the industry of the defaulting firm in the year before bankruptcy is less than or 

equal to -30%.20 I also include the industry median market-to-book ratio to proxy for 

future growth prospects of the industry. The median is taken over all other firms in the 

same two-digit SIC code category as the defaulted firm.  

S&P500 stock returns are used to capture macroeconomic conditions. The impact 

of S&P500 stock returns on debt recovery is expected to be positive since poor 

macroeconomic condition reduces buyers’ potential ability to pay high prices for 

defaulted firms. Alternatively, I employ year dummies to capture the time variation in 

recovery rates due to the supply and demand changes in distressed and defaulted 

securities (Altman et al., 2005).  

3.3.2. Sample overview 

I provide summary statistics on bond, firm, industry and macroeconomic 

characteristics in Table 3-3. Bond characteristics include the weighted average debt 

maturity, coupon rate, number of debts issued, and the size of issue. The mean weighted 

average debt maturity is approximately 4.4 years. The coupon rate is 8.1% on average. 

Meanwhile, a firm generally has four to five debt instruments outstanding at the time of 

Chapter 11 filing. 

                                                 
20 Alternatively, I define the industry distress dummy based on three-digit SIC and turn to two-digit SIC if 
there are fewer than five firms in a three-digit SIC category in a given year. I found the results of using this 
alternative industry classification are very similar. 
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The median values of these accounting characteristics for my sample firms are: 

848 million dollars in assets, 185 million dollars in sales revenue, 0.4% return on asset 

(ROA), 68.9% book leverage ratio, and 40.5% tangibility. Compared with the median 

values of the entire Compustat database, my sample firms are larger and have higher 

leverage, lower ROA, and a higher proportion of tangible assets.  

About 30% of the filings are prepackaged and 7% of the filings are the result of 

fraud. More than 60% of the sample firms emerge as independent companies and 24% of 

the firms were liquidated. The average time for firms to stay in bankruptcy is around one 

and a half years, which is close to the mean of overall cases in LoPucki’s Bankruptcy 

Research Database between 1980 and 2009. The industry distress dummy takes on the 

value of one for about 17.8% of the cases and the average industry median market-to-

book ratio is close to one.  

The distribution of the market recovery and the distribution of the expected 

recovery from the Leland-Toft model look strikingly similar. The mean (median) of 

expected recovery estimated from the Leland-Toft model based on ex ante bankruptcy 

cost of 15% for the whole sample is 0.48 (0.53), which is very close to that of market 

recovery at 0.49 (0.51). I fail to reject the null hypothesis that the mean and median of 

expected recovery estimated using the model and market recovery are not different based 

on both the t-test and the Wilcoxon signed-rank test. 

Figure 3-1 provides an example for Seitel Inc., a company that filed for Chapter 

11 bankruptcy on June 6, 2003. This figure shows how the default barrier and implied 

asset value change through time from 252 to 5 days prior to bankruptcy filing. The time 

series of the default barrier and the implied asset value are obtained from the structural 
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estimation described in Section 3-2. This figure shows a large decline in firm asset value 

prior to bankruptcy filing. Firm asset value is very close to the bankruptcy barrier before 

the filing. The expected recovery based on the endogenous bankruptcy boundary with 

15% bankruptcy costs is 54%, comparable to the market recovery at 39%. Figure 3-2 

shows the times series of the default barrier and the implied asset value for Bally Total 

Fitness, which filed for Chapter 11 on July 31, 2007. The expected recovery based on 

15% bankruptcy costs is 64%, very close to the market recovery at 70%.  

3.4. Multivariate regressions 

3.4.1. Main results 

Table 3-4 reports the multivariate regression results. The variable of interest is LT 

recovery, which is the Leland-Toft recovery estimated 5-days prior to Chapter 11 filing. 

Control variables are similar to those used by Acharya, Bharath, and Srinivansan (2007). 

I find that the coefficient of LT recovery is positive and significant at the 1% level in all 

regressions for the whole sample. The R-squared with LT recovery alone in the second 

specification is higher than the R-squared with all the firm level controls as well as 

industry and macroeconomic conditions. This suggests LT recovery alone has a stronger 

explanatory power on the variation of firm level market recovery than other variables 

documented in previous studies. This result is robust when industry and year fixed effects 

are considered. Results in the third specification show that firm-level accounting 

information, industry environment, and macroeconomic conditions do not drive out the 

effect of LT recovery on the market recovery rate. Moreover, LT recovery increases the 

overall explanatory power of the independent variables by 8.3%.  
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Two variables related to bankruptcy are included in specifications (4) and (5), 

namely the prepackaged Chapter 11 filing dummy and an indicator for bankruptcy caused 

by accounting fraud. Prepackaged bankruptcies are usually associated with a shorter 

length of restructuring and thus lower bankruptcy costs. Hence, market recovery is 

expected to be higher in these cases. Fraud cases are associated with larger information 

asymmetry. The information released after the revelation of a fraud can be substantial and 

critical. Therefore, the change in asset and debt values can be drastic upon the bankruptcy 

filing. Moreover, bankruptcy costs can be severe in fraud cases. For instance, firms are 

likely to suffer a great loss of reputation and growth opportunities after a fraud revelation. 

Therefore, market recovery is expected to be lower in fraud cases. I find the prepack 

dummy has no impact on market recovery while the coefficient of fraud dummy is 

negative.  

The coefficients of profitability (ROA) are positive and statistically significant in 

all specifications, in line with the fact that creditors are likely to recover more from the 

more profitable firms. The sign of leverage is negative since higher leveraged firms face 

more severe financial distress. The negative industry distress dummy and the positive 

coefficient on S&P500 stock return indicate that both the current industry distress 

environment and future macroeconomic prospects play important roles in firm recovery.  

Although firm capital structure is assumed to be time-independent in the Leland-

Toft model, it actually changes over time in my estimation. Therefore, I define an 

alternative measure of expected recovery as the average of Leland-Toft recovery over the 

[-252, -5] trading days prior to Chapter 11 filing for each firm. The mean and median of 

this average expected recovery are almost identical to those based on the last observation 
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prior to filing, suggesting the majority of my firms keep a rather stable capital structure 

over the four quarters before Chapter 11 filing. I then use the average of Leland-Toft 

recovery estimated from -252 to -5 days relative to Chapter 11 filing in regressions and 

find quantitatively similar results. In addition, the results on recovery for a sub-sample of 

firms without using the cross-firm proxy are similar to those based on the full sample. 

The coefficient of LT recovery ranges between 0.51 and 0.67 in all regressions as shown 

in Table 3-5. 

In addition, I re-estimate the expected recovery from the Leland-Toft model with 

the deadweight costs at 10% and 20% respectively and find that the coefficient of LT 

recovery on firm level recovery, as presented in Table 3-4, is hardly changed. My results 

strongly suggest that the expected recovery derived from the Leland-Toft model is an 

informative and useful tool in predicting firm recovery at bankruptcy. 

3.4.2. Agency problems 

In their seminal work, Jensen and Meckling (1976) document that the interests of 

managers may not be tied to the interests of shareholders, thus creating agency problems. 

Leland and Toft (1996) do not consider such principal-agent conflicts in their model. 

However, the existence of agency problems may invalidate the default barrier chosen by 

managers through shareholders’ equity maximization. The true default barrier may differ 

from the one estimated by the Leland-Toft model. The expected recovery estimated by 

the model should thus have less explanatory power on market recovery when the agency 

problem is severe.  

According to Murphy (1999), “Stock ownership provides the most direct link 

between shareholder and CEO wealth.” The interests of managers are better aligned with 
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interests of shareholders when managers hold a large proportion of common equity. 

Furthermore, when they hold large number of stocks and unexercised options their 

personal wealth is closely tied to the stock performance. Therefore, I propose two 

measures of the link between the interests of managers and those of shareholders, namely 

CEO stock holdings and the wealth change sensitivities from stock and option holdings 

based on the research by Core and Guay (1999). 

I manually collect data on CEO percentage stock holdings, including details on 

newly granted stocks options, the amount and value of unexercised exercisable and 

unexercisable stock options for the fiscal year prior to a Chapter 11 filing, from the 

Execcomp database, proxy statements, and 10-Ks through EDGAR. The delta of 

unexercised options is estimated based on the Black-Scholes (1973) formula and Core 

and Guay’s (1999) approach. Delta is used to measure the wealth change sensitivities 

from option and stock holdings. The expected stock return volatility is measured as the 

annualized standard deviation of daily stock returns over the 120 trading days preceding 

the end of the fiscal year. Treasury bond yields are used as the risk-free interest rate. The 

CEO delta is the sum of deltas for the exercisable and unexercisable options and the delta 

of her shareholdings, which is defined as the product of shares owned at the end of fiscal 

year and 1% of the firm’s stock price.21  Delta thus measures the change of CEO wealth 

with a 1% change in stock price. 

I am able to collect CEO stock holdings for 222 firms in my final sample. The 

mean (median) percentage stock holding is 5.2% (1.1%), higher than the mean (median) 

of the Execcomp database for the same time period. The wealth change sensitivities 

(delta) are estimated for 216 of my sample firms. The mean of option and stock delta is 
                                                 
21 Refer to Core and Guay (1999) for details on estimating delta of options and stock holdings. 
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193, suggesting a CEO’s wealth changes by 193,000 dollars on average with a 1% 

change in stock price. In other words, a CEO’s wealth is highly connected with her stock 

performance. The mean of delta of my sample firms is lower than that of all firms in the 

Execcomp database for the same time period.  

Next, I separate my sample firms into sub-groups using the median of CEO stock 

holdings and the median of CEO wealth change sensitivity, namely above-median 

ownership firms, below-median ownership firms, above-median delta firms and below-

median delta firms. The link between managers’ interests and shareholders’ interests 

should be stronger for above-median ownership firms and above-median delta firms. 

Thus the expected recovery derived from the endogenously determined default barrier 

should have stronger explanatory power on market recovery for these two sub-samples of 

firms. 

Table 3-6 presents the results. I find that the LT recovery coefficient is as large as 

0.7 in specifications (1) and (3), where two samples are composed of firms with above-

median ownership and above-median delta, than in specifications (2) and (4). This 

suggests that the market recovery is closer to the expected recovery derived from the 

optimal default barrier determined by managers when agency problems are less severe. 

On the other hand, the expected recovery has less explanatory power on market recovery 

when CEOs hold less equity and their wealth is less tied to the performance of equity. My 

finding suggests that in the absence of an agency problem, the Leland-Toft model serves 

as a reasonable benchmark in estimating the expected recovery. The presence of agency 

problems weakens such explanatory power. 

3.4.3. Bankruptcy costs 
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The Leland-Toft model assumes that the cost of bankruptcy is fixed for all firms. 

This constant deadweight cost represents the ex ante bankruptcy cost assumed by 

managers in determining the default barrier. However, the actual bankruptcy costs 

occurred in Chapter 11 can be substantially different from the expected value assigned.  

Duffie and Lando (2001) suggest that around the time of bankruptcy, substantial 

information about issuers is revealed to the market. Firm asset value can take a large dive 

to below default threshold because of a sudden increase in expected bankruptcy costs. 

Meanwhile, the firm asset value may also jump above the default barrier determined by 

shareholders after bankruptcy filing due to hedge fund involvement on the debt side 

(Jiang, Li, and Wang, 2012). Therefore, within a short time period after a Chapter 11 

filing, investors can change their views of the value of the firm and its liabilities 

dramatically and the bond price varies accordingly. As a result, the bankruptcy month 

end trading prices could differ significantly from the original expected recovery when the 

change of expectation regarding bankruptcy costs is large. 

In this section, I examine whether the large difference between the ex post 

bankruptcy costs and the ex ante parameter assigned to the model weakens the 

explanatory power of the expected recovery. The duration of bankruptcy, measured as the 

number of years from the date of filing to the date of plan confirmation or conversion to 

Chapter 7, is used as a proxy for ex post bankruptcy costs. LoPucki and Doherty (2008) 

show that legal costs account for a sizeable proportion of the total costs of bankruptcy. 

Lengthy negotiations among all parties are associated with higher legal fees paid. Indirect 

costs of bankruptcy such as the loss of sales can also be large. Therefore, anticipation of a 

likely delay in bankruptcy resolution can weaken the bargaining power of the creditors 
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against equity holders and management and can induce additional distress costs. Since 

15% bankruptcy costs is the midpoint of the bankruptcy loss range as stated by prior 

literature, the Leland-Toft expected recovery based on this amount for all firms should 

explain the market recovery better when ex post bankruptcy costs are less extreme. 

I first separate my firms into two groups based on duration of bankruptcy 

resolution. The resolution length of the first group lies between the 25th and 75th 

percentile of the duration spectrum (i.e., between one and a half years and two years). 

The second group has a resolution duration either less than one and a half years or greater 

than two years. I refer to the former group as the cases with moderate duration and to the 

latter group as those with extreme duration (in both directions). The results in Table 3-7 

show that the coefficient of LT recovery is 0.631 for the moderate duration group, which 

is much higher than the 0.319 for the extreme duration group. This finding confirms my 

conjecture that with a moderate ex ante bankruptcy cost parameter assigned to the model, 

the explanatory power of LT recovery is stronger when the ex post bankruptcy costs are 

in the expected range.  

