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Abstract

How to hedge systematic risk without sacrificing mispricing exposure? This pa-
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highlights the importance of correcting biases in structural pricing models caused by
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tion and rank-difference pricing errors to address structural issues after delta hedging,
reducing portfolio risk by 46%, over 70% relative to standalone long positions. The in-
formation ratio rises from 1.23 based on raw spread errors to 2.95, achieving a 90% risk
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1 Introduction

A central challenge for financial intermediaries in corporate bond investing is hedging
systematic risk without diluting exposure to potential mispricing. Although structural
models for pricing corporate bonds have been extensively developed to understand their
valuation and detect mispricing,1 their role in guiding real-world investment decisions,
particularly in hedging, remains an important and relatively less explored area. Building
on the insights of Ross (1976) on the Arbitrage Pricing Theory (APT), which posits that as-
set prices are determined by their exposures to common systematic risk factors, this paper
examineswhether hedging these factor exposures enables investors to isolate idiosyncratic
stock–bond mispricing in corporate bond markets. Specifically, this paper investigates the
extent to which risk can be reduced through portfolio hedging strategies constructed using these

models and whether such strategies effectively improve the information ratio by hedging the under-

lying risk.
A longstanding challenge in this area is the credit spread puzzle, which arises from the

inability of structural models to fully explain the average biases in actual credit spreads
(Eom et al. (2004); Huang and Huang (2012)). Many studies have attempted to improve
model fit through enhanced calibration techniques.2 While these developments have ad-
vanced our understanding of various market risks and model performance, an important
question remains regarding how model-implied risks translate into portfolio-level investment

outcomes. In practice, investors manage portfolios consisting of multiple bonds and rely on
structural models for both valuation and hedging. The growing complexity of bond mar-
kets, particularly since 2018, has driven a significant increase in bond portfolio trading

1For foundational theoretical developments, see Merton (1974), Black and Cox (1976), Geske (1977), Le-
land (1994), Leland and Toft (1996), He andMilbradt (2014), Chen et al. (2018), and Feldhütter and Schaefer
(2023), among others. Empirical evaluations of thesemodels include Bharath and Shumway (2008), Schaefer
and Strebulaev (2008), Bai and Wu (2016), Feldhütter and Schaefer (2018), Huang et al. (2025), and others.
2Previous studies have incorporated factors such as stochastic asset risk and asset volatility dynamics (e.g.,

Du et al. (2019)), alternative debt valuation approaches (e.g., Feldhütter and Schaefer (2018); Bai et al.
(2020)), exogenous and endogenous liquidity (e.g., He and Xiong (2012); He and Milbradt (2014); Huang
et al. (2025)), and time-varying macroeconomic conditions (e.g., Chen et al. (2018)).
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volumes (e.g., Li et al. (2025)). This trend highlights the growing need for investors and
marketmakers to accurately assess the risks inherent in diverse bond holdings (e.g., ICMA
(2019)).3 Effective portfolio construction, informed by a resolution of the credit spread
puzzle, enables better mitigation of structural and underlying risks.4 This paper explores
the puzzle’s role for bond portfolio management, offers new investment-oriented insights,
and provides a clear, step-by-step framework for constructing bond portfolios that effec-
tively hedge these risks.

The credit spread puzzle is fundamentally connected to capital structure arbitrage, in
which investors seek to profit from valuation discrepancies between actual and model-
implied spreads. Structural models that incorporate stock information offer a framework
for assessing whether bond valuations deviate from equity valuations, a concept I refer to
as "firm-level relative valuation." The term "capital structure arbitrage" is rooted in the theoret-
ical framework of structural models, which models equity as a European call option and
corporate bonds as covered options on the firm’s assets, excluding equity. In theory, delta-
hedging should eliminate most risk (e.g., Tian andWu (2023)), suggesting that "arbitrage"
implies the potential for positive returns with minimal risk exposure.5 However, no exist-
ing study fully achieves this arbitrage objective. This paper argues that the key limitations
are biases inherent in these structural models that distort valuation convergence and the presence

3The International Capital Market Association (ICMA) notes that short selling allows market-makers to
continuously quote prices for securities not held in inventory, supporting their role in financial intermedia-
tion. It also highlights the role of hedging: a long position in one security can be offset by a short position in
a similar security, such that price fluctuations in one position are largely counterbalanced by opposite move-
ments in the other. Through hedging, market-makers in secondary markets can manage interest rate risk
arising from inventory holdings and temporary long positions acquired through trading activity (see ICMA
(2019)). This paper aims to formally define “similar” assets as those exposed to common risks by developing
a portfolio construction framework that aligns risk exposures across multiple dimensions, extending beyond
interest rate risk to other relevant factors.
4Structural risks are a subset of systematic risks that affect all bonds but with heterogeneous sensitivities

depending on bond characteristics, allowing the level of impact to be inferred from their structural features.
In contrast, systematic risks that are not structural affect all bonds more uniformly or unpredictably.
5Firms issue or sell equity to obtain a premium from providing insurance to equity holders, and use the

proceeds to repurchase debt as a hedge against underlying risks. Ma (2019) highlights a negative correlation
between corporate financing flows across equity and debt markets, indicating that firms might act as arbi-
trageurs. This paper examines hedging effectiveness for portfolio construction from a hedge fund manager
perspective.
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of risks beyond those associated with the underlying asset.
What are biases? These models assume that firms with similar inputs have similar

levels of credit risk. This limitation can result in biased risk assessments. Small differences
in creditworthiness are critical to distinguish between firms, but structural models often
fail to capture these nuances. These models may underestimate the risk for some firms
while overestimating it for others, leading to inaccurate credit risk ranking and flawed
hedging strategies.

I propose two simple debiasingmethods—cross-sectional and time-series debiasing—on
Merton (1974)’s model. Given the competitive nature of corporate bond markets in credit
risk ranking, a more effective strategy may involve identifying overvalued or undervalued
bonds through "market-level relative valuation," comparing bonds across firms. Motivated by
the idea of gradual information revelation in Kyle (1985), this paper adopts a cross-sectional
debiasing approach using rank-difference, assessing the relative valuation of actual versus
model-implied credit spreads. Firms with initial ranking discrepancies tend to realign
with their predicted positions in subsequent months, suggesting that relative mispricings
are gradually corrected as market participants in both bond and stock markets incorporate
available information.

In practice, this remains challenging because bond prices are exposed to structural
risks, most notably duration risk and credit risk, as documented by Fama and French (1993).
These risks influence numerous bond prices across the cross-section, though the magni-
tude of their impact differs. Although interest rate swaps can hedge the duration risk (e.g.,
Faulkender (2005)), their costs and complexities often hinder practical implementation.
Similarly, managing credit risk by restricting investments to certain ratings is rarely fea-
sible, as it reduces portfolio diversification.6 When mispricing opportunities arise, hedge

6In the late 1990s, Long-Term Capital Management (LTCM) made aggressive investments in low-credit
securities, such as junk bonds, based on the belief that market mispricings existed. Their strategy relied on
high leverage and the expectation that credit spreads would narrow. However, during the global market
volatility of 1998, LTCM’s risky positions collapsed, resulting in one of the most notable hedge fund failures
(see Lowenstein (2000)). This episode highlights the critical importance of managing structural risks.
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fund managers may prefer long-short bond portfolios that hedge both duration and credit
risk exposures while capturing the associated relative-value opportunities. To effectively
manage these risks across time, well-diversified portfolios are essential. This paper con-
structs quintile portfolios sorted by pricing errors. Firms with distinct characteristics tend
to cluster in quintiles 1 and 5, enabling a long-short (quintile 5 minus quintile 1) portfolio
that naturally offsets structural risks. The primary challenge lies in designing this diversi-
fication based on a well-defined and meaningful pricing error.

Ideally, pricing errors should be randomly distributed, exhibit diversity, and remain
independent of firm-specific characteristics. To achieve this, I apply two debiasing tech-
niques.7 Cross-sectional debiasing involves ranking firms based on their credit spreads rela-
tive to peers, thus transforming raw values into ranks. I then compute the rank difference
between actual and model-implied credit spreads, a process analogous to constrained lin-
ear regression with a zero intercept and a unit slope along a 45-degree line. The zero-
intercept constraint eliminates systematic bias (i.e., debiasing), while the unit-slope con-
straint corrects for scale distortions, particularly the tendency of high-yield firms to exhibit
disproportionately high spreads—a nonlinear pattern that the constraint helps control.8

However, the structural framework of the Merton model introduces a significant bias
in assessing investment-grade firms.9 When these firms issue substantial debt relative to
equity, they may be incorrectly classified as high default risk, leading to firm-specific bias.
To mitigate this, I implement time-series debiasing by conducting a firm-level linear regres-

7Almeida et al. (2023) propose a two-step methodology to improve the predictive accuracy of model-
implied volatility surfaces. They first compute model-implied pricing errors, treated as biases, and then
nonparametrically estimate the pricing error surface. The debiased model is constructed by adding this es-
timated error surface to the original model-implied volatility surface. This paper uses a similar framework
but adds a discussion on why corporate bond pricing models are biased and addresses the issue of scale.
8Unlike linear or local fitting methods, the rank-difference approach accounts for the large scale difference

in spreads between high-yield and investment-grade firms. Althoughmodel-implied spreads may be higher
for high-yield firms, their actual spreads are disproportionately larger. As a result, portfolios based on linear
or local fitting errors may mistakenly place high-yield firms in higher quintiles. The rank-difference method
corrects for this by removing the influence of scale.
9Here is another perspective on how structural models affect the credit risk estimation of investment-grade

firms. The credit spread puzzle suggests that these models significantly underestimate spreads, particularly
for short-maturity investment-grade bonds.
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sion of actual credit spreads, which reflect investors’ risk perceptions, on model-implied
spreads, using data from the prior half-year. This approach calibrates each firm’s model
output to a more appropriate relative ranking. The debiasing term is formed by adding
the model’s prediction to the historical average bias, which helps reduce the impact of
firm-specific bias. In addition, this method provides a more accurate short-term forecast
of credit risk movements by demonstrating the strong alignment between actual spreads
and debiased model-implied spreads.

Subsequently, I apply the estimated coefficients to the model-implied spreads and
find that their average rank correlation with actual spreads rises to 89% across all firms,
compared to 66% without time-series debiasing. This strong cross-sectional fit suggests
that models remain useful for relative valuation after debiasing, with residual mispricings
likely driven by transitory, non-fundamental factors, potentially predicting future market
movements (e.g., Bai andWu(2016)). This two-dimensional debiasing approachmitigates
the overrepresentation of high-yield firms in the higher quintiles and improves compara-
bility between firms with varying creditworthiness, thereby enhancing portfolio diversi-
fication. By balancing pricing errors across investment-grade and high-yield firms, the
portfolio composition remains stable. This ensures more consistent durations and credit
ratings across time within each portfolio quintile.

Building on these insights, this paper outlines three important criteria for an effective
capital structure arbitrage strategy: the first two address structural risks, and the third
targets underlying risk.

The first criterion is that pricing errors cannot be predicted based on the bond’s credit
rating, maturity, and volatility, as bonds with lower credit ratings, longer maturities, and
greater volatility typically exhibit higher yields (e.g., Wu and Zaman (2024)). This ran-
domness creates greater diversity within quintile portfolios. The second criterion tests
whether the standard deviations of the portfolio quintile returns exhibit consistency, which
is influenced by the first criterion. The rationale is that a well-constructed long-short port-
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folio, formed by taking positions in the highest and lowest quintiles, should effectively
hedge against these structural risks by equalizing the magnitude of their impacts. Thus,
analyzing the distribution of firms within quintiles is crucial to determine whether the
error structure aligns with these two objectives. The third criterion for evaluation is the
effectiveness of delta-hedging, which measures how well the strategy reduces risk while
preserving returns. The strategy takes a long position in the delta of unlevered bond re-
turns and a short position in one-minus-delta of unlevered equity returns, effectively off-
setting equity risk exposure. These three criteria are inherently interconnected, as effective
delta-hedging must neutralize structural risks.

The use of unlevered returns (Choi and Richardson (2016); Doshi et al. (2019)) serves
three critical purposes. First, it ensures methodological consistency with capital structure
arbitrage implied by structural models, recognizing that bond valuation is contingent on
the underlying asset rather than solely on equity. Second, it offers a capital-structure-neutral
measure of risk exposure, reducing the influence of leverage on portfolio volatility. This
enhances hedging effectiveness and enables more consistent comparisons across firms and
portfolios. Third, it facilitates portfolio construction. I employ a mean-variance optimiza-
tion approach, following Markowitz (1952), where portfolio weights are allocated based
on the ratio of mean excess returns to covariance. While pricing errors provide predictive
power for excess returns, their relationshipwith covariance is more complex. As discussed
earlier, an optimal error structure improves diversification. To refine the allocation strat-
egy, I assign greater weights to assets with lower covariance, which are typically associated
with firms possessing lower default risk (higher delta) and relative high market values of
debt, thereby contributing to portfolio stability.

The empirical results indicate that using the raw spread error to generate pricing error
yields an information ratio of 1.23, with an excess monthly return of 0.32 and a portfolio
standard deviation of 0.89. Applying cross-sectional debiasing using the rank difference
error improves performance, generating an information ratio of 1.89, an excess monthly
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return of 0.27, and a portfolio standard deviation of 0.49. Implementing a delta-hedging
strategy further reduces portfolio standard deviation to 0.45, increasing the information
ratio to 2.06, corresponding to a 15.66% variance reduction. However, when limiting the
analysis to investment-grade firms, delta-hedging reduces risk by only 5.19%, while for
high-yield firms, the reduction is 48.29%. This suggests that, with only cross-sectional
debiasing, delta-hedging is less effective for investment-grade than for high-yield firms.