3.4.4. Proportion of bank loans 

Carey and Gordy (2007) develop a strategic bankruptcy model where bank 

lenders can force a company into bankruptcy after violation of the loan covenants. They 

show that the proportion of bank loans has a large impact on firm level recovery. In 

Zhang (2009), a company can be forced into bankruptcy through bank lenders’ 

acceleration of debt. Bank lenders are more likely to determine the bankruptcy barrier if 

the proportion of bank loans is large in a company’s capital structure. They choose the 

optimal bankruptcy barrier conditional on the bankruptcy boundary chosen by equity 
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holders. The bankruptcy threshold is higher when it is triggered by bank lenders rather 

than by equity holders. The implication for my empirical test is that the expected 

recovery derived from the Leland-Toft model should have less explanatory power when 

the proportion of bank loans is higher.  

Considering Carey and Gordy (2007), I first control for the proportion of bank 

loans in my regressions and find that the proportion of bank loans has strong explanatory 

power on firm recovery. More importantly, the statistical significance of LT recovery has 

not been diminished. I also separate my sample firms into two groups based on the 

median proportion of bank loans (at 34%). I expect to find that the explanatory power of 

LT recovery is greater for the sub-sample of firms with a below-median level of bank 

loans. However, I find no difference in the LT recovery coefficient between the two sub-

samples. This result indicates that it is not clear whether bank lenders necessarily choose 

the default boundary when a firm’s proportion of bank loans is higher in its capital 

structure. 

3.5. Conclusion 

Using a large sample of Chapter 11 filings in the US between 1996 and 2007, I 

estimate the expected firm recovery using the Leland-Toft (1996) model. In this model, 

managers, acting as agents to equity holders, choose to file for bankruptcy on a voluntary 

basis. Bankruptcy is triggered when the firm asset value reaches an endogenously 

determined barrier. Upon bankruptcy filing, asset value is distributed to debt holders after 

deadweight bankruptcy costs are deducted. This model allows us to infer the expected 

recovery rate from the firm’s equity prices and capital structure information.  
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I show that the expected recovery rate estimated using this model has strong 

explanatory power on debt recovery observed at the month-end after Chapter 11 filing 

when firm-specific, industry, and macroeconomics factors are controlled for. I 

demonstrate that the expected recovery contains as much information as other sets of 

control variables used in previous research on debt recovery. My empirical results also 

indicate that the difference between the expected recovery and market recovery may be 

due to agency conflicts that are not considered in the Leland-Toft model and to the 

difference between ex ante and ex post bankruptcy costs. The results presented in this 

chapter may provide risk managers with a useful tool for estimating expected recovery 

upon bankruptcy filing. In addition, my findings may provoke future theoretical research 

on credit risk model building to incorporate agency conflicts in determining bankruptcy 

barriers. 
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Figure 3-1 Implied asset value and default boundary of Seitel Inc. 
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Figure 3-2 Implied asset value and default boundary of Bally Total Fitness 
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Table 3-1 Maximum-likelihood accuracy test summary 
 
The estimation errors for firm asset volatility are computed as the difference between the MLE results and 
the original input of 20%. The corresponding errors for firm asset are reported as a percentage of original 
model inputs. 

  Mean Error Std Mean Absolute Error 

Firm asset (%) 0.46 0.21 1.32 

Firm asset volatility (%) 4.24 0.16 4.70 

 

  



82 

 

Table 3-2 Summary of debt recovery 

In all panels, debt recovery is the calendar month-end distress trading price after bankruptcy filing, except 
for bank loans for which ultimate recovery is used. Panels A, B, and C report the summary statistics on the 
recoveries of corporate debt, including bank loans by year, industry, and seniority classes. Panels D and E 
report the summary statistics on the recoveries of corporate bonds only by year and industry. 

Panel A. Recovery by year 

Year N Mean Std Min P25 Median P75 Max

1996 22 0.563 0.352 0.030 0.225 0.518 0.980 1.040

1997 23 0.537 0.338 0.150 0.200 0.415 0.855 1.014

1998 26 0.378   0.410 0.003 0.060 0.175 0.985 1.000

1999 89 0.561 0.350 0.010 0.240 0.540 1.000 1.000

2000 145 0.546 0.396 0.010 0.110 0.532 1.000 1.000

2001 192 0.485 0.403 0.001 0.095 0.342 0.972 1.000

2002 160 0.518 0.355 0.010 0.236 0.432 0.981 1.000

2003 102 0.578 0.352 0.010 0.253 0.663 1.000 1.000

2004 28 0.614 0.310 0.080 0.385 0.535 1.000 1.000

2005 94 0.493 0.322 0.020 0.180 0.400 0.750 1.061

2006 34 0.635 0.327 0.035 0.300 0.760 0.840 1.090

2007 10 0.690 0.370 0.240 0.260 0.900 1.000 1.060

All 925 0.531 0.369 0.001 0.190 0.445 0.981 1.090

Panel B. Recovery by industry 

Industry N Mean Std Min P25 Median P75 Max

Consumer Non-durables 84 0.582 0.358 0.010 0.240 0.591 1.000 1.000

Consumer Durables 56 0.538 0.366 0.010 0.168 0.686 0.891 1.000

Manufacturing 126 0.640 0.362 0.010 0.266 0.663 1.000 1.090

Energy 16 0.660 0.361 0.015 0.335 0.725 1.000 1.040

Chemicals 24 0.613 0.317 0.010 0.333 0.643 0.906 1.000

Business Equipment 60 0.569 0.386 0.020 0.153 0.793 0.844 1.000

Telecommunication 169 0.375 0.347 0.001 0.120 0.251 0.540 1.000

Utilities 47 0.522 0.287 0.100 0.253 0.400 0.800 1.040

Retail 136 0.536 0.362 0.003 0.190 0.436 1.000 1.014

Health Care 46 0.457 0.393 0.010 0.096 0.290 0.830 1.000

Other 161 0.558 0.376 0.010 0.180 0.590 0.999 1.061

Panel C. Recovery by seniority 

Seniority N Mean Std Min P25 Median P75 Max

Senior Secured Bank Debt 331 0.859 0.249 0.096 0.819 1 1 1

Senior Secured 194 0.466 0.318 0.010 0.180 0.345 0.750 1.090

Senior Unsecured 223 0.354 0.260 0.010 0.152 0.275 0.442 1.040

Subordinated 177 0.209 0.222 0.001 0.040 0.150 0.280 0.900
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 Panel D. Bond recovery by year 
Year N Mean Std. Min P25 Median P75 Max 
1996 20 0.520 0.339 0.030 0.188 0.470 0.825 1.040
1997 20 0.468 0.306 0.150 0.188 0.385 0.760 1.014
1998 20 0.191 0.249 0.003 0.055 0.090 0.225 0.985
1999 57 0.361 0.232 0.010 0.180 0.400 0.580 0.750
2000 63 0.187 0.187 0.010 0.040 0.110 0.270 0.800
2001 113 0.263 0.301 0.001 0.040 0.150 0.350 1.000
2002 92 0.263 0.164 0.010 0.151 0.249 0.424 0.865
2003 61 0.359 0.264 0.010 0.190 0.260 0.400 0.870
2004 19 0.458 0.226 0.080 0.330 0.401 0.560 0.923
2005 89 0.465 0.307 0.020 0.180 0.400 0.713 1.061
2006 32 0.615 0.326 0.035 0.270 0.760 0.810 1.090
2007 8 0.613 0.376 0.240 0.250 0.610 0.941 1.060
All 594 0.347 0.289 0.001 0.115 0.253  0.520  1.090 

 
Panel E. Bond recovery by industry 

Industry N Mean Std Min P25 Median P75 Max 
Consumer Non-durables 36 0.331 0.267 0.010 0.085 0.250 0.470 0.855
Consumer Durables 42 0.411 0.321 0.010 0.095 0.380 0.760 0.960
Manufacturing 57 0.354 0.299 0.010 0.150 0.250 0.560 1.090
Energy 9 0.473 0.320 0.015 0.300 0.430 0.650 1.040
Chemicals 13 0.385 0.236 0.010 0.260 0.335 0.480 0.870
Business Equipment 40 0.397 0.349 0.020 0.083 0.220 0.830 0.846
Telecommunication 129 0.229 0.209 0.001 0.070 0.176 0.280 1 
Utilities 41 0.474 0.262 0.100 0.253 0.400 0.680 1.040
Retail 96 0.344 0.245 0.003 0.143 0.380 0.490 1.014
Health Care 22 0.189 0.261 0.010 0.040 0.110 0.220 0.983
Other 109 0.419 0.333 0.010 0.174 0.270 0.750 1.061
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Table 3-3 Summary statistics of Chapter 11 firms 

Variable Mean Std Min P25 Median P75 Max 
Debt characteristics        
Maturity 4.396 3.069 0.006 2.651 3.776 5.569 28.600 
Coupon 0.081 0.028 0.006 0.064 0.082 0.099 0.165 
Number of issues 4.891 4.551 1 2 4 6 42 
Issue size (in million $) 1,414 3,193 0.852 258 563 1,275 38,631 
Bank loan 0.351 0.282 0.000 0.091 0.340 0.542 1.000 
        
Firm characteristics        
Asset (in million $) 3,234 10,025 146 441 848 2,287 124,230 
Sales (in million $) 729 3,621 0 93 185 445 56,989 
ROA -0.006 0.048 -0.290 -0.015 0.004 0.017 0.091 
Leverage 0.768 0.381 0.163 0.514 0.689 0.914 2.282 
Tangibility 0.416 0.235 0.002 0.226 0.405 0.600 0.889 
        
Bankruptcy characteristics        
Prepack  0.293 0.456 0 0 0 1 1 
Fraud  0.069 0.254 0 0 0 0 1 
Reorganized 0.645 0.479 0 0 1 1 1 
Liquidation  0.237 0.426 0 0 0 0 1 
Years in bankruptcy 1.441 1.338 0.079 0.507 1.090 1.951 9.785 
        
Industry        
Industry distress  0.178 0.383 0 0 0 0 1 
Industry median M/B 1.067 0.333 0.606 0.835 0.991 1.235 2.546 
        
Macroeconomic        
SP500 0.089 0.174 -0.234  -0.036 0.113 0.233 0.310  
        
Firm-level recovery        
Market recovery 0.493 0.221 0.018 0.317 0.507 0.662 1.000 
LT recovery 0.483 0.140 0.050 0.411 0.531 0.562 0.953 
This table presents the summary statistics for 276 sample firms. Debt characteristics include: Maturity, the 
weighted average of maturities of all debt instruments with maturity of bank debt assumed to be one year; 
Coupon, the weighted average coupon rate of all outstanding debt at the time of bankruptcy; Number of 
issues, measured as the total number of debt issues at Chapter 11 filing; Issue size, the total amount of debt 
outstanding (in 2008 dollars); Bank loan, the proportion of bank loan amount of firm total debt. Firm 
accounting information is based on the last fiscal quarter before bankruptcy. Asset is defined as the book 
value of assets (in 2008 dollars); Sales is the net sales (in 2008 dollars); ROA is measured as the ratio of 
operating income before depreciation to asset; Leverage is the ratio of total debt (long-term debt plus debt 
in current liabilities) to assets; Tangibility is the ratio of property, plant and equipment to assets. 
Bankruptcy characteristics include: Prepack, an indicator variable equal to one if Chapter 11 is a 
prepackaged case; Fraud, an indicator variable equal to one if Chapter 11 is caused by fraud claims against 
the company; Reorganized, an indicator variable equal to one if a company emerges as an independent 
firm; Liquidation, an indicator variable equal to one if a case is converted to Chapter 7 or liquidated in 
Chapter 11; and Years in bankruptcy, the number of years from petition to confirmation or other disposition 
of the case. Industry variables are: Industry distress, an indicator variable equal to one if the median stock 
return of all other firms with the same two-digit SIC code is less than -30% in the year prior to bankruptcy; 
and Industry median M/B, the industry median market-to-book ratio based on two-digit SIC. SP500 is the 
annual return on the S&P 500 index. Market recovery is the firm-level weighted average recovery of bonds 
based on distressed trading price. LT recovery is the expected recovery estimated from the Leland-Toft 
model. 
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Table 3-4 Regression analysis on market recovery 

Variables in this table are described in Table 3-2. Robust standard errors are reported in parentheses. ***, 
**, * represent statistical significance at the 1%, 5% and 10% level, respectively. 

      (1)      (2)      (3)      (4)      (5) 
LT recovery  0.548*** 0.487*** 0.442*** 0.363***
  [0.093] [0.104] [0.107] [0.115] 
Number of issues -0.001  -0.002 -0.002 -0.004 
 [0.005]  [0.004] [0.004] [0.004] 
Log (issue size) 0.012  0.010 0.014 0.026 
 [0.022]  [0.021] [0.021] [0.031] 
Log (asset) 0.003  0.014 0.013 0.006 
 [0.025]  [0.024] [0.024] [0.033] 
ROA 0.042***  0.028** 0.033*** 0.030** 
 [0.013]  [0.012] [0.012] [0.014] 
Leverage -0.023  -0.035 -0.047 -0.020 
 [0.041]  [0.039] [0.039] [0.045] 
Tangibility -0.030  -0.042 -0.051 -0.167** 
 [0.056]  [0.055] [0.055] [0.075] 
Industry distress -0.090**  -0.058 -0.066* -0.055 
 [0.039]  [0.039] [0.039] [0.049] 
Industry median -0.026  -0.001 0.012 0.076 
 [0.035]  [0.032] [0.031] [0.095] 
SP500 0.173**  0.165** 0.163**  
 [0.071]  [0.068] [0.067]  
Prepack    -0.012 -0.016 
    [0.028] [0.032] 
Fraud    -0.131*** -0.142** 
    [0.046] [0.061] 
Constant 0.483*** 0.230*** 0.164 0.186 0.335 
 [0.124] [0.045] [0.132] [0.133] [0.204] 
      
Industry dummies No No   No No Yes 
Year dummies No No   No No Yes 
# of obs 276 276   276 276 276 
adjusted R2 0.102 0.120   0.185 0.206 0.426 
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Table 3-5 Regression analysis on sub-sample market recovery 

Variables in this table are described in Table 3-2. The test sample only includes those with within-firm 
proxies. Robust standard errors are reported in parentheses. ***, **, * represent statistical significance at 
the 1%, 5% and 10% level, respectively. 

 (1) (2) (3) (4) 
LT recovery  0.666*** 0.576*** 0.510*** 
  [0.125] [0.149] [0.192] 
Number of issues 0.003  0.000 -0.000 
 [0.004]  [0.004] [0.005] 
Log (issue size) 0.040  0.012 0.049 
 [0.048]  [0.050] [0.056] 
Log (asset) -0.034  0.010 -0.045 
 [0.042]  [0.046] [0.055] 
ROA 0.050**  0.031 0.051 
 [0.019]  [0.022] [0.035] 
Leverage -0.022  -0.057 -0.083 
 [0.066]  [0.070] [0.103] 
Tangibility -0.098  -0.125 -0.433*** 
 [0.086]  [0.081] [0.149] 
Industry distress -0.095*  -0.058 -0.110 
 [0.054]  [0.050] [0.071] 
Industry median M/B -0.029  0.032 -0.040 
 [0.046]  [0.042] [0.206] 
SP500 0.184*  0.216**  
 [0.107]  [0.099]  
Prepack   0.053 -0.010 
   [0.040] [0.056] 
Fraud   -0.169* -0.270** 
   [0.099] [0.109] 
Constant 0.583*** 0.187*** 0.142 0.723* 
 [0.177] [0.063] [0.182] [0.433] 
Industry dummies No No No Yes 
Year dummies No No No Yes 
# of obs 148 148 148 148 
adjusted R2 0.067 0.164 0.209 0.217 
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Table 3-6 Agency conflict and market recovery 

Variables in this table are described in Table 3-2. Sub-sample firms are grouped based on CEO stock 
ownership and CEO wealth change sensitivities (delta). Robust standard errors are reported in parentheses. 
***, **, * represent statistical significance at the 1%, 5% and 10% level, respectively. 

  (1) (2) (3)  (4)

 Above median Below median Above median Below median 

LT recovery 0.671*** 0.416*** 0.704*** 0.324** 
 [0.207] [0.142] [0.156] [0.159] 
Number of issues -0.001 -0.007 -0.003 -0.015 
 [0.010] [0.006] [0.005] [0.011] 
Log (issue size) -0.003 0.071 -0.014 0.114* 
 [0.016] [0.054] [0.021] [0.065] 
Log (asset) 0.006 -0.012 0.027 -0.048 
 [0.030] [0.047] [0.029] [0.064] 
ROA 0.044** 0.035 0.051*** 0.029 
 [0.017] [0.023] [0.017] [0.021] 
Leverage -0.086 -0.065 -0.147* -0.075 
 [0.100] [0.070] [0.077] [0.080] 
Tangibility -0.026 -0.128 0.023 -0.090 
 [0.104] [0.081] [0.086] [0.091] 
Industry distress -0.080 -0.012 -0.078 -0.032 
 [0.054] [0.071] [0.058] [0.066] 
Industry median 0.088 -0.027 0.057 0.023 
 [0.056] [0.039] [0.076] [0.044] 
SP500 0.258** 0.212** 0.299** 0.178* 
 [0.112] [0.089] [0.120] [0.092] 
Prepack 0.026 -0.054 0.074 -0.065* 
 [0.048] [0.041] [0.057] [0.036] 
Fraud -0.065 -0.049 -0.061 0.059 
 [0.077] [0.098] [0.067] [0.122] 
Constant 0.168 0.099 0.142 0.109 
 [0.225] [0.199] [0.225] [0.201] 
# of obs 111 111 108 108 
adjusted R2 0.266 0.274 0.397 0.179 
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Table 3-7 Bankruptcy costs and market recovery 

Variables in this table are described in Table 3-2. Sub-sample firms are grouped based on the length of time 
spent in Chapter 11. Robust standard errors are reported in parentheses. ***, **, * represent statistical 
significance at the 1%, 5% and 10% level, respectively. 

 (1) (2) 

 Cases with median duration Cases with extreme duration

LT recovery 0.631*** 0.319** 
 [0.159] [0.148] 
Number of issues 0.002 -0.013* 
 [0.004] [0.007] 
Log (issue size) 0.009 0.050 
 [0.024] [0.047] 
Log (asset) 0.008 -0.001 
 [0.032] [0.044] 
ROA 0.032** 0.026 
 [0.013] [0.033] 
Leverage -0.099* -0.024 
 [0.056] [0.059] 
Tangibility 0.020 -0.077 
 [0.079] [0.081] 
Industry distress -0.034 -0.092 
 [0.053] [0.062] 
Industry median M/B 0.046 -0.037 
 [0.042] [0.053] 
SP500 0.166* 0.171* 
 [0.098] [0.101] 
Prepack 0.018 -0.018 
 [0.044] [0.041] 
Fraud -0.171*** -0.067 
 [0.063] [0.070] 
Constant 0.104 0.204 
 [0.193] [0.207] 
# of obs 136 136 
adjusted R2 0.311 0.144 
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Table 3-8 Bank loan proportion and market recovery 

Variables in this table are described in Table 3-2. Sub-sample firms are grouped based on the bank loan 
proportion. Robust standard errors are reported in parentheses. ***, **, * represent statistical significance 
at the 1%, 5% and 10% level, respectively. 

 (1) (2) (3) 

  Below Median Above Median

LT recovery 0.257*** 0.228* 0.277** 
 [0.087] [0.125] [0.115] 
Number of issues 0.001 0.002 0.001 
 [0.003] [0.007] [0.005] 
Log (issue size) -0.003 0.004 -0.018 
 [0.017] [0.041] [0.022] 
Log (asset) 0.011 0.014 0.007 
 [0.020] [0.042] [0.027] 
ROA 0.361 0.772** -0.064 
 [0.244] [0.310] [0.317] 
Leverage -0.069** -0.085 -0.025 
 [0.035] [0.075] [0.043] 
Tangibility 0.034 -0.009 0.111 
 [0.052] [0.077] [0.078] 
Industry distress -0.068** -0.115** -0.060 
 [0.032] [0.049] [0.044] 
Industry median M/B 0.039 0.010 0.095*** 
 [0.028] [0.045] [0.035] 
SP500 0.206*** 0.137 0.250*** 
 [0.056] [0.094] [0.070] 
Prepack 0.026 -0.014 0.074** 
 [0.024] [0.037] [0.033] 
Fraud -0.132*** -0.112* -0.114 
 [0.045] [0.061] [0.081] 
Bank Loan 0.365*** 0.217 0.328*** 
 [0.048] [0.163] [0.085] 
Constant 0.197* 0.241 0.210 
 [0.117] [0.172] [0.165] 
# of obs 276 138 138 
adjusted R2 0.380 0.283 0.280 
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CHAPTER 4. CORPORATE BOND SPREADS AND ACCOUNTING 

MISSTATEMENT PROPENSITY 

Abstract 

Traditional credit models are unable to accurately predict yield spreads on 

corporate bonds, especially for investment grade bonds. To solve this puzzle, scholars 

have proposed various extension models that incorporate many realistic assumptions and 

additional factors beyond default risk. However, these solutions are still far from 

satisfactory. This chapter identifies a previously ignored factor: perceived accounting 

misstatement. It demonstrates that perceived accounting misstatement has strong 

explanatory power on investment grade bond spreads, in addition to issuers' default and 

liquidity risk. My finding is consistent with Duffie and Lando's (2001) incomplete 

information model, Baglioni and Cherubini's (2005) garbling information signal model, 

and litigation literature. My results help to solve the credit risk puzzle, especially for high 

quality issuers. 
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4.1. Introduction 

What are the main factors that determine corporate bond spreads? Are there any 

unexplored critical factors that are helpful in explaining the market prices of bonds but 

are ignored by the existing literature? These two questions are primary issues that have 

been studied to understand the corporate debt market.  

While an extensive body of literature exists on analyzing equity premiums, the 

corresponding work on the corporate bond market is not yet well developed, and the 

results are far from satisfactory. The majority of research on corporate bonds presumes 

that bond spreads are primarily attributable to default risk. Therefore, bond yield spreads 

are also called “credit spreads.” In Merton’s (1974) seminal work, corporate bonds are 

treated as claims on the issuing firm’s assets, thus option pricing theory can be applied. 

More specifically, debt is treated as a short position in a put option written on firm assets, 

with a strike price equals to the face value of the outstanding debt. The difference 

between the yield of a corporate bond and the risk-free rate exists to compensate for the 

possibility that the issuing firm might be unable to pay the face value of the debt it has 

promised at maturity. Although this type of structural model has proven useful in 

predicting default probability,22 it generally fails to explain the large size of bond spreads 

observed in the market. Jones, Mason, and Rosenfeld (1984) demonstrate that the bond 

spreads predicted by Merton’s model are far below the market corporate-Treasury yield 

spreads across a large sample of corporate bonds; as a result, many authors have 

attempted to improve the model by incorporating more realistic assumptions so that the 

generated credit spread under Merton’s structural paradigm is comparable with the 

market. 
                                                 
22 Moody’s KMV adopted the Merton approach in predicting default probabilities. 
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One way to extend the model is to allow early default before the maturity of the 

debt. In this approach, default occurs whenever the firm's value reaches a safety threshold 

during the life of the debt instead of at maturity. The threshold can either be exogenously 

specified or endogenously determined by equity holders. For instance, Longstaff and 

Schwartz (1995) specify the exogenous default boundary as the total principal value of 

debt, while Huang and Huang (2003) define the barrier as a fraction of the debt principal 

to match the relatively low empirical recovery rate. Contrary to these exogenous models, 

endogenous models do not presume that the default threshold only depends on the debt 

principal. For example, Black and Cox (1976), Leland (1994), Leland and Toft (1996), 

and Acharya and Carpenter (2002) all assume that the default boundary is determined by 

management to maximize the value to shareholders.  

In addition to early default, various other considerations have also been 

incorporated in structural models, such as the stochastic risk-free rate, the interaction of 

interest rate risk with default risk (Kim, Ramaswamy, and Sundaresan, 1987; Longstaff 

and Schwartz, 1995), deviations from contractual debt payments due to costliness of 

formal bankruptcy (Anderson and Sundaresan, 1996; Anderson, Sundaresan, and Tychon, 

1996), mean-reverting leverage ratios policy (Collin-Dufresne and Goldstein, 2001), and 

systematic jump risk in the firm value (Delianedis and Geske, 2001; Driessen, 2005). 

However, even with all these extensions to the structural models, bond spreads 

observed in the market still cannot be justified by credit risk alone, especially the large 

spreads for short-term bonds. Eom, Helwege, and Huang (2004) draw this conclusion by 

conducting a comprehensive examination of various structural models that incorporate 

many realistic features, such as debt with coupon payments, early default, stochastic 
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interest rates, and stationary leverage ratio. They find that the examined models under-

predict the spreads on short-term and high-grade bonds and overstate the credit risk for 

firms with high leverage or volatility. Due to the difficulties that theoretical models have 

in explaining the gap between bond spreads and predicted default losses, researchers call 

this phenomenon the “credit spread puzzle” (Amato and Remolona, 2003; Chen, Collin-

Dufresne, and Goldstein, 2009). 

Previous literature also states that the expected default only explains a small 

proportion of the premiums in corporate rates over Treasuries. Huang and Huang (2003) 

calibrate a large class of structural models to historical default probabilities and show that 

credit risk alone accounts for only a limited portion of corporate-Treasury spreads, 

typically in the 20-30% range for investment grade bonds and a higher proportion for 

junk bonds. Elton, Gruber, Agrawal, and Mann (2001) similarly conclude that the 

expected loss can account for no more than 25% of the corporate spot spreads.  

Because expected default only accounts for a small proportion of bond spreads, 

researchers have explored other factors that might contribute to bond risk premiums. 

Elton et al. (2001) highlight the role of differential taxes between corporate and 

government bonds. Corporate bonds are subject to state and local taxes on interest 

payments, whereas Treasury bonds are not. Hence, with all other things being equal, 

investors in the corporate bond market will charge extra premiums. The tax effect is 

estimated in the order of 40 bp.  