Applying both debiasing techniques improves the information ratio to 2.52, with an
excess monthly return of 0.28 and a portfolio standard deviation of 0.38. Delta-hedging
further reduces risk by 45.71%, increasing the information ratio to 2.95 while lowering the
portfolio standard deviation to 0.28. The high information ratios underscore the economic
significance of forecasting bond and equity returns using relative valuations at the market
level and firm level. In contrast, delta-hedging using only long positions reduces portfo-
lio risk but also lowers the information ratio, resulting in less effective hedging strategies.
This emphasizes that effective delta-hedging must neutralize structural risks. Moreover,
the long-short strategy hedges approximately half of the portfolio’s standard deviation,
compared to 0.55 in quintile 1 and 0.62 in quintile 5, suggesting that structural risks be-
yond underlying risk are largely mitigated. Over 231 months (September 2002–December
2021), negative returns occurred in only 25 months post-hedging, with relatively small
magnitudes, while cumulative returns increased steadily.

Examiningdelta-hedgingperformance, I find that it reduces risk by 40.49% for investment-
grade firms and 43.75% for high-yield firms. While cross-sectional debiasing helps miti-
gate risk, its impact is limited for investment-grade firms. In contrast, incorporating time-
series debiasing provides additional benefits by further reducing portfolio risk. This im-
provement stems from calibrating firms to their correct relative rankings over time, which
allows investors to more accurately identify mispricing opportunities. Hedge adjustments
can be better timed, enhancing overall riskmanagement. A key takeaway is that successful
delta-hedging depends not only on precise sharemanagement but also on the ability to de-
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tect and respond to mispricing dynamics. I also implement two portfolio strategies based
on the cross-sectional median of bond amounts outstanding, which serves as a proxy for
liquidity (e.g., Longstaff et al. (2005)), consistent with prior literature documenting the
role of liquidity in shaping credit spreads (e.g., Chen et al. (2007); Covitz and Downing
(2007)). The portfolio with less liquid bonds achieves a higher information ratio of 3.64,
compared to 1.38 for the more liquid portfolio. This suggests that greater liquidity en-
hances price efficiency, potentially reducing the profitability of value-based strategies.

The previous results are based on the literal implementation of the Merton model. To
enhance bond valuation and hedge performance, I extend this framework by incorporating
CDS-based credit spreads and hedging ratios, which help reduce redundancy in represent-
ing asset value and debt. The twisted approach reduces risk by 26.53% in all firms com-
pared to literal setting, assuming a recovery rate of 0.7, increasing the information ratio to
3.01 and reducing the standard deviation from 0.28 to 0.24.10 Compared to the unhedged
portfolio, the hedged portfolio shows a 60.11% drop in variance—outperforming the risk
reduction in the literal setting.

For investment-grade firms, the risk reduction reaches 33.61% with a recovery rate of
0.8, improving the information ratio from 2.62 to 2.95 and decreasing the standard devia-
tion from 0.27 to 0.22. For high-yield firms, the reduction in risk is 19.75% with a recovery
rate of 0.7, increasing the information ratio from 2.24 to 2.50 and reducing the standard
deviation from 0.48 to 0.43. These results highlight that time-series debiasing also further
enhances the effectiveness of the twisted settings. Although the literal settings perform
well in both valuation and hedging, the twisted settings achieve similar valuation accuracy
with even better hedging performance. This suggests that effective delta-hedging benefits
from less noisy model signals that reduce the noise inherent in linking the two markets,

10The comparison examines portfolio risk through different valuation methods, acknowledging that varia-
tions in asset holdings could introduce biases when comparing them directly. However, it is important to
recognize that these differences in asset choices reveal distinct risk profiles, which help assess the perfor-
mance of the valuation methods in constructing errors. On the other hand, delta-hedging focuses on risk
reduction within the same asset groups.
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thereby improving the measurement of sensitivity between stock and bond prices.
Outline. The paper is organized as follows. Section 2 reviews the related literature

and highlights the key contributions and gaps motivating this study. Section 3 presents
the Merton model in both literal and CDS-based settings, introduces two debiasing ap-
proaches, and specifies three criteria for determining the effectiveness of capital structure
arbitrage. Section 4 describes the data used as inputs to the structural models and the
emergence of bias in the implementation of these models. Section 5 investigates the im-
pact of abnormal yields on portfolio construction, evaluates performance through the in-
formation ratio and delta-hedging risk reduction, compares results under cross-sectional
debiasing alone and in combination with time-series debiasing technique for both literal
and CDS-based Merton models, and performs robustness checks using the Leland-Toft
models. Section 6 concludes.

2 Related literature

This paper contributes to the literature on structural models by examining how financial
constraints (e.g., Fazzari et al. (1988); Kaplan and Zingales (1997)) affect their estimation
of credit risk ranking (e.g., Bharath and Shumway (2008)). Firms with low credit ratings
struggle to access external capital due to lenders’ concerns about repayment ability, while
firmswith high credit ratings can easily obtain financing, enabling them to issuemore debt
even when their equity value is low (e.g., Rajan and Zingales (1998); Fama and French
(2005); Sufi (2009)). This disparity introduces significant biases when estimating credit
spreads for high-rated firms using structural models (e.g., Merton (1974); Black and Cox
(1976); Leland (1994); Leland and Toft (1996)), as the leverage component in these mod-
els fails to accurately reflect the differences in firms’ actual creditworthiness. This study
contributes to the literature by demonstrating that, despite inherent biases and minor dif-
ferences, structural models exhibit strong performance in valuation and hedging after the
application of two debiasing techniques outlined in Section 5.4.
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This paper also contributes to the literature on capital structure arbitrage strategies
(e.g., Yu (2006); Duarte et al. (2007); Kapadia and Pu (2012); Chen et al. (2023)). Prior
studies typically infer mispricing by comparing actual and model-implied credit spreads,
but the frequent finding that actual spreads exceed model values does not justify a long-
bond, short-equity position, as the trading signal’s reliability remains unclear. Chen et al.
(2023) highlights opposing return forecasts for stocks and bonds based on the debt-equity
spread, though their analysis focuses on separatemarkets and leaves open questions about
timing and hedging effectiveness. This paper advances the discussion by evaluating the
practical hedging performance of the models, specifically its effectiveness in reducing risk,
improving the information ratio, and guiding timely hedge adjustments.

Previous work evaluated hedge accuracy by comparing empirical debt-equity sensi-
tivities with the hedge ratio implied by Merton (1974), beginning with Schaefer and Stre-
bulaev (2008) and followed, for example, by Bao and Hou (2017), Choi and Kim (2018),
Huang et al. (2020), and Huang and Shi (2021). Using two debiasing techniques, delta-
hedging reduces portfolio risk by 45.71% in a long-short bond strategy, increasing the in-
formation ratio from 2.52 to 2.95 under monthly rebalancing based on one-month-ahead
unlevered return forecasts. These findings show that although the hedge ratio proposed
by Schaefer and Strebulaev (2008) is highly effective, it must be applied with careful at-
tention to biases in structural models, leverage risk, and associated structural risks beyond
the underlying risk. To the best of my knowledge, this paper provides the first systematic
demonstration of how hedge ratios derived from these structural models can be utilized
in a stock–bond arbitrage framework to enhance the information ratio.