However, even after adjusting for expected default losses and taxes, a significant 

proportion of bond spreads remain unexplained. For example, as much as 46% of spreads 

for 10-year corporate bonds are not captured by these two factors (Elton et al., 2001). 
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Another factor that affects corporate bond spreads is illiquidity risk in the bond market, 

which is reflected in infrequent trading as well as the size and volatility of the observed 

bid-ask spreads (Delianedis and Geske, 2001; Perraudin and Tayor, 2002; Houweling et 

al., 2002). These studies estimate that the liquidity premium is in the order of 20 bp or, at 

most, 10% of corporate bond spreads. Meanwhile, the importance of illiquidity risk 

varies with market conditions. In regular market conditions, liquidity risk has gradually 

played a less important role over time because of the proliferation of bond funds, 

increasing holdings by individual investors, and declining transactions costs. Default loss, 

the tax effect and the liquidity issue together can explain around 60% of the spreads 

observed in the market, and a large portion of the credit spread puzzle remains 

unexplained.  

Traditional structural models are based on the assumption that bondholders have 

trustworthy and timely information about the issuer’s balance sheets. In reality, 

management usually has better information than investors about the firm’s investment 

opportunities and has an incentive to exaggerate the value of business investment 

projects. In order to minimize the management’s information advantage and conflicting 

incentives, investors require managers to disclose relevant information through financial 

reporting, such as quarterly and annual financial statements, and voluntary disclosure 

(Akerlof, 1970). Depending on the accounting reports, investors build the conditional 

distribution of issuers’ asset values and infer firms’ financial conditions. Contrary to the 

structural model assumption, the source of accounting information is often discontinuous, 

delayed, and noisy.  
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To examine the effect of noisy financial reporting on corporate bond spreads, 

Duffie and Lando (2001) extend Merton’s (1974) model by incorporating this 

observation. They show that the conditional default probability within one year with 

incomplete information can be twice as high as the default probability with perfect 

information and the same model parameters. In addition, conditional credit spreads 

increase with the degree of noise in the accounting information. Duffie and Lando’s 

(2001) results imply that ignoring the fact that accounting information is noisy can 

directly cause structural models to fail to generate large enough spreads, since these 

models depend on information from the firm balance sheets.  

Financial statements can be distorted and unreliable as well as delayed and 

incomplete. The defaults of business giants like Enron, Parmalat, and WorldCom clearly 

show how accountancy data can be misleading and far from an accurate reflection of a 

firm's financial situation. By extending Duffie and Lando’s (2001) model to incorporate 

outright accounting manipulation, Baglioni and Cherubini (2005) conclude that fraud risk 

should be treated as a systematic factor in explaining corporate bond spreads. Within 

their framework, accounting information is modelled as signals sent by managers to the 

market; investors can only obtain managers’ private information through this channel. 

Because of the garbling effect, there is always a small probability that a good signal about 

firm assets is deceptive. Therefore, misrepresentation of accounting information leads the 

updated conditional distribution of firm asset value to deviate from that presumed by 

traditional structural models. As a result, the conditional default probability expected by 

investors is increased and, as implied by Baglioni and Cherubini (2005), bond spreads are 
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always higher across all of the maturities, especially for safer bonds with a high credit 

rating.  

According to Duffie and Lando (2001) and Baglioni and Cherubini (2005), since 

firms with accounting distortion have a poor financial reporting quality, their ex ante 

default probability expectation and cost of debt are significantly increased after investors 

perceive the possibility of fraud. In addition, fraud risk may also raise bond issuers' loss-

given-default rate. For example, Karpoff, Lee, and Martin (2008) point out that abuse of 

the flexibility and discretion in accounting reports is associated with non-negligible 

lawsuit possibilities. Of the 585 firms targeted by the SEC enforcement actions for 

financial misrepresentation, 39% have resulted in class action lawsuits over the past 24 

years. Furthermore, the magnitude of penalties in terms of the SEC and the Department 

of Justice's (DOJ) fines and class action litigation settlement costs is significant. Karpoff 

et al. (2008) estimate that penalties through the legal system alone average around 23.5 

million dollars per firm or a 1.36 dollars loss for each dollar of misleadingly inflated 

market value when a firm is revealed to have engaged in accounting report misconduct. 

Considering the fact that revelations of fraudulence are often associated with subsequent 

bankruptcy or delisting, especially in high-profile accounting scandals (Palmrose and 

Scholz, 2004), sophisticated bond investors are likely to anticipate a much lower recovery 

for firms they suspect have been involved in wrongdoings and thus will charge larger 

bond premiums. 

This chapter empirically identifies and analyzes whether a previously ignored 

component, the perceived fraud risk, can help to solve the credit spread puzzle. Unlike 

Suo, Wang, and Zhang (2011) and Covitz and Han (2005), I focus on the market's 
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perceived, rather than detected fraud propensity on corporate bonds. This difference is 

important. The SEC’s limited resources only support the investigation of firms with 

strong evidence of manipulation. The firms they select are those with financial report 

restatements or large write-offs, and/or those that are reported by the press or analysts to 

have misstated earnings, and/or those whose financial misrepresentation is directly 

reported by insider whistle-blowers to the SEC. In other words, the SEC only investigates 

firms that have admitted to misconduct or have already been caught. Many firms engaged 

in misstatements are likely to go unidentified by the SEC. Therefore, previous literature 

only examines a very narrow scope of the fraud risk on corporate bond spreads. 

One significant explanation for the lack of analysis in perceived fraud risk is the 

difficulty of finding a proper proxy for this risk. The recent study by Dechow, Ge, 

Larson, and Sloan (2011) solves this obstacle by creating a fraud propensity score (F-

score). Dechow et al. (2011) examine 2,190 SEC Accounting and Auditing Enforcement 

Releases (AAERs) issued between 1982 and 2003. They compare financially fraudulent 

firms to themselves during non-misstatement years and to all publicly listed firms along 

five dimensions: accrual quality, financial performance, non-financial measures, off-

balance sheet activities, and market-based measures. Based on these comparisons, they 

create a measure called the F-score to capture a firm’s tendency to cheat on their financial 

statements. Therefore, the F-score is the most comprehensive measure of the likelihood 

of financial manipulation. Dechow et al. (2011) further classify those firms with an F-

score greater than 1.00 as “above normal risk.” Being above this benchmark means that 
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Dechow et al. are confident such firms are correctly classified in a fraud category at the 

68.6% significance level, based on the data they have collected over the 20 year period.23  

In order to investigate whether perceived fraud risk is reflected in a firm’s asset 

values, I adopt the F-score in the main analysis and the F-score dummy, indicating the 

existence of potential fraud, in the robustness tests. Two regression methods are used to 

estimate the impact of perceived fraud propensity. In the first approach, I adopt a cross-

sectional regression analysis. I begin with this approach because the F-score is usually 

fairly stable through time. Therefore, market factors are more likely to drive the time 

series of credit spreads and the effect of firm-level characteristics tends to be 

overwhelmed in the panel data regressions. In order to alleviate any dependence on 

particular regression methods, I also employ panel regressions while adjusting for 

standard errors due to the correlation across bond issuers. By regressing bond spreads on 

the F-score while controlling for issuers’ default risk, bond liquidity risk and the tax 

asymmetry effect, I find that perceived accounting misstatement is a significant 

determining factor regardless of whether a raw F-score or dummy indicator is used. 

Furthermore, my estimation results are robust under the two regression approaches. This 

finding supports the notion that investors in the bond market consider the reliability of 

accounting reporting when they determine bond spreads. The theoretical implication in 

Baglioni and Cherubini (2005) predicts that fraud risk plays a more significant role on 

safe issuers, in terms of low firm leverage and asset volatility; therefore, I separate 

sample firms based on their leverage and volatility and examine this prediction by using 

subsamples. I find strong evidence to support for this assertion. Additionally, the 

                                                 
23 A more detailed description of the F-score is presented in Appendix 4-A. 
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Baglioni and Cherubini (2005) model shows that if investors only require the 

compensation for the incomplete and noisy information in firms’ reporting, the increase 

in bond spreads is more significant for the low rating issuers. However, if the deliberate 

fraud risk is detected by investors, the increase in bond spreads is larger for investment 

grade bonds. This provides me with a theoretical foundation to distinguish my research 

from previous empirical studies about the impact of incomplete information on corporate 

bond spreads. I conduct the OLS regressions in sub-rating samples and find that 

accounting misstatement propensity plays a more important role in explaining the 

investment grade bond spreads relative to the speculative bonds. This finding 

demonstrates that investors are able to detect the outright fraud risk before a formal 

revelation, in addition to the incomplete information risk. More importantly, my results 

indicate that perceived fraud risk could assist a great deal in resolving the credit spread 

puzzle, where structural models have difficulties explaining the abnormally high spreads 

for safer bonds. Finally, I examine whether accounting misstatement propensity captures 

the same risk as other factors, such as default risk or information asymmetry, since these 

risks are common determinants of a firm's cost of capital in the finance and accounting 

literature. My results exclude this possibility. 

This chapter contributes to the corporate bond pricing literature by identifying 

accounting misstatement propensity, which has been previously ignored and is now 

drawing increasing attention in the financial industry. Although the US financial market 

is subject to strict business regulations and controls, the number of accounting fraud cases 

is increasing and the consequent adverse impact on the financial market has become more 

widespread. The revelations of accounting fraudulence can also create ripple effects in 
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the financial market, such as reducing investors' confidence in the whole industry where 

fraudulent scandals frequently happen. Furthermore, accounting misstatement will not 

disappear naturally because the weak corporate governance structures and the design of 

executive compensation packages could motivate management to mislead investors. 24 

The avoidance of debt covenant violations, as well as the attempt to raise financing at 

favorable prices may also encourage accounting manipulation activity.25 The significance 

of accounting misstatement propensity shows that, even prior to a revelation of fraud by 

the SEC, investors are able to detect the existence of potential accounting manipulation 

and take the resulting adverse effect into consideration when they price corporate debt.  

The remaining part of this chapter is organized as follows. Section 4.2 presents a 

description of the hypothesis development. Section 4.3 explains the construction of the 

data. Section 4.4 discusses regression results and Section 4.5 conducts some robustness 

checks. Section 4.6 concludes.  

4.2. Hypothesis development 

Accounting literature shows that the quality of accounting information and 

financial disclosure is a significant factor in determining the costs of capital. Francis, 

LaFond, Olsson, and Schipper (2005) examine the link between cost of equity and debt 

capital and the quality of a firm's earning measurement. In the debt market, they find that 

firms with the worst disclosure quality related to earnings have to pay a 126 bp higher 

cost of debt relative to the best firms and that they also suffer lower debt ratings after 

controlling for default risk variables, such as leverage, firm size, returns on assets, 

interest coverage, and earnings volatility. In the stock market, Francis et al. (2005) find a 

                                                 
24  See Agrawal and Chadha (2005); Erickson, Hanlon, and Maydew (2006); Efendi, Srivastava, and 
Swanson (2007). 
25 See Dechow et al. (1996). 
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strong negative relation between their measure of accruals quality and various cost of 

capital measures, including P/E ratios, market betas, and observed stock returns. 

In addition, many studies in agency theory suggest that better corporate 

disclosures improve managers' decisions with respect to production or investment 

because managers can no longer easily appropriate firm cash flows for themselves 

(Lambert, 2001; Lambert, Leuz, and Verrecchia, 2007). Since these decisions are likely 

to affect the covariance of a firm’s expected future cash flows with those of other firms in 

the economy, financial reporting quality systematically determines a firm’s cost of 

capital.   

In terms of bond pricing, Duffie and Lando (2001) analyze the role of accounting 

report quality in structural credit risk models. In a traditional framework, firm value is 

described as a perfectly observable diffusion process. However, in reality firm asset value 

is often a challenge to be observed in the secondary market, and is only periodically 

reported by quarterly or annual accounting documents or signaled by other publicly 

available information. Duffie and Lando (2001) derive the asset distribution conditional 

on delayed and noisy firm accounting information, industry data, and the investors’ own 

inference about whether a firm is currently in default. They show that the conditional 

default probability of a firm depends on the quality and completeness of input 

information. For example, they find the model implied default probability within one year 

can increase from 2.9% to 6.7% if assets are reported with a 10% level of noise. Hence, 

the level and shape of corporate bond spreads differ significantly from traditional credit 

risk model results. 
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Litigation research also points out that investors capitalize losses, such as attorney 

fees and loss of management time and reputation, based on their anticipation of how 

likely firms are to be sued, even before an actual litigation filing date (Gande and Lewis, 

2009). Since there is a strong likelihood that fraudulent firms will be sued after a 

revelation (Karpoff, Lee, and Martin, 2008), sophisticated bond investors are likely to 

charge additional premiums to firms suspected of engaging in fraudulent activity. 

Since the abuse of accounting disclosures brings significant noise and bias to firm 

reports, such disclosures increase information asymmetry between management and bond 

investors. They also raise the likelihood of a firm being subject to potential litigation. 

According to Duffie and Lando (2001) and litigation studies in the literature, I postulate 

my first hypothesis: 

H1: Firms with high accounting misstatement propensity have higher levels of 

bond spreads.  