This paper also examines the corporate bond market through the lens of two existing
research areas. First, it relates to research examining the effects of interest rates on credit
spreads (e.g., Duffee (1998); Collin-Dufresn et al. (2001); Faulkender (2005); Gilchrist and
Zakrajšek (2012); Choi and Kronlund (2018); Kuong et al. (2024); Li (2024); van Binsber-
gen et al. (2025)). Second, it relates to studies on how credit risk influences the credit
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spreads (e.g., Huang and Huang (2012); Friewald et al. (2012)). This paper shifts the
focus to how pricing error measurements contribute to constructing portfolios with sta-
ble duration and credit characteristics across time. Wu and Zaman (2024) adjusts errors
using local fitting, which partially reduces the standard deviation of the portfolio. Their
approach addresses structural risks by examining average values in quantiles 1 and 5. This
paper adopts a fundamentally different approach by introducing rank-based randomness,
which enhances consistency with structural risks over time and significantly reduces vari-
ance, cutting the standard deviation of long-short positions by approximately 50% com-
pared to portfolios in quantiles 1 and 5. This suggests that substantial structural risks are
effectively hedged.

Building on these insights, this paper proposes that even a simplemodel, such asMer-
ton (1974), can achieve strong performance in capital structure arbitrage by employing two
debiasing techniques, potentially offering a potential resolution to the credit spread puzzle
from an investment perspective. However, my results highlight several puzzles for practi-
cal application in investment. When constructing portfolio quintiles, the findings suggest
that convergence signals are stronger for the highest quintile, which exhibits higher pos-
itive returns, while signals for the lowest quintile are weaker, with small absolute values
that are either positive or negative. We would expect a higher negative return for a long
position in the lowest quintile. This presents a puzzle. It not only dampens the perfor-
mance of capital structure arbitrage but also raises questions about whether the valuation
is inadequate for structural models when applied to firms with negative pricing errors, or
whether short-selling constraints (e.g., Miller (1977); Duffie et al. (2002); Hong and Stein
(2003); Vayanos and Weill (2008); Gromb and Vayanos (2010); Asquith et al. (2013); Bai
and Collin-Dufresne (2019); Hendershott et al. (2020); Atmaz et al. (2024)), which limit
the ability to correct overpricing.

Another key puzzle relates tomarket integration (e.g., Chen and Knez (1995); Duarte
et al. (2007); Schaefer and Strebulaev (2008); Lin et al. (2011); Kapadia and Pu (2012);
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Friewald et al. (2014); Chordia et al. (2017); Choi and Kim (2018); Chen et al. (2018); Ma
(2019); Sandulescu (2022); Kelly et al. (2023); Chen et al. (2023); Collin-Dufresne et al.
(2024)). The results in this paper indicate that delta-hedging enables significant risk re-
duction and a high information ratio in a long-short bond portfolio by exploiting a robust
measure of mispricing. This suggests that convergence signals in market-level relative val-
uation (Bharath and Shumway (2008); Bai andWu (2016); Wu and Zaman (2024)) emerge
quickly, while firm-level relative valuation between equity and bond markets (Ma (2019);
Chen et al. (2023)) also adjusts rapidly, albeit only temporarily over a short horizon. Con-
sequently, arbitrage opportunities remain limited due to imperfect and asymmetric signals
of market integration (Sandulescu (2022)). Despite these constraints, the arbitrage strat-
egy remains highly effective.

It is important to distinguish these limited arbitrage opportunities from the concept
of limits-to-arbitrage. The latter refers to frictions, such as slow-moving capital (Duffie
(2010)), that slow the market reaction to arbitrage opportunities, as discussed in the lit-
erature (e.g., Shleifer and Vishny (1997); Xiong (2001); Abreu and Brunnermeier (2002);
Brunnermeier and Pedersen (2009); Gromb and Vayanos (2010); Kapadia and Pu (2012);
Cao andHan (2013); He and Krishnamurthy (2013); Brunnermeier and Sannikov (2014)).
There is a puzzle in understandingwhether the limited arbitrage opportunities are primar-
ily from inefficiencies in information transmission between the stock and bond markets
or from model inaccuracies, given that hedging with the underlying stock can effectively
reduce the risk of the bond portfolio. Pursuing better resolutions to these puzzles is im-
portant, as it may lead to improved performance and more effective hedging strategies.

3 Model implementation
3.1 Merton (1974)’s valuation and hedge ratio

InMerton (1974), it is assumed that the total asset value (A) of a firm evolves according to a
geometric Brownianmotion, characterized by an instantaneous asset return volatility (σA).
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Furthermore, it is assumed that the firm has zero-coupon debt, with a promised payment
of (D) at maturity (T). The equity (E) of the firm is conceptualized as a European call
option on the firm’s asset value, maturing simultaneously with the debt, and with a strike
price equivalent to the face value of the firm’s debt. The firm defaults if its asset value falls
below the face value of the debt at maturity.

I can establish the following pair of equations that connect the firm’s equity value and
equity return volatility to its asset value and asset return volatility at time t as follows:

E = AN(d1)−De−rτN(d2) (1)

σE = (A/E)σAN(d1) (2)
where

τ = T − t, L = De−rτ/A, d1 = −ln(L)/(σA

√
τ) + 0.5σA

√
τ , d2 = d1 − σA

√
τ ,

and r denotes the risk-free rate. I use the 1-month Treasury rate for r, as the focus is on
cross-sectional differences between firms.11

This paper conducts the analysis in yield space, while preserving the term structure
effect in the cross-section. There are two main reasons for this choice. First, maintaining
the variation in maturities allows for meaningful comparisons across firms, where longer-
dated bonds generally carry higher risk due to greater exposure to interest rate and credit
risk. Second, rather than matching each bond with a maturity-matched Treasury to com-
pute spreads, I control for interest rate risk by constructing duration-matched portfolios.
Tomaintain consistency with the terminology commonly used in credit risk models, I con-
tinue to use the term "credit spread" throughout the paper.

Equation (1) is the European call option valuation formula and links the firm’smarket
capitalization to the value of the option. For Equation (2), I follow the method of Jones
et al. (1984) and Bakshi et al. (2022) which uses the Itô formula to link the asset volatility
to equity volatility. Starting with an initial guess on asset value and asset return volatility,

11Alternative choices for r have negligible effects on cross-sectional performance. Bai and Wu (2016) use a
zero interest rate for cross-sectional analysis.
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I set the initial value of asset value as the sum of market capitalization and total book
value of debt. The initial asset volatility is set as equity return volatility multiplied by
the ratio of market capitalization to the initial asset value, i.e., σA = σE(E/A). Then, I
transfer Equation (1) and (2) to the following equations: (1)D1[A, σA] = −E+A[N(d1)−

LN(d2)] and (2) D2[A, σA] = −σE + (A/E)σAN(d1). The next step is to recover A and
σA by minimizing the objective function: f = minA, σA

{
[D1(A, σA)]

2 + [D2(A, σA)]
2} . The

primary objective of this estimation process, using these inputs, is to understand how the
equity market conveys credit information and to compare relative valuations between the
equity and bond markets. Next, I use the parameters to calculate the default probability,
credit spread, and hedge ratio for each firm on a monthly basis.

The credit spread implied by the Merton model can be expressed as:
csMCSB(A, σA, D, t, T, r) = −ln([N(d2) + (1/L)N(−d1)])

)
/τ (3)

csMCSC(A, σA, D, t, T, r, R) = −ln (1−QMerton(A, σA, D, t, T, r)
)
(1−R) /τ, (4)

Equation (3) provides a literal formulation of Merton’s Credit Spread, derived from its
market Bond value (B), termed MCSB. Equation (4) offers an alternative approach by
computing the survival probability (i.e., one minus the Merton’s default probability,
QMerton(A, σA, D, t, T, r) = N(−d1)) by assuming a constant hazard rate within the fairCDS
spread framework, incorporating a recovery rate R, termedMCSC.12

For Merton’s hedge ratio, I directly use ∂B/∂A because the underlying asset of the
bond—modeled as a covered option (asset minus equity)—is the total asset value rather
than just equity. Thus, unlike Schaefer and Strebulaev (2008), I adopt the following hedge
ratios with respect to asset value:

hMHRB
B (A, σA, B,D, t, T, r) = 1−N(d1), (5)

hMHRC
B (A, σA, B,D, t, T, r, R) = B(1−R)ϕ(−d1)

/(
(1−N(−d1))σAA

√
τ
)
, (6)

where ϕ is the probability density function of the standard normal distribution. Equa-
tion (5) represents the literal formulation of Merton’s Hedge Ratio with respect to asset

12Bai and Wu (2016), Feldhütter and Schaefer (2018), and Bai et al. (2020) use this CDS framework.
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value, derived by differentiating the market value of the Bond, termed MHRB. Equation
(6) provides an alternative hedge ratio by decomposing ∂B/∂A as (∂B/∂CS)(∂CS/∂A) =

(∂B/∂CS1)(∂CS2/∂A), where CS1 is the literal credit spread given in Equation (3) and
CS2 is the credit spread from the CDS setting given in Equation (4), termedMHRC.

Intuitively, in the literal Merton model, information about asset value and debt is re-
flected twice in the market values of bond and equity, once through the payoff and once
through the default probability. This setup helps reduce redundancy in representing asset
value and debt. Several studies (e.g., Blanco et al. (2005); Longstaff et al. (2005); Ericsson
et al. (2009); Bai andWu (2016); Bai andCollin-Dufresne (2019); Bai et al. (2020)) use CDS
spreads, which tend to yield relatively clean measures of credit risk. This paper focuses
on corporate bond yields and highlights how the CDS-based model can offer more pre-
cise signals for valuation and hedging, providing new insights distinct from the existing
literature.

3.2 Debiasing in time-series and cross-sectional analysis

In this paper, I use two sources of information to assess relative credit risk rankings: com-
panies’ accounting data within structural models and actual yields in corporate bondmar-
ket. Structuralmodels estimate firm-specific default probabilities andmodel-implied credit
spreads based on accounting variables such as leverage, maturity, and asset volatility.
These measures offer a theoretical perspective on credit risk rankings. Meanwhile, in the
corporate bond market, investors trade bonds based on their risk perceptions, which are
reflected in actual yields. By comparing these two rankings, I evaluate howwell structural
models align with the risk perceptions of market participants.

3.2.1 Debiasing in cross-sectional credit spreads

Directly subtracting the model-implied spread from the actual spread does not fully cap-
ture the mispricing opportunities discussed in Section 5.1, highlighting the need for a re-
fined error adjustment. However, identifying a more effective error measure remains a
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challenge. Given that actual spreads often exceed model-implied spreads, particularly for
high-yield firms, it is essential to refine the model to mitigate bias and account for scale
differences.

Ideally, errors should be random, diverse, and independent of firm characteristics.
To achieve this, I transform the raw values into ranks at time t, evaluating companies’
credit risk based on their relative positions cross-sectionally. Higher credit spreads (both
actual and model-implied) correspond to higher numerical ranks, with rank 1 indicating
the lowest credit spreads. The rank error is defined as the rank difference:

d = rank(ln(Actual Credit Spread))− rank(ln(Model-Implied Credit Spread)), (7)
where I examine ln(Model-Implied Credit Spread)with andwithout time-series debiasing
in Sections 5.2.1 and 5.2.2. This is a cross-sectional comparison, and since both the actual
and model spreads are adjusted by the same Treasury rate, the comparison takes place in
yield space. For both actual and model-implied credit spreads, I apply a shifted approach
by subtracting the minimum values to ensure they are non-negative, allowing the use of
the logarithm. Since the analysis focuses on ranking, this helps retain the data and does
not affect the results.

Rank difference resembles linear fitting but with constraints: a zero intercept and a
unit slope along a 45-degree line, potentially correcting for bias and scale, addressing the
nonlinear relationship between actual andmodel spreads. This method identifies mispric-
ing opportunities based on rank differences. I standardize the rank error by demeaning
and dividing by its standard deviation:

εRankError = (d−mean(d))/std(d). (8)
A positive rank error in higher quintiles suggests underpricing, indicating a long position,
while a negative rank error in lower quintiles signals overpricing, suggesting a need to
sell. Using these signals, I construct bond portfolios using εRankError at time t and assess
their monthly returns from t to t+ 1.

The key implications of cross-sectional debiasing using rank difference are as follows.
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Without rank difference, high-yield firms tend to concentrate in the highest quintile be-
cause their actual credit spreads are relative high. Although their model-implied spreads
are also high, the magnitude of pricing error is larger than for investment-grade firms.
Rank difference reduces the impact of scale, mitigating this issue. Additionally, since the
intercept is zero, no systematic bias remains. This added randomness in quintile portfolios
enhances their ability to hedge structural risks through long-short positioning.

3.2.2 Debiasing in time-series and cross-sectional credit spreads

For each firm, I perform a simple time-series linear regression over a six-month window13

to correct for time-series bias in the model, using the historical actual credit spread. The
time-series debiasing model is specified as:

ln(Actual Credit Spread)t−1 to t−s−1,i

= at−1,i + bt−1,i · ln(Model-Implied Credit Spread)t−1 to t−s−1,i + et−1 to t−s−1,i,

where s denotes the time interval and i is the firm index. Using the estimated parameters
â and b̂ at time t− 1, I compute the model’s time-series debiased prediction for t as

ât−1,i + b̂t−1,i · ln(Model-Implied Credit Spread)t,i. (9)
This prediction is then compared to the actual credit spread at t using a debiased cross-
sectional approach to determine the rank error, as discussed in Section 3.2.1.