In this chapter, I focus on the perceived fraud risk, since the SEC can only 

investigate a limited number of firms. If market beliefs are not rational, bond investors 

might not be able to perceive this risk before the SEC enforcement actions, and there 

might not be significant evidence of a fraud premium in corporate bond spreads. 

Baglioni and Cherubini (2005) observe that the value of some balance sheet items 

needs to be estimated and managers sometimes make an inaccurate assessment of firm 

condition. This causes measurement errors or noise in firm accounting statements. 

Additionally, managers have an incentive to conduct deliberate fraud when they are 

afraid that revealing bad news may trigger intervention by shareholders and debtholders, 

damage their reputation, or reduce their financial compensation. Based on this 
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observation, Baglioni and Cherubini (2005) incorporate both accounting noise and 

deliberate fraud risk in the standard Merton (1974) and Black and Cox (1976) models. 

Within this new framework, distorted accounting data are modeled as noisy signals sent 

by management to investors. Investors perceive the garbled information and take into 

account the possibility that good signals could be deceptive and the firm's true state could 

be of financial distress when they price firm debts. As a result, the credit spread curves of 

all maturities are raised. Furthermore, Baglioni and Cherubini (2005) find that the 

aggregate impact of accounting noise and fraud risk is stronger for the obligors with low 

leverage and asset volatility, since credit risk has a less dominant role in this type of firm. 

Since the abuse of accounting disclosures often accompanies significant deceptive 

information in firm financial statement, my second hypothesis derived from Baglioni and 

Cherubini (2005), is as follows: 

H2: Accounting misstatement propensity has a larger impact on issuers with low 

leverage and volatility. 

To examine H2, for each month in the sample period I separate firms into high 

and low leverage and volatility groups by the respective medians and then perform the 

regression analysis. 

Research shows that the credit spread puzzle happens primarily to investment 

grade bonds with a credit rating no lower than Baa. For example, Huang and Huang 

(2003) calibrate various structural models to match the four most important quantities in 

credit risk literature: firm initial leverage ratio, equity premium, historical cumulative 

default probability, and observed recovery rate. They find that a traditional structural 

framework is unlikely to obtain a consistent estimate of bond spreads with reasonable 



104 

 

parameters, especially for investment grade bonds. The estimated default risk accounts 

for less than 20% of observed corporate-Treasury yield spreads for investment bonds of 

all maturities. Huang and Huang (2003) show that even after incorporating jump risk in 

the stochastic process describing firm value, credit risk still only explains a small fraction 

of the yield spreads for this group of bonds. There is no good explanation for this credit 

puzzle. 

Baglioni and Cherubini (2005) point out that misreporting in financial documents 

may explain why the observed corporate-Treasury yield spreads for investment grade 

bonds are dramatically above the estimated credit risk. They find that if only unbiased 

noise and information incompleteness are incorporated in the structural model extensions 

as in Duffie and Lando (2001), the increases in the credit spread term structure across 

bonds are more significant for low rating obligors than for high rating firms. On the 

contrary, the introduction of outright manipulation of accounting data leads to a more 

significant increase in corporate bond spreads for high-grade bonds in terms of short 

maturities and good credit quality. Because of the limited number of short-term bonds in 

my sample, my third hypothesis derived from Baglioni and Cherubini (2005), is as 

follows: 

H3: Accounting misstatement propensity has a larger impact on issuers with high 

credit quality.  

My hypotheses should be tested with the qualification “all other things being 

equal” in terms of the variables used in the previous bond studies. Therefore, a series of 

control variables such as asset volatility, firm leverage ratio, bond liquidity and coupon 

rates are included in the analysis. Although liquidity risk is not traditionally considered, it 
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has drawn more attention in recent studies. Ericsson and Renault (2006) show that 

liquidity spread is an important component of bond yields and that it is positively 

correlated with default risk. Delianedis and Geske (2001), Perraudin and Tayor (2002), 

and Houweling, Mentink, and Vorst (2002) all point out the importance of the illiquidity 

issue in the bond market.  

4.3. Data 

To test the effect of accounting misstatement propensity on corporate credit 

spreads, I obtain three separate datasets: an extensive data set of corporate bond spreads, 

and a reliable measurement of the accounting misstatement propensity, as well as bond 

issuer and issue characteristics that affect credit spreads. In this section, I discuss the 

major variables employed in later analysis and present some useful summary statistics of 

the sample. 

Credit spreads (CS): CS is computed as the difference in yield to maturity 

between a corporate bond and a US government benchmark bond with the closest 

matching maturity. The spread is directly obtained from Datastream and is expressed in 

basis points.26 This database contains daily quotes and other characteristics of individual 

corporate bonds, including seniority, coupon rate, duration, amount outstanding, and 

credit rating. In line with common practice, I select industrial corporate issues and 

exclude bonds with callable, putable, and sinkable features. My sample contains bonds 

with various maturities but excludes those with less than one year or greater than 30 years 

because their prices are less reliable (see Duffie, 1999 and Elton et al., 2001 for more 

                                                 
26 Datastream notes that when the maturity of the available government benchmark bond does not exactly 
match a corporate bond, linear interpolation is used to calculate the yield of the benchmark with the same 
maturity as the analyzed bond. If a bonds’ maturity is longer (shorter) than the longest (shortest) 
benchmark, then the longest (shortest) available benchmark is used.   
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details on the selection criteria). Following Dechow et al. (2011), I also eliminate banks 

and insurance companies with two-digit SIC codes between 60 and 67 since many 

accruals related variables are not available for these firms. Finally, because my 

hypothesis is to examine the accounting misstatement propensity instead of the detected 

fraud risk, I eliminate all fraudulent AAERs firms for the period after their revelation 

from my sample.  

Accounting misstatement propensity (F-score): The F-score is used to assess the 

likelihood of accounting manipulations based on Dechow et al. (2011). Dechow et al. 

(2011) examine an extensive sample of materials and economically significant 

accounting misstatements that were intended to mislead investors. They focus on accrual 

quality, financial performance, non-financial measures, off-balance sheet activities, and 

market-based measures of fraud firms. Based on these five aspects, they develop three 

logistic probability models to measure a firm’s propensity to fraud. Model 1 employs a 

firm’s financial statement variables as predictors, such as RSST accruals, change in 

receivables, change in inventory, percentage of soft assets, change in cash sales, change 

in return on assets, and actual issuance. The input information of this model is most 

commonly available in firm accounting statements; therefore, a predicted value 

calculated by Model 1 is most accessible for market investors. Model 2 retains the factors 

from Model 1 and adds nonfinancial statement and off-balance-sheet information, such as 

an abnormal change in employees and the existence of operating leases. In addition to 

Model 2's factors, Model 3 incorporates additional market-based measures, lagged 

market-adjusted stock return, market-adjusted stock return in the current year and book-
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to-market measurement. By plugging each firm’s individual characteristics into these 

three models, the accounting misstatement propensity scores (F-scores) are calculated.27  

Dechow et al. (2011) define an F-score of 1.00 as indicating that a firm has a 

normal probability of misstatement and classify an F-score greater than 1.00 as “above 

normal risk.” The higher the score is, the larger the indicated likelihood of misconduct. 

For example, the F-score based on Model 1 for Enron in 2000 is 2.76, which suggests 

that Enron has more than twice the chance of misstatement compared to a randomly 

chosen firm in the market. Dechow et al. (2011) also evaluate the sensitivity of their 

model based on Type I and Type II error rates for an F-score cutoff of 1.00. The results 

for Model 1 indicate that F-score is able to correctly classify 68.62% of misstating firms 

out of total 494 fraudulent firms (Type II error) and incorrectly classify 36.31% of 

nonmisstating firms as misstating firms (Type I error).  Similar results are found for 

Model 2 and Model 3. I collect the data involved in constructing the F-score from 

Compustat. The expected sign of the F-score on bond spreads should be positive.  

Duration (Dur): I include duration to describe the shape of the credit spread term 

structure. Helwege and Turner (1999) document that the credit spread normally has an 

upward-sloping term structure. I select the bond duration rather than its maturity, to take 

into account the coupon attached to the majority of bonds in my sample. Duration data 

are collected from Datastream. 

Leverage (Lev): One of the most critical factors in structural models measuring 

default risk is a firm’s leverage ratio, which is defined as:  

	 	 	
	 	 	 	 	 	 	 	

. 

                                                 
27 A detailed description is listed in the Appendix 4-A. 
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For each month in the sample period, I compute the market value of equity as the month-

end stock price times the number of shares outstanding. The equity information is from 

CRSP and the total book value of debt is from Compustat. Considering the debt level is 

stable over time, I linearly interpolate monthly figures. I expect a positive compensation 

for this default risk proxy.  

Equity volatility (Vol): Structural models also predict that the volatility of firm 

value is positively related to credit risk. The more volatile a firm's assets, the greater the 

chance that a firm's assets fall below the bankruptcy threshold. Because the market value 

of firm assets is unavailable, I employ equity volatility instead. Although equity volatility 

is a function of asset volatility and firm leverage, its relationship with asset volatility is 

monotonic. I use the daily stock returns from CRSP to compute the historical volatility. 

Specifically, for each bond observation in the sample period I compute the standard 

deviation of daily stock returns over the preceding 12 months.  

Bond amount outstanding (Lsize): I use bond issue size to proxy the illiquidity 

feature of the bond market. Relying on the research of Warga (1992) and Perraudin and 

Taylor (2002), I expect that bond issue size negatively affects credit spreads for two 

reasons. A larger issue amount is usually associated with more investors and more 

secondary market trading and consequently smaller spreads. In addition, because of the 

economies of scale, the underwriting costs for a large size issue are also lower. Lsize is 

defined as the logarithm of the dollar amount (in million dollars) outstanding of the bond 

issue and is obtained from Datastream. 

Coupon rate (Coupon): I also include the coupon rate because bonds with higher 

coupon payments are taxed more throughout the life of the bond, making them less 
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desirable than bonds with lower coupons. By including this variable, the tax effect is 

controlled.  

Finally, I collect bond issuers’ historical debt rating for each month-end from 

Compustat (Data280). This is given in numerical grades, such as 2-AAA, 4-AA+, 5-AA, 

6-AA-, 10-BBB+, 12-BBB-, 13-BB+, 27-D, etc. A bond is considered investment grade 

by Standard and Poor's if its credit rating is BBB- or higher. Generally speaking, 

investment grade companies are judged by the rating agency as likely to meet payment 

obligations and allow institutional investors to invest in them. Under most circumstances, 

only investment grade bonds are included in institutional investment. Therefore, grade 

class at the time of issue determines the amount of interest that issuers have to pay on 

their issued debt.  

The major variables described in this section can be classified as follows: 

dependent variable – CS; issuer characteristics – F-score, Lev, Vol; and issue 

characteristics – Dur, Lsize, Coupon.  

In summary, for each month I choose industrial corporate bonds, excluding those 

with callable, putable, and sinkable features, whose maturities are less than one year or 

greater than 30 years or were in the real estate, banking and insurance industries. I then 

merge the bond information with the data of misstatement propensity, leverage ratio, and 

equity volatility. Because my data do not provide enough observations on all major 

variables (fewer than 100 bonds surviving) prior to 1994, my sample period starts in 

January 1994. Because of the implementation of the Sarbanes-Oxley (SOX) legislation, 

my sample ends in June 2002. From July 2002, the SOX Act was enacted in all U.S. 

public company boards, management, and public accounting firms, as a reaction to a 
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series of large corporate frauds cases, including Enron, WorldCom, and Tyco, that took 

place between 2000 and 2002. The purpose of the SOX legislation is to enhance firms’ 

reporting standards for financial transactions, including off-balance-sheet activities. 

Reaching this goal requires stricter regulations, such as mandating that senior executives 

take individual responsibility for the validity of corporate financial reports. After the 

implementation, evidence shows that firms employ more conservative methods in their 

accounting reports in terms of accuracy and completeness. For example, the Government 

Accountability Office (GAO) concludes from keyword searches of press releases that the 

number of restatements grew exceptionally quickly - from 225 in 2001 to over 650 in 

2005 - after the SOX Act (GAO-06-678, 2006, and GAO-06-1053R, 2007). Since 

accounting report standards changed significantly before and after the SOX enforcement, 

using the same measurement of perceived fraud propensity before and after 2002 may 

introduce bias into my analysis. Therefore, my sample period ends in June 2002, resulting 

in a period of 102 months for my final sample.  

Panel A of Table 4-1 summarizes the whole sample over time. The sample size 

generally increases over time, starting with just over 100 bonds at the beginning of 1994 

and ending with about 350 bonds in 2002. Summary statistics of major variables are 

presented in Panel B. The average bond issue in the entire sample period is associated 

with a credit spread of 157.47 bp, a duration of 11 years, F-scores of 0.68 (Model 1), 0.90 

(Model 2), 0.87 (Model 3), a leverage ratio of 36.79%, a stock return volatility of 8.31%, 

an outstanding amount of 12,088.38 million dollars or 9.4 million in logarithms, and a 

credit rating of A- (numerical grade of 9). Panel C presents the average correlations 

among the major variables in the entire sample period. Notably, the correlations between 
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credit spreads and the explanatory variables are in agreement with our intuition. For 

instance, three F-scores are positively correlated with bond spreads and their pair-wise 

correlations are close to one. This implies that all F-scores are able to capture fraud 

propensity equally well. Furthermore, the F-score positively relates to stock volatility. 