The following are key implications for firm-specific time-series debiasing. Firms vary
in their debt capacity and equity issuance. Investment-grade firms tend to have lower
credit risk, but they can issue significant amounts of debt to support operations, which
may lead to an overestimation of their credit risk when using a structural model based
on accounting information. In contrast, high-yield firms have less flexibility in adjusting
their debt and equity, making structural modelsmore accurate in assessing their credit risk
rankings. To address these discrepancies, I incorporate market perspectives, specifically,
actual bond yields, to refine credit risk assessments, allowing market signals to inform

13I also experimented with other time horizons, including one quarter, one year, and two years, but the
results did not improve.
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credit risk rankings.
Time-series debiasing adjusts firms to their appropriate credit ranking, improving

comparability. For instance, a structuralmodelmightmisclassify an investment-grade firm
with high debt issuance as having elevated credit risk. However, time-series debiasing
corrects this distortion using market signals, allowing a fairer comparison with similar
firms. If historical credit spreads and model-implied rankings align, the model may not
improve credit risk mispricing detection. But if discrepancies exist, they indicate that the
market and model offer different insights, potentially enhancing mispricing identification.

Cross-sectional debiasing based on rank differences helpsmitigate both bias and scale
distortions. However, due to inherent limitations in structural models, time-series debias-
ing is essential for aligning each firmwith its appropriate credit ranking. By first correcting
for time-series bias, firms can be properly ranked, enabling more accurate cross-sectional
adjustments. The rank error is defined as the difference in ranks:

d = rank(ln(Actual Credit Spread))

− rank(ln(Time-Series Debiased Model-Implied Credit Spread)). (10)
The purpose of Sections 3.2.1 and 3.2.2 is to address the limitations of the model.

Next, the discussion returns to the model to explore how to implement capital structure
arbitrage, as Merton (1974) assumes that equity is a call option and bonds are covered
options. This implies that hedging against the underlying asset should eliminate most of
risk. The question arises: how can this be effectively implemented?

3.3 Capital structure arbitrage performance evaluation

The idea of capital structure arbitrage is to go long (short) on corporate bonds and short
(long) stocks. This approach is similar to delta-hedging an option where the underlying
asset is a stock. In the absence of significant arbitrage limits, dynamically hedging a call
option with the underlying stock should eliminate most of the risk. The concept follows
a similar logic: since a firm’s equity functions as a European call option, and its bonds

18



represent a covered option on the firm’s assets minus equity, the hedge must account for
the firm’s total asset value rather than just its equity. Therefore, I hedge both equity and
bond positions relative to the firm’s total asset value.

To implement a delta hedge on equity, I hold one unit of equity and short delta units
of the asset (1×E − delta×A), where delta is ∂E/∂A. The resulting delta-hedged equity
return is ∂E/A−delta×∂A/A, where ∂E/A represents the unlevered equity return. Similarly,
the delta-hedged bond return is ∂B/A − (1 − delta) × ∂A/A, where ∂B/A represents the
unlevered bond return.

The scaling is based on the total firm value, allowing us to assess the true economic
exposure of equity without the distortion caused by leverage. Leverage significantly am-
plifies equity volatility, as shown by Choi and Richardson (2016). Furthermore, Doshi
et al. (2019) show that unlevered returns do not exhibit the nonlinear patterns found in
levered returns, and that the volatility puzzle identified byAng et al. (2006) applies only to
levered returns. This distinction matters because pricing errors are used to predict future
price convergence, making it essential to isolate the effects of leverage. If leverage effects
are not isolated, these predictions can be misleading. In other words, understanding the
pure exposure to asset value (unlevered return) helps avoid confusing leverage-driven
fluctuations. Therefore, leverage not only influences portfolio volatility and hedging effec-
tiveness, but also the comparison of investment strategies.

Under the framework of Modigliani and Miller (1958), the asset value is determined
by the total value of financial assets, indicating that firms with identical fundamentals but
differing capital structures can have the same asset value. To compute the asset return
∂A/A, I begin by calculating the firm’s market valueA as the sum of the market capitaliza-
tion and themarket value of debt.14 Themarket value of debt is the total debtmultiplied by
the weighted average bond price per dollar of notional value, denoted B. I use the market
value of total debt instead of just bonds, based on the assumption that investors price all

14Choi and Richardson (2016) estimate the return on a firm’s assets using a similar approach, but with three
components: equity, bond, and loan.
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of a firm’s liabilities according to its overall credit risk, which is reflected in the prices of
its tradable bonds.

Next, I convert the levered equity return ∂E/E to the unlevered equity return, ∂E/A =

levered equity return × E/A. I use the market values of debt and equity from the data
to compute the unlevered return. While one could use values estimated from structural
models, this approach may introduce estimation errors, as highlighted by Doshi et al.
(2019). Similarly, the levered bond return ∂B/B is converted to the unlevered bond re-
turn, ∂B/A = levered bond return× B/A. Therefore, the asset return is given by ∂A/A =

∂E/A+ ∂B/A.
The hedged return for equity is calculated as ∂E/A−delta×∂A/Awhich simplifies to

(1−delta)× ∂E/A−delta× ∂B/A. To evaluate the delta-hedging performance for equity,
I compare ∂E/A with (1 − delta) × ∂E/A − delta × ∂B/A. Similarly, for delta-hedging
performance on bonds, I compare ∂B/Awith delta× ∂B/A− (1− delta)× ∂E/A.15 Here,
the hedge ratio differs from that in Schaefer and Strebulaev (2008), adopting the leverage-
based formulation (∂B/∂E)(E/B) = (1/(∂E/∂A) − 1)(E/B). This paper does not adopt
this leverage-based hedge ratio and instead directly uses unlevered returns with delta to
assess hedging effectiveness.

In the implementation, I calculate the portfolio returns using theweights of themarket
value of equity and debt relative to themarket value of the total asset at time t. Specifically,
I use the ratios E/A and B/A to assign weights to the stock and bond positions, which
allows for a value-weighted approach to the portfolio. The returns are then calculated for
the one-month period from t to t + 1, considering the stock and bond performance over
that time. With these adjustments, the criteria for evaluating capital structure arbitrage

15This paper focuses on structural models that allow for a closed-form expression of the hedge ratio. While
Chen et al. (2023) shows that the extended CreditGrades model effectively captures the valuation gap be-
tween debt and equity, it lacks a closed-form hedge ratio, making it less suitable for share management
in hedging strategies. In contrast, this paper employs the Merton and Leland-Toft models, which provide
closed-form hedge ratios, enabling clearer implementation and more robust hedging performance. More-
over, while Chen et al. (2023) emphasizes the information content of spread errors for insiders, this paper
concentrates on practical portfolio construction for bond managers in hedge funds.
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performance are now defined, and the next step is to implement strategies that minimize
risk by identifying mispricing and applying hedging techniques to achieve arbitrage.

The primary challenge is identifying mispriced bonds to inform buy or sell decisions,
as well as determining the optimal timing for hedging against risks arising from fluctua-
tions in asset values. In corporate bond pricing structural models, market capitalization
is used to compute a firm-specific relative valuation, which helps determine whether a
bond is underpriced or overpriced relative to the company’s stock price. When making
buy or sell decisions based on this valuation, a delta hedge with the stock is required, as
the bond’s valuation is assessed in relation to that of the corresponding equity.