This is partially consistent with the finding in Dechow et al. (2011) that the market-

adjusted stock return is much higher for fraudulent firms during misstatement years 

(23.4% versus -0.4%) since their managers intend to boost their own wealth. The signs of 

other variables are also consistent with the theories mentioned previously. For example, 

firm leverage, firm asset volatility, and credit rating are positively related to corporate 

bond spreads while bond issue size, which proxies the liquidity risk, is negatively related 

to bond spreads.   

4.4. Empirical tests 

4.4.1. Test regressions 

To test the hypothesis that a high propensity of accounting misstatement is 

associated with larger credit spreads, I conduct both cross-sectional and panel regressions 

in this section. 

				 1 									  

where, CS is corporate bond credit spreads. Since three F-scores are highly correlated and 

the data availability of Model 1 is easiest for bond investors, I employ the score 

constructed by Model 1 (F1) in the main tests. In the robustness check, I also examine 

other F-scores and accounting misstatement propensity dummy, which equals one if F1 

ranks above 1.00 (i.e. “above normal risk”) and zero otherwise. Duration (Dur) is 

included to capture the shape of the credit spread term structure. Firm leverage (Lev) and 

equity volatility (Vol) are employed to control for the default risk. Bond issue amount 
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(Lsize) is included because of the liquidity risk embedded in corporate bond spreads. I 

also incorporate the coupon rate because bonds with higher coupon payments are taxed 

more throughout the life of the bond, making them less desirable than bonds with lower 

coupons. I do not include credit rating in the regressions because rating agencies claim 

that they have already considered firms’ accounting report qualities in their calculations. I 

conduct both cross-sectional and panel regressions. For the cross-sectional regression, I 

average the ordinary least squares estimates across the monthly regressions to compute 

the coefficient of F-score, which is expected to be positive. For the panel regression, I 

pool all data together and pay special attention to the time effect by including year 

dummies and the bond issuer cluster effect. 

Table 4-2 presents the estimation results of equation (1). The effect of perceived 

accounting manipulation is significantly positive on the overall level of secondary market 

spreads for both estimation approaches. The cross-sectional regression results are listed in 

the second column and the panel regression results are in the third. One unit increase in 

the F1-score is associated with 30 to 40 bp increases in the yield spreads, depending on 

the regression method used. The last column shows that one standard deviation change in 

the F1-score leads to a 15% increase in bond spreads. The economic significance of F1-

score is close to the effect of firm asset volatility. The coefficients of control variables are 

consistent with previous analysis. For example, the traditional structural variables, 

leverage ratio (Lev) and equity volatility (Vol) are highly significant and stable across 

different regression methods. This implies that high expected defaulted loss represented 

by leverage and equity volatility is compensated by positive bond spreads. The liquidity 

proxy (Lsize) is with the right sign (negative) and statistically significant in both 



113 

 

equations. In other words, the larger the issue size, with a consequently greater number of 

investors and more liquidity features, the lower the credit premium is required.  

4.4.2. Firm leverage and asset volatility 

Based on the garbling information signal model, Baglioni and Cherubini (2005) 

find that accounting distortions are more relevant in pricing safe corporate securities. As 

a result, the credit spread increase is more significant for bond issuers with lower 

leverage and asset volatility. In order to test this hypothesis, for each month in the sample 

period I separate the sample firms into high and low leverage and volatility groups by the 

respective medians. In order to accentuate the different impact of accounting 

misstatement propensity for safe firms, I conduct the OLS regressions in two subgroups, 

firms with low leverage and low asset volatility and firms with high corresponding 

characteristics. Because of the high correlation between accounting misstatement score 

F1 and default risk factors in the safe issuer group, 40% correlation between F1 and 

leverage, and 30% correlation between F1 and volatility, I first regress bond spreads on 

leverage and volatility and take the residuals. The residuals therefore measure bond 

spreads that are uncorrelated with the default risk. Then I examine the accounting 

misstatement propensity on the residual risk premiums and compare the coefficients of 

F1 between the safe and risky issuers. Table 4-3 reports the results of OLS regressions.  

Whether I employ the cross-sectional or panel regression approach, F1 always 

plays a positive and significant role in explaining the bond risk premiums at the 1% 

significance level for safe issuers. Additionally, the coefficients for safe obligors are 

higher than the corresponding values for riskier issuers in terms of value and economic 

significance. For example, the panel regression results show that the coefficient of F1 is 
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81 for the safe group and 74 for the risky group. In addition, one standard deviation 

increase in F1 will increase bond premiums for safe firms by 0.31 standard deviations; 

but only 0.21 standard deviations for risky ones. On the contrary, the coefficient of the 

accounting misstatement propensity score is insignificant for risky firms when I select the 

Fama-Macbeth method, as shown in the third column. Meanwhile, both cross-sectional 

and panel regression results show that the liquidity risk proxy, Lsize, is negatively 

significant at 5% level. This indicates that default risk and liquidity risk more dominantly 

determine the premiums of risky corporate securities than all other factors. In summary, 

my test results support H2 that accounting misstatement has a stronger impact on the risk 

premium increase for firms with low leverage and volatility. 

4.4.3. Credit rating 

Baglioni and Cherubini (2005) theorize that the accounting manipulation effect on 

credit spreads is more relevant for high quality issuers, while noisy and delayed financial 

reporting plays a stronger role on low quality issuers. In order to demonstrate that the 

premium required by investors is to compensate for perceived fraud propensity not 

incomplete accounting information, I separate corporate bonds into investment and 

speculative grades with the cutoff grade BBB-. The cross-sectional credit spread 

regressions are conducted within each subsample by using the F1 score. The results are 

presented in Table 4-4. A close look reveals that for high quality, investment grade 

issuers, the accounting misstatement propensity is always positively significant and the 

coefficient is around 30, regardless of the regression methodology used. In contrast, for 

the speculative grade group, the misstatement propensity has no significant effect at any 

conventional level. For instance, the coefficient of F1 even has the wrong sign (negative) 
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in the panel regression. Leverage, the default risk proxy, positively affects bond spreads 

at the 1% confidence level for all four specifications and has significantly larger impacts 

on speculative bonds. Furthermore, the speculative grade group has higher adjusted R2s. 

This indicates that speculative bond spreads are mainly to compensate for the default risk. 

My test results align with Baglioni and Cherubini’s (2005) theoretical implications and 

strongly support the argument that bond investors consider a firm’s accounting report 

quality and require the corresponding compensations when they suspect a firm cooks its 

book. All in all, my hypotheses examination results underscore that accounting 

misstatement propensity rather than incomplete information helps to alleviate the credit 

spread puzzle that occurs primarily to investment grade bonds.  

4.5. Robustness of the results 

4.5.1. Distance-to-default (DD) 

One robustness check is to add the default probability metric employed by 

Vasslou and Xing (2004) 28  to completely exclude the possibility that accounting 

misstatement propensity represents the same risk as in traditional structural models. I 

select the distance-to-default (DD) measurement to measure how far firm asset value is 

away from the default by nonlinearly transforming these two factors. DD decreases with 

the increase in default probability and has been used in the risk management literature to 

capture default risk.29 Since I intend to control the relation between default risk and bond 

premiums rather than pricing debt or credit risk derivatives, this transformation will not 

introduce bias to my tests. Meanwhile, using the nonlinear transformation also avoids the 

multicollinearity problem among default risk factors in the regression. The new 

                                                 
28The distance-to-default data are provided by Goyal and Wang (2010). 
29 See Appendix 4-B for a detailed description. 
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regression results are presented in Table 4-5. The coefficients of the F-score are 

positively significant at 5% and the magnitude is not changed significantly by adding the 

DD factor. It is unsurprising that the DD factor negatively affects the bond spreads and 

the coefficients of leverage and equity volatility are reduced after including the distance-

to-default. The adjusted R2 does not significantly increase compared with the 

corresponding R2 in Table 4-2. This implies that the firm leverage and equity volatility 

are sufficient in capturing default risk.  

4.5.2. Information asymmetry 

Recent studies point out that information risk is a non-diversifiable factor in 

determining the costs of capital. As mentioned, O’Hara (2003), Easley and O’Hara 

(2004), Lambert, Leuz, and Verrecchia (2007), and Francis, Lafond, Olsson, and 

Schipper (2005) all theoretically or empirically demonstrate this point. Abuse in 

accounting disclosure brings significant noise and bias to firm reports; therefore, firms 

with a high accounting misstatement propensity have higher information asymmetry. To 

ensure accounting misstatement propensity is not captured by information asymmetry, I 

follow the approach in Zhang (2006) to incorporate four of the most commonly used 

proxies into the equation (1). I select more than one proxy, because even if each one is a 

useful measure of information risk, they are likely to capture other information as well. I 

include firm size (market capitalization at the bond spreads observation date) because 

small firms provide less information to the market and have higher disclosure preparation 

costs than larger firms. I include firm age (firms’ existence length in Compustat) because 

firms with a long history have more information available to the market. I use equity 

turnover rate (trading volume divided by outstanding shares) because the literature shows 
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that increased trading volume indicates that informed traders attempt to exploit the 

asymmetric information advantage in the market (Kyle, 1985). I also include analyst 

coverage because existing empirical evidence strongly suggests that analyst following is 

negatively correlated with information asymmetry (Hong, Lim, and Stein, 2000). Analyst 

coverage is proxied by the number of analysts for each company in the I/B/E/S dataset. 

The expected coefficient sign of firm size, firm age, and analyst coverage is negative and 

the expected sign of turnover rate is positive. The results are listed in Table 4-6. No 

matter which information asymmetry proxy I employ, the coefficient magnitude and 

significance of the F-scores are close to what I find in Table 4-2. This demonstrates that 

accounting misstatement propensity has a significant influence on corporate bond spreads 

in addition to any previously found factors. Furthermore, the coefficients of four 

information symmetry variables are also consistent with my analysis. For example, firm 

size and age always negatively affect bond spreads; high turnover is accompanied by an 

increase in spreads, with a coefficient of 0.018; and the coefficient of analyst coverage is 

-1.22.  

4.5.3. F-score dummy 

In reality, investors in the bond market might not be able to measure fraud 

propensity for each firm as accurately as the F-score does. Instead, they are likely to 

classify companies into high and low fraud groups. I estimate equation (1) with 

misstatement propensity dummies constructed from raw scores using the benchmark of 

“1.00”. Table 4-7 shows that the coefficients of the F-score dummy are around 15.0, 

while the corresponding coefficients of the raw F-score are around 30.0. Although fraud 

propensity dummies have less explanatory power on bond spreads in terms of coefficient 
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magnitude, they are still highly significant at the 1% significant level. The significance of 

the F-score dummy clearly demonstrates that even before the fraudulence is revealed by 

SEC, debt market investors would charge additional risk premiums as long as they 

suspect a firm having an above average misstatement propensity. I also test the F-scores 

based on Dechow et al.’s (2011) Model 2 and 3. The results are presented in Table 4-8 

and support my previous analysis. The coefficients of F2 and F3 are positively significant 

at the 5% level. The coefficient estimations of other control variables are similar to Table 

4-2.  In summary, my robustness test results demonstrate that regardless of whether I 

employ raw F-scores or simple dummy variables, the perceived accounting fraud risk is a 

significant pricing factor for corporate bond spreads. This omitted factor helps to explain 

the bond spreads left by structural models. 

4.6. Conclusion 

Although academic scholars have long proposed various explanations for the 

credit spread puzzle, especially in the case of high quality bonds, the resolution is still far 

from satisfactory. Theoretical work carried out by Duffie and Lando (2001), Baglioni and 

Cherubini (2005), and many others states that the lack of reliability in firms’ financial 

reporting could signal that firm asset value is being misrepresented and the actual default 

probability could be dramatically higher than the structural model predictions based on 

firm accounting statements. Meanwhile, research conducted by Karpoff, Lee, and Martin 

(2008) and Gande and Lewis (2009) indicates that the lack of reliability in accounting 

information could also signal possible lawsuit losses triggered by potential enforcement 

actions by the SEC. As a result, accounting misstatement could be a determining factor in 

firms’ cost of debt. Contrary to prior empirical research, this chapter focuses on investors’ 
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perceived rather than realized fraud risk. This difference is important when one considers 

the magnitude of the number of fraud cases that have not been revealed by the SEC. I 

conduct monthly cross-sectional regressions of bond credit spreads on a measure of 

accounting misstatement propensity derived by Dechow et al. (2011). Additionally, I 

employ panel regressions as supplemental tests. My results confirm that the perception of 

possible accounting misstatement plays an incremental role in explaining corporate bond 

spreads in addition to default risk or information risk. Consistent with the theoretical 

implications of research by Baglioni and Cherubini (2005), I find that accounting 

misstatement propensity has a stronger explanatory power on safe issuers in terms of firm 

leverage, asset volatility and credit rating level. This provides evidence that perceived 

fraud risk is a factor that helps to solve the credit spread puzzle, especially for high 

quality issuers.   
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Table 4-1 Statistics description of bond sample 

The sample period is monthly between January 1994 and June 2002. Panel A reports the average number of 
bonds within each month during the test period. In Panel B, CS: the difference in yield to maturity between 
a corporate bond and a US Treasury bond with the closest maturity; F1, F2, F3: accounting misstatement 
propensity scores computed based on Dechow et al. (2011) three models; Dur: individual bond duration; 
Lev: bond issuer's leverage in percentage; Vol: bond issuer's stock volatility; Lsize: logarithm of dollar 
amount outstanding of individual bond; Rating: bond issuers' historical debt rating for each month-end; 
Coupon: coupon rate in percentage; DD: distance-to-default measures how far firm asset value is away 
from the default. Panel C represents the pair-wise correlations in the sample period of January 1994 to June 
2002; *: p-value<0.05. 

Panel A  Sample size 

Year 1994 1995 1996 1997 1998 199 200 200 2002  

# of bonds 108 128 144 157 182 165 167 256 352  

Panel B Summary statistics of major variables 

Variable Mean Min Media Max Std   
CS 157.4 -594.9 138.5 2711.3 138.4      

F1 0.68 0.12 0.56 5.86 0.42      

F2 0.90 0.18 0.81 6.73 0.50      

F3 0.87 0.24 0.80 5.04 0.50      

Dur 11.04 3.03 9.94 35.37 4.25      

Lev 36.79 0.24 38.68 99.86 16.71      

Vol 8.31 1.52 7.46 41.09 4.24      

Lsize 9.40 3.33 9.21 13.82 1.49      

Rating 8.25 1 8 16 2.78      

Coupon 7.57 0 7.75 11 1.79      

DD 6.69 -5.47 6.43 31.37 3.34      

Panel C   Average correlation among major variables 

Variable CS F1 F2 F3 Dur Lev Vol Lsize Rating   Coupon

CS 1          

F1 0.03* 1         

F2 0.03*  0.99* 1        

F3 0.03* 0.97* 0.97* 1       

Dur -0.32* 0.05* 0.17* 0.18* 1      

Lev 0.34* -0.28* -0.08* -0.10* 0.02* 1     

Vol 0.28* 0.22* 0.11* 0.14* -0.14* 0.05* 1    

Lsize -0.05* 0.04* 0.03* 0.05* 0.26* -0.003 0.09* 1   

Rating 0.34* -0.06* -0.05* -0.06* -0.27* 0.41* 0.24* -0.13* 1  

Coupon 0.45* -0.20* -0.19* -0.19* -0.32* 0.18* -0.20* -0.29* 0.23* 1 

DD -0.39* -0.03* -0.07* -0.06* 0.05* -0.51* -0.57* -0.05* -0.29* 0.04* 
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Table 4-2 Effect of accounting misstatement propensity on bond spreads 

  

For each month in the sample period, I regress sample bond spreads on raw accounting misstatement propensity F1, 
which is computed by Dechow et al.’s (2011) Model 1, bond duration (Dur), firm leverage ratio (Lev), equity 
volatility (Vol), bond issue size (Lsize), and bond coupon rate (Coupon). Average ordinary least squares estimates 
across the monthly regressions are reported. I repeat the prior regression by using panel data and year dummies, 
while adjusting standard errors due to correlation across bond issuers in the third column. Based on the panel data 
analysis, column four presents the economic significance of regressors – the average change in bond spreads caused 
by one standard deviation change in independent variables. Standard errors in brackets, *** p-value<0.01, ** p-
value<0.05, * p-value<0.1. 

 Fama-Macbeth Panel Regression Economic Significance 
F1 35.688*** 47.473** 15.45% 
 [3.912] [18.834]  
Lev 2.132*** 2.588*** 31.43% 
 [0.124] [0.569]  
Vol 5.909*** 4.459** 14.28% 
 [0.723] [1.758]  
Dur -3.443*** -4.942*** -15.50% 
 [0.260] [1.832]  
Lsize -1.845** -1.052 -1.19% 
 [0.833] [3.646]  
Coupon 14.951*** 37.739*** 41.04% 
 [2.035] [6.212]  
Constant -53.611*** -295.102***  
 [19.295] [66.752]  
# of obs 102 13,693  
adjusted  R2 0.514 0.498  
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Table 4-3 Effect of accounting misstatement propensity comparison between safe and 
risky firms 

  

For each month in the sample period, I separate bonds into high and low leverage (volatility) groups based 
on the respective median. For firms with low leverage and low volatility (safe group) and firms with high 
leverage and high volatility (risky group), I first regress bond spreads on leverage and volatility and take 
the residuals. Then within the safe (risky) groups, I regress the first step residuals on accounting 
misstatement propensity computed based on Dechow et al.’s (2011) Model 1 (F1), bond duration (Dur), 
firm leverage ratio (Lev), equity volatility (Vol), bond issue size (Lsize), and bond coupon rate (Coupon). 
The average ordinary least squares estimates across the monthly regressions are reported in column two and 
three. Column four and five list the results of panel regression, in which year dummies are included, while 
adjusting standard errors due to correlation across bond issuers. *** p-value<0.01, ** p-value<0.05, * p-
value<0.1. 

Variable Fama-Macbeth Method Panel Regression 
 Safe Group Risky Group Safe Group Risky Group 
F1 32.526*** -152.925 81.043*** 74.225*** 
 [8.529] [100.503] [18.545] [22.048] 
Dur 1.423 -14.260*** -7.656*** -14.153*** 
 [1.155] [4.380] [1.928] [5.010] 
Lsize 1.695 -0.865*** 3.782 16.332** 
 [1.362] [4.308] [6.599] [7.458] 
Coupon 3.082 9.687 31.458** 23.997 
 [4.517] [8.769] [12.043] [16.347] 
Constant -47.989 152.030 -229.271* -224.270 
 [44.437] [125.199] [125.140] [153.391] 
# of obs 102 102 2,701 2,946 
adjusted R2 0.697 0.688 0.381 0.191 
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Table 4-4 Effect of accounting misstatement propensity on investment and speculative 
grade bonds 

 

For each month in the sample period, I separate bonds into investment and speculative grade groups. I further 
regress their spreads on accounting misstatement propensity based on Dechow et al.’s (2011) Model 1 (F1), 
bond duration (Dur), firm leverage ratio (Lev), equity volatility (Vol), bond issue size (Lsize), and bond 
coupon rate (Coupon). The average ordinary least squares estimates across the monthly regressions are 
reported in column two and three. Column four and five list the results of panel regression, in which year 
dummies are included, while adjusting standard errors due to correlation across bond issuers. *** p-
value<0.01, ** p-value<0.05, * p-value<0.1. 

Variable Fama-Macbeth Method Panel Regression 

 Investment grade Speculative grade Investment grade Speculative grade

F1 31.119*** 28.668 38.083* -28.272

 [4.531] [17.579] [22.373] [83.124]

Lev 1.411*** 7.013*** 1.900*** 7.873***

 [0.064] [2.410] [0.511] [1.219]

Vol 3.609*** 2.615 3.842** 6.924

 [0.612] [5.654] [1.923] [7.876]

Dur -2.082*** 31.850*** -4.036** -24.502

 [0.236] [4.650] [1.697] [17.627]

Lsize -4.720*** -1.659** -2.008 2.854

 [0.600] [0.748] [3.688] [20.039]

Coupon 12.579*** 5.833*** 35.630*** 7.637

 [2.142] [1.023] [7.727] [13.235]

Constant 22.043 -521.594** -246.809*** -180.673

 [14.992] [204.240] [75.252] [341.334]

# of obs 102 102 12,314 977

adjusted R2 0.479 0.995 0.463 0.858
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Table 4-5 Effect of accounting misstatement propensity on credit spreads beyond default 
risk 

   

For each month in the sample period, I regress bond spreads on accounting misstatement propensity computed by Dechow 
et al.’s (2011) Model 1 (F1), bond duration (Dur), firm leverage ratio (Lev), equity volatility (Vol), bond issue size (Lsize), 
bond coupon rate (Coupon) and distance-to-default (DD). The average ordinary least squares estimates across the monthly 
regressions are reported in column two. Column three lists the results of panel regression, in which year dummies are 
included, while adjusting standard errors due to correlation across bond issuers. *** p-value<0.01, ** p-value<0.05, * p-
value<0.1. 

Variable Fama-Macbeth Method Panel Regression
F1 37.320*** 47.299** 
 [3.727] [18.710] 
Lev 2.249*** 2.385*** 
 [0.187] [0.620] 
Vol 5.401*** 3.740* 
 [0.871] [2.158] 
Dur -3.421*** -5.046*** 
 [0.261] [1.832] 
Lsize -1.679** -0.913 
 [0.834] [3.624] 
Coupon 14.693*** 37.182*** 
 [2.061] [6.277] 
DD 0.383 -2.311 
 [0.739] [2.775] 
Constant -54.405** -260.897***

 [26.195] [85.001] 
# of obs 102 13,624 
adjusted  R2 0.530 0.498 
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Table 4-6 Effect of accounting misstatement propensity on credit spreads beyond 
information risk 

  

  

For each month in the sample period, I regress bond spreads on accounting misstatement propensity computed by Dechow 
et al.’s (2011) Model 1 (F1), bond duration (Dur), firm leverage ratio (Lev), equity volatility (Vol), bond issue size (Lsize), 
bond coupon rate (Coupon), and information asymmetry proxies. Information asymmetry proxies include firm size (market 
capitalization at the bond spread observation date), firm age (firms’ length of existence in Compustat), equity turnover rate 
(trading volume divided by outstanding shares) and analyst coverage (the number of analysts for each company in the 
I/B/E/S dataset). Average ordinary least squares estimates across the monthly regressions are reported. *** p-value<0.01, 
** p-value<0.05, * p-value<0.1. 

F1 38.249*** 38.410*** 37.096*** 19.989***
 [3.920] [4.166] [4.403] [6.829]
Lev 2.104*** 2.167*** 1.952*** 2.465***

 [0.109] [0.117] [0.121] [0.324]
Vol 6.006*** 5.553*** 4.049*** 8.750***

 [0.703] [0.711] [0.582] [2.080]
Dur -3.603*** -3.549*** -3.097*** -3.751***

 [0.265] [0.276] [0.268] [0.396]
Lsize -1.441 -1.399* -2.767*** 0.524

 [0.909] [0.841] [0.806] [1.192]
Coupon 14.527*** 15.993*** 14.740*** 9.220***

 [2.105] [1.969] [2.010] [2.416]
Firm Size -1.782**    
 [0.815]    
Firm Age  -0.717***   
  [0.144]   
Turnover   0.018***  
   [0.003]  
Analyst Coverage    -1.218***

    [0.400]
Constant -39.927** -34.208** -41.319** -49.189

 [16.129] [16.873] [18.760] [35.929]
# of obs 102 102 102 102
adjusted  R2 0.528 0.529 0.561 0.723
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Table 4-7 Effect of accounting misstatement propensity dummy on credit spreads

For each month in the sample period, I regress sample bond spreads on an above normal fraud risk dummy (F-dummy), 
bond duration (Dur), firm leverage ratio (Lev), equity volatility (Vol), bond coupon rate (Coupon), and bond issue size 
(Lsize). Based on the first method employed by Dechow et al. (2011), raw misstatement propensity F1 is computed. I 
further define an “above normal fraud risk” dummy, which equals one if each raw F1 is greater than 1.00, and zero 
otherwise. Average ordinary least squares estimates across the monthly regressions are reported in column two. Panel 
regression results which include year dummies are reported in column three, while adjusting standard errors due to 
correlation across bond issuers. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 

 Fama-Macbeth Method Panel Regression
F-dummy 14.436*** 21.202 
 [2.850] [18.100] 
Lev 1.960*** 2.360***

 [0.127] [0.570] 
Vol 7.255*** 5.293***

 [0.664] [1.698] 
Dur -3.218*** -4.711**

 [0.244] [1.885] 
Lsize -2.407*** -1.301 
 [0.849] [3.926] 
Coupon 12.219*** 37.078***

 [2.218] [6.687] 
Constant -10.391 -259.419***

 [22.052] [75.255] 
# of obs 102 13,693 
adjusted  R2 0.419 0.480 
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Table 4-8 Robustness check of effect of accounting misstatement propensity on credit 
spreads 

 

 

  

For each month in the sample period, I regress sample bond spreads on accounting misstatement 
propensity, bond duration (Dur), firm leverage ratio (Lev), equity volatility (Vol), bond coupon rate 
(Coupon) and bond issue size (Lsize). Based on Model 2 and 3 employed by Dechow et al. (2011), two raw 
misstatement propensities F2 and F3 are computed. Average ordinary least squares estimates across the 
monthly regressions are reported. Standard errors in brackets, *** p-value<0.01, ** p-value<0.05, * p-
value<0.1. 