I present an illustrative example. Let’s consider the convergence between market and
model-implied bond prices. Suppose the market price of a corporate bond is Bmarket = 92

while the model-implied bond price, derived from the stock, isBmodel = 95. Due to market
inefficiencies, the market price is expected to converge toward the model-implied value; in
this example, it partially converges to Bnew = 94.

A deviation where Bmodel is higher than Bmarket indicates that the stock is overvalued
relative to the bond. Suppose the stock price adjusts downward by ∆E = −20. The corre-
sponding change in the bond price can be calculated using the Merton model’s delta. Let
the bond delta with respect to assets be ∂B/∂A = 0.1which implies an equity delta of 0.9.
The bond price change due to underlying risk is 0.9×∆B = 0.1× (−20) ⇒ ∆B = −20/9 ≈

−2.22. This illustrates that bond prices are sensitive to stock movements — though in re-
ality, the sensitivity may not always be strong.

From a mispricing perspective, buying the bond at Bmarket = 92 would suggest a
potential gain of 94 − 92 = 2 as it moves toward the model-implied convergence price.
However, due to the underlying risk — the sensitivity of the bond to changes in total
firm assets — the bond actually loses about 2.22, resulting in a net unhedged outcome
of 2− 2.22 ≈ −0.22, a loss despite the apparent mispricing.

To mitigate this risk, one can hedge by buying the bond and simultaneously shorting

21



the stock. Since the bond and stock are linked through the firm’s total assets, shorting the
stock offsets the impact of underlying asset fluctuations on the bond price. In this example,
the stock falls by 20, producing a profit of 2.22 from the short position, which exactly offsets
the bond’s loss due to underlying risk. After accounting for the hedge, the total profit
equals the expected mispricing gain of 2. By hedging the stock exposure, an investor can
capture the mispricing safely, effectively isolating the profit opportunity from asset-driven
risk. This is a concrete example of capital-structure arbitrage, where the combination of
positions in stock and bond exploits pricing deviationswhile controlling for the underlying
risk embedded in the firm’s assets.

This approach differs with the issue surrounding the credit spread puzzle, where the
objective is to identify factors that explain the gap between observed and model-implied
spreads. The focus here is on identifying instances of over- or under-valuation and detect-
ing convergence signals between stock and bond prices. The signal for this relative valua-
tion may be weak, reducing the necessity of trading and hedging these bonds with stocks.
Thus, it is important to assesswhether a significant signal exists between them. Given the com-
petitive nature of corporate bond markets, particularly in credit ranking, a more effective
approach may be to identify overvalued or undervalued bonds using market-level relative
valuation, comparing them across firms cross-sectionally. Subsequent hedgingwith stocks
can then be used to evaluate the robustness of this strategy.

Once mispricing and hedging are identified, the next step is portfolio construction,
which involves analyzing how pricing errors influence expected excess returns and risk
(covariance). I use a mean-variance optimization approach, as proposed by Markowitz
(1952), where portfolio weights are determined by the ratio of mean excess returns to co-
variance. However, a key question arises: how does themodel’s pricing error translate into
forecasts of mean excess returns and covariance?

While pricing errors can help predict excess returns, their relationship with covari-
ance is less straightforward. To improve portfolio performance, one approach is to increase
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the diversity of assets within each quintile, reducing variance and enhancing overall re-
turns. Assets with lower covariance should be given greater weight in the portfolio. This
can be achieved by allowing themodel’s pricing errors to vary randomlywithin each quin-
tile and adjustingweights based on unlevered returns. Specifically, I do not assign different
weights based on the size of pricing errors; however, using unlevered returns still results
in assets receiving different cross-sectional weights for a capital-structure-neutralmeasure.

Since firms vary in size and leverage, comparing raw, levered bond returns across
firms can be misleading, as it may increase the portfolio’s exposure to leverage risk.16 By
scaling ∂B by the firm’s total assets, summarized market values of equity and debt, I nor-
malize bond price movements with respect to firm size. This adjusted measure indicates
howmuch firm-specific risk bondholders are exposed to per dollar of assets. This normal-
ization is particularly valuable for cross-sectional comparisons and portfolio construction,
as it ensures more consistent evaluation regardless of a firm’s capital structure.

Additionally, the unlevered bond return is multiplied by delta, which can be inter-
preted as the survival probability. A higher delta indicates lower default risk, often associ-
ated with larger firms and lower volatility. For example, bonds with a higher market value
relative to their assets and a higher delta should receive more weight, while those with a
lower market value and/or lower delta should receive less. Firms with a higher bond mar-
ket value and lower default risk, typically large firms with lower volatility, tend to have
lower covariance with other firms, making them more attractive for investment. There-
fore, delta-hedging unlevered returns not only facilitate effective hedging but also help
allocate appropriate weights within portfolio quintiles, improving overall performance.

Given the need for precise valuation and hedging techniques, as well as a robust strat-
egy for portfolio construction, an effective capital-structure arbitragemodel should exhibit
the following criteria:

16Choi and Richardson (2016) indicates that financial leverage amplifies equity volatility and that captur-
ing the nonlinear relationship between leverage and stock returns is challenging. Similarly, higher leverage
increases bond volatility by heightening default risk, making bond prices more sensitive to fluctuations in
asset values (e.g., Collin-Dufresn et al. (2001)).
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(1) Evaluation Criterion 1 [Unpredictability of Pricing Errors]: The pricing errors
are not aligned with the bond yield ranking, which is usually influenced by credit ratings,
maturity, and volatility. Typically, bonds with lower credit ratings, longer maturities, and
greater volatility tend to have higher yields. However, the pricing errors should behave
differently: they vary randomly and are not linked to these factors. This unpredictability
in pricing errors means that mispricing cannot be forecasted based on the bond’s credit
rating, maturity, or volatility. The randomness in mispricing introduces greater diversity
into the portfolio, reducing concentration risk by allowing a broader range of assets to be
included.

If pricing errors were aligned with bond yield rankings, risk could become concen-
trated in specific quintiles. For example, high-yield firms typically exhibit both higher
actual credit spreads and higher model-implied credit spreads. However, their pricing er-
rors are also larger. To mitigate scale effects and enhance randomness, adjusting for rank
differences is crucial. Otherwise, reliance on pricing errors may disproportionately place
high-yield firms in the highest quintile, reducing diversification.