 F2 F3 
F-score 24.417*** 45.449** 
 [4.144] [21.558] 
Lev 2.510*** 2.294*** 
 [0.136] [0.738] 
Vol 4.846*** 5.233* 
 [0.895] [2.831] 
Dur -7.377*** -9.947** 
 [0.536] [4.715] 
Lsize -6.692*** -3.599 
 [1.026] [5.134] 
Coupon 4.791** 34.060*** 
 [2.392] [10.631] 
Constant 116.735*** -184.351 
 [24.281] [132.326] 
# of obs 102 102 
adjusted  R2 0.590 0.457 
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CHAPTER 5. SUMMARY AND CONCLUSION 

Corporate bonds have become a major component in the investment portfolio of 

market participants due to the declining transaction costs in the bond market. However, 

compared to the extensive literature on the premiums in equity markets, relatively little is 

known about the risk premiums in corporate bond markets. One of the most important 

topics in corporate debt research is to explain the difference between the rates offered on 

corporate bonds and government bonds. This question is fundamental to both theoretical 

and empirical work in corporate finance. The assessment of corporate debt becomes 

increasingly important to all bond investors, banks, and other financial institutions. It is 

commonly agreed that corporate bond spreads are positively determined by firms' 

expected default losses, tax asymmetries between corporate and government bonds, and 

the illiquid condition of the bond market. Among these three determinants, the majority 

of researchers presume that bond spreads are dominantly attributable to default risk and 

frequently refer to bond yield spreads as the "credit spreads."  

Merton (1974) initiated the modern analysis of credit risk by pioneering the 

structural paradigm. One of the most important inputs in structural models is the volatility 

of bond issuers' assets. Although asset volatility includes both idiosyncratic and 

systematic components that have significantly different characteristics, the Merton (1974) 

model does not distinguish between these components. Campbell et al. (2001) observe 

the different time series behaviors of these two volatilities: idiosyncratic volatility has a 

significant co-movement with corporate bond spreads from the 1960s to the 1990s, while 

systematic volatility does not. Based on this observation, Campbell and Taksler (2003) 

find that it is the idiosyncratic rather than the systematic volatility that dominantly 
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depressed individual bond spreads between 1995 and 1999. In line with these findings, 

Chapter 2 examines the impact of idiosyncratic volatility on the monthly spreads of the 

Merrill Lynch US corporate index, one of the most diversified corporate bond portfolios 

in the market from 2000 to 2010.  

As affirmed by Yu (2005), I employ the instantaneous equity volatility of bond 

issuers to proxy firm asset volatility, since firm asset value is not directly obtainable from 

the market. I find that although idiosyncratic and systematic volatilities no longer present 

an obvious divergent behavior after 1999, idiosyncratic volatility still plays an 

incremental role in explaining bond portfolio spreads. My results support Merton's (1987) 

and Malkiel and Xu's (2006) theoretical implications that idiosyncratic risk is unable to 

be fully diversified and should be compensated at the aggregate level due to information 

asymmetry and market friction. In addition, I find that idiosyncratic volatility plays a 

significant role in bond portfolio spreads because it reflects bonds issuers' extreme losses 

upon default risk. This supplements the explanation by Merton-type models that asset 

volatility influences bond premiums through its impact on default probability.  

Default probability and loss (or recovery) upon default are two main aspects of 

credit risk. Compared to the research in default probability, less emphasis is placed on 

recovery upon default. I explore the determinants of corporate recovery, which is 

important to the valuation and hedging of risky debt as well as credit derivatives. I adopt 

an endogenous bankruptcy model developed by Leland and Toft (1996) to predict the 

expected bankruptcy recovery. I find that the endogenously determined expected 

recovery has strong explanatory power on the debt recovery as observed in the market 

across a large sample of Chapter 11 filings from 1996 to 2007 as presented in Chapter 3. 
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The firm’s characteristics, industry distress, and macroeconomic conditions are 

accounted for in my findings. Because Leland and Toft (1996) find the bankruptcy barrier 

is endogenously determined by management, my findings empirically confirm that 

management is an important determinant for corporate recovery. In addition, I find that 

agency conflicts and ex post bankruptcy costs influence the explanatory power of the 

expected market recovery.  

Recent empirical evidence suggests that corporate bonds earn an expected excess 

return over default-free government bonds, even after correcting for the likelihood of 

default, the different tax treatments between corporate and government bonds and 

liquidity risk in the bond markets (Huang and Huang, 2003). Because there is no 

satisfying explanation for the unexplained bond premiums, academics frequently call this 

phenomenon the "credit spread puzzle." In Chapter 4, I demonstrate that a previously 

ignored component, perceived accounting misstatement assists in solving the credit 

spread puzzle, especially for investment grade bonds. By regressing bond spreads on the 

accounting misstatement proxy while controlling for issuers’ default risk, tax effect and 

liquidity risk from January 1994 to June 2002, I find that perceived fraud propensity has 

strong explanatory power on corporate bond premiums. In order to alleviate any 

dependence on particular regression methods, I employ both cross-sectional and panel 

regression methods and my estimation results are robust under both approaches. I also 

exclude the possibility that accounting misstatement propensity represents the same 

factor as default losses or information asymmetry risk. My findings strongly support the 

assertion that investors consider the reliability of accounting reporting when they 

determine bond spreads.  
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My thesis makes contributions both to academics and to the industry in many 

ways. Equity volatility is one of the most important factors connecting the equity and the 

credit market. Close scrutiny of the effect of the two components of equity volatility on 

bond premiums should deepen the understanding of financial market linkages, the price 

discovery mechanism, and risk management. In addition, although the impact of 

idiosyncratic volatility on equity returns has long been debated, the study concerning its 

impact and influence channel on credit risk premiums is still limited, especially at the 

bond portfolio level. My findings plug this research gap by confirming the incremental 

explanatory power of idiosyncratic volatility and shedding light on the connections 

between idiosyncratic volatility and bond portfolio spreads. Additionally, my findings 

will help market investors to better hedge their credit risk between equity and debt 

markets.    

Although default recovery is a critical measurement of credit risk besides default 

probability, there is a lack of research focus on it. The popular statistical approach is 

more suitable for examining the determinants rather than providing an accurate prediction 

of firm recovery. My work in Chapter 3 identifies a useful tool for estimating the 

expected recovery rate and makes a solid contribution to the valuation and hedging of 

corporate debt. Furthermore, my confirmation of the impact of agency conflict on firm 

default losses provides an important challenge for future research to incorporate the 

information asymmetry between management and investors in the credit risk pricing 

models.    

The fourth chapter of my thesis reminds us of the importance of the reliability of 

accounting reporting on cost of capital. My finding that bond investors do indeed 
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penalize issuers who are perceived to cook their books has profound implications for 

academics, business, and public policy. It assists academics in solving the credit puzzle. 

It suggests to company CEOs that a suspected book cooking even without formal 

investigation is still costly and a reputation for accurate disclosure does indeed pay. And 

it clarifies for policy makers that a stricter regulation of financial misconduct can 

strengthen investors' confidence on bond issuers and thus assist corporations in reducing 

their cost of debt capital.   

In summary, my thesis deepens the understanding of the links between corporate 

bond spreads and credit risk, especially in terms of the loss-upon-default aspect. It also 

reminds us of the importance of financial reporting quality on corporate costs of debt. My 

analysis should provide useful insights to academic scholars, market investors, and public 

policy regulators. By better understanding credit risk and fraud risk, corporate bond 

market participants should be in a better position to identify and hedge the credit risks 

embedded in their investments. 
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 APPENDICES 

Appendix 3-A. Leland-Toft (1996) model 

In the Leland-Toft (1996) model, the firm asset value is unobservable, and is 

assumed to follow a Geometric Brownian motion:  

 

 
where,	 	is a Brownian motion. The asset mean rate of return  and the volatility  

are assumed to be constants. The firm continuously issues a constant principal amount of 

new debt with maturity of T years and redeems it at par upon maturity. Debt pays 

constant coupons each year. The firm’s operating cash flow may at times fall short of 

required current debt payments. As long as the equity option value is higher than the 

required debt payment, equity holders will sell newly issued stocks to cover the cash 

shortage and continue to meet debt obligations. However, when the asset values fall 

below a threshold and new funds cannot be raised bankruptcy is declared. At bankruptcy, 

the remaining assets are liquidated and distributed to debt holders after the deduction of 

bankruptcy costs.  

The bond value is expressed as:  

 

  ; ∗, 1 1
∗
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.  is the cumulative distribution function of the standard normal distribution, and n(.) 

represents the standard normal density function. 

The total market value of the firm is the unlevered asset value plus the value of 

tax benefits, less the value of bankruptcy costs 
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The equity value 	is the residual value  
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Appendix 3-B. Log-likelihood function of the Leland-Toft model 

Let  denote the equity pricing function from the structural model and  

denote the natural logarithm of firm asset value. If I assume firm unobservable asset 

value V follows a Geometric Brownian motion, then  has a normal distribution. The 

conditional density function of equity can be expressed as: 

 
| ln |ln

ln |ln

ln | ln
∞

|ln ∙

ln |ln ∙
ln

ln

 

The equation shows that the unknown density function of the equity price can be 

transformed into a product of a Jacobian function and the density function of firm asset. 

The log-likelihood function can be written as: 

 

, 1, … , ; , 	ln	 	 ln |  

After transforming the density function of equity price, the log-likelihood 

function associated with the equity price can be expressed as: 

 

; 1, … , , , ln ln | ln ∙ 	
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where,  
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The likelihood function of equity can be written as: 

; 1, … , , ln ln | ln | , ,
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Note that I have dropped the likelihood associated with the first data point. The 

first data point for the equity value is only used to obtain the implied asset value, which is 

in turn used to define the transition density. Its omission is necessary because a stationary 

density for V0 does not exist.  

If I replace 	with the specific formula in the Leland-Toft model, the last term of 

the above equation can be expressed as: 
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Appendix 3-C. Simulation experiment 

To measure the performance of the maximum-likelihood estimation 

(MLE) method, I implement it on simulated data. Fixing an initial asset value V

and interest rate , I simulate 1,000 paths for the asset value by the following 

dynamics: 

1
2

∆ √∆ : 1,… , 1 

 

where,  is a standard normal variable and  equals 252, the number of days used in the 

Leland-Toft model. 

For each asset value path, I firstly compute the corresponding stock price path. I 

then use the simulated equity values to estimate the firm asset value  and the model 

parameter vector ( , . These two steps are repeated for each sample. Finally, I collect 

the estimates ( ,  to test the accuracy of maximum-likelihood method by the 

estimation errors. 

Since the median leverage ratio in my sample is 0.68, I choose the scenario with 

nominal debt 665 in Ericsson and Reneby (2005). A complete list of input parameters is 

as follows: 

Parameter Notation Leland-Toft model 

Initial asset value  1,000 

Risk-free rate  5% 

Firm asset growth rate  15% 

Asset volatility  20% 

Nominal debt  665 

Debt coupon  8% 

Bankruptcy cost  30% 

Tax rate  15% 

Maturity  10 
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Appendix 4-A.   Accounting misstatement propensity F-score 

Dechow et al. (2011) develop three logistic models to predict a firm’s propensity 

for accounting misstatement. Model 1 includes variables that are obtained from the 

primary financial statements. These variables include accrual quality and firm 

performance. Model 2 adds off-balance-sheet and nonfinancial measures. Model 3 also 

incorporates market-related variables. The output of these models is a scaled logistic 

probability for each firm-year that is called the F-score.  

More specifically, the three models are: 

Model 1: 
 

	
7.893 0.790 ∗ 	 2.518 ∗ 	 	

1.191 ∗ 	 	 1.979 ∗ %	 	 0.171
∗ 	 	 	 0.932 ∗ 	 	 1.029
∗ 	  

 

Model 2:  
 

	
8.252 0.665 ∗ 	 2.457 ∗ 	 	

1.393 ∗ 	 	 2.011 ∗ %	 	 0.159
∗ 	 	 	 1.029 ∗ 	 	 0.983
∗ 	 0.150 ∗ 	 	 	 0.419
∗ 	 	 	  
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Model 3: 
 

	
7.966 0.909 ∗ 	 1.731 ∗ 	 	

1.447 ∗ 	 	 2.265 ∗ %	 	 0.160
∗ 	 	 	 1.455 ∗ 	 	 0.651
∗ 	 0.121 ∗ 	 	 	 0.345
∗ 	 	 	 0.082
∗ 	 	 	 0.098
∗ 	 	 	 	  

 
By plugging individual characteristics for each firm into the following three 

models, the predicted values are computed. The predicted probability of accounting 

manipulation, F-score is derived as: 

 
	
	

 

where, 

	
	

1 	  

 

and the unconditional probabilities for the three models are 0.37%, 0.3656% and 0.4%, 

respectively.  
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Appendix 4-B.   Distance-to-default 

Merton’s (1974) model views equity as a call option on firm assets and the strike 

price of the option is the book value of the firm’s debt. When firm asset value drops 

below the strike price at debt maturity, the firm claims default. Therefore, the default 

probability is defined as the probability that the firm value is less than the book value of 

total liabilities 

| ln ln | , 

where,  represents firm asset and  represents firm total liability at time t. Since the 

firm asset value is further modeled as a geometric Brownian motion form: 

 
, 

The value of the asset at any time t can be expressed as:  
 

ln ln √ . 

Where,  is assumed to follow the standard normal distribution 0, 1 . 

I can measure the expected default probability as follows: 

 

| ln
2

√ ln 0

	
ln 2

√
.

 

Since ~ 0,1 , the expected default probability can be rewritten as: 
 

ln 2

√
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and the distance-to-default that measures how many standard deviations firm asset value 
is from default is: 

2

√
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