(2) Evaluation Criterion 2 [Consistent Risk Exposure Across Portfolios]: Due to
(1), portfolios constructed from pricing errors should differ significantly from portfolios
constructed from bond yields. Sorting bonds by bond yields results in portfolios sensitive
to duration and rating that introduce specific risks. Section 5.1 shows thatwhile high yields
are associated with higher returns, they also exhibit greater volatility. In contrast, sorting
bonds based on pricing errors from awell-specifiedmodel should produce portfolios with
similar risk exposures across quintiles—such as comparable ratings and durations—since
variations in these characteristics correspond to different levels of risk exposure. For ex-
ample, low-rated (high-yield) firms face greater credit risk compared to investment-grade
firms. Accordingly, one objective is to enhance long–short portfolios by mitigating struc-
tural risks, such as interest rate fluctuations, that also affect corporate bond prices and
yields. Consistent risk exposure across quintiles suggests that each quintile comprises a

24



more balanced mix of firms with diverse risk profiles.
Without consistent risk exposure, high-yield firmsmay become concentrated in quin-

tile 5, while investment-grade firms predominantly occupy quintile 1. Interest rate move-
ments generally exert a stronger influence on quintile 1 and a weaker effect on quintile
5, introducing substantial interest rate risk into the long–short portfolio. In times of eco-
nomic downturn, interest rate fluctuations may have a more pronounced effect on high-
yield firms. Thus, substantial interest rate risk persists in the portfolio, regardless of the
circumstances. By constructing a long-short bond portfolio with consistent risk exposure,
one of the goals is to hedge against interest rate risk, eliminating the need for separate
hedging tools like interest rate swaps. The long-short position itself directlymanages these
structural risks and allows us to focus on the impact of asset value fluctuations.

(3) Evaluation Criterion 3 [Hedging Effects of Stock Price Dependence]: From (2),
maintaining consistent risk exposure allows us to account for structural risks while focus-
ing on firm-specific risks. In Merton’s framework, asset value underlies both equity and
bond, representing a combination of equity and bond. If bond valuation is highly sensitive
to stock prices, hedging with stocks significantly impacts the portfolio. Conversely, if this
relationship is weak, stock-based hedging has minimal effect.

This paper examines mispricing to evaluate signals of market convergence. If actual
credit spreads are much higher than model-implied spreads derived from equity market
information, it suggests that bond prices are undervalued while stock prices are relatively
high. This mispricing signals a trading opportunity, going long on bonds and short on
stocks, which also provides insight into firm-level valuation convergence. While this strat-
egy helps address firm-specific risks from stock fluctuations, additional risks must be con-
sidered to improve hedging effectiveness. Consequently, (1) and (2) are essential for mit-
igating the structural risks that affect firms.

These three criteria are vital for formulating a strong capital structure arbitrage strat-
egy using long-short bond portfolios. Prior to presenting the results, I will first describe
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the inputs that are linked to the models.

4 Data
4.1 Sample construction

In this paper, I analyze data from the following sources: the Center for Research in Security
Prices (CRSP) for daily andmonthly stock returns, Compustat for quarterly fundamentals,
the Wharton Research Data Services (WRDS) Bond Database for monthly bond returns,
and the Mergent Fixed Income Securities Database (FISD) for corporate bond characteris-
tics.

I use theWRDS Bond CRSP Link Table to merge data from theWRDS Bond Database
with CRSP. Then, I merge the firm’s fundamental financial information fromCompustat to
the CRSP dataset using the CRSP/Compustat Link Table and assume that the fundamental
statement information becomes available two months after the end of the firm’s financial
quarter.

I filter the bonddata following the criteria in Bessembinder et al. (2009) andDickerson
et al. (2023). Eligible stocks must be listed on the NYSE, AMEX, or NASDAQ exchanges,
with share prices of at least $5. I include only U.S. common stocks. Eligible bonds must be
listed or traded in the U.S. public market, excluding those issued through private place-
ments, under the 144A rule, Yankee bonds, non-U.S. dollar bonds, asset-backed bonds, and
convertible bonds. Bondsmust fall into one of three categories: U.S. Corporate Debentures
("CDEB"), U.S. Corporate Medium Term Notes ("CMTN"), or U.S. Corporate MTN Zero
("CMTZ"), with either fixed or zero coupons. I exclude bonds with a time-to-maturity of
less than 12 months or more than 30 years, prices outside the range of $1 to $1,000, and
insufficient trading information to calculate next-month returns.

For investment analysis, excluding bonds without transaction prices, and therefore
no observable return in the following month, raises concerns about forward-looking bias.
In practice, investors often contact dealers directly or obtain indicative prices from vendors
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to estimate valuations. However, for simplicity, this paper excludes these bonds from the
sample. The holding of illiquid bonds may pose an inventory risk, but there are strategies
to manage it. Since many corporate bonds trade on the over-the-counter market, investors
can directly contact dealers or institutional investors to findpotential counterparties. These
private negotiations often facilitate trades even when a bond is not actively quoted on the
screen. Additionally, the structure of the U.S. corporate bond market has evolved signif-
icantly. The global financial crisis of 2008–2009 acted as a catalyst for the adoption of
electronic trading platforms, as market participants sought greater transparency and ef-
ficiency. This shift accelerated during the COVID-19 pandemic in 2020, when remote work
increased the demand for digitized trading workflows.

Since the Merton model lacks the features necessary to generate precise pricing im-
plications for individual bonds and can only provide a rough estimate of a firm’s credit
risk, I primarily aggregate bond-level monthly return, yield, coupon, credit rating, matu-
rity, and duration to the firm-level using weighted averages based on the total face value
of each bond outstanding (e.g., Ma (2019)). The Merton model is then used to calculate
the firm-level default probability, credit spread, and hedging ratio.

For this firm-level data, the final sample consists of 149,538 firm-month observations
for 1,374 issuing companies, spanning from July 2002 to December 2021. The number of
firms per month in my sample ranges from 461 to 720, with an average of 615.38. Table
1 presents summary statistics based on time-series averages of the cross-sectional distri-
bution, providing a comprehensive overview of the data’s key characteristics. The table
reports the cross-sectional mean (Mean), standard deviation (SD), percentiles (1, 25, 50,
75, and 90), skewness, and excess kurtosis, offering insights into the distribution’s shape
and variability.

[Insert Table 1 here]
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4.2 Bias onset and inputs in structural models

For Equation (1) and (2), the involved variables are: asset value (A), asset return volatil-
ity (σA), equity value (E), equity return volatility (σE), the face value of the firm’s debt
(D), debt maturity (T), and interest rate (r). The variables of asset value and asset re-
turn volatility require estimation using equations (1) and (2). However, the remaining
variables can be directly tied to available data:

• Equity value (E): I calculate equity value from monthly market capitalization using
the CRSP database by multiplying the monthly stock price (PRC) by the number of
outstanding shares (SHROUT).

• Equity return volatility (σE): I calculate one-year realized daily stock return volatility
using data from CRSP.

• Total debt (D): I use the quarterly total liabilities of a firm (LTQ) from Compustat.

• Debt maturity (T): I use the time-to-maturity (TMT) for each bond from the WRDS
Bond Database. This is aggregated to the firm level using bond outstanding weights.

• Interest rate (r): I employ the 1-month treasury rate (DGS1MO) sourced from the Fed-
eral Reserve Economic Data.

• Recovery rate (R): I fine-tuned this hyperparameter by testing various values from
a predefined range to compare the CDS-based model’s performance.

Structural models, such as the Merton and Leland-Toft models, use a firm’s capital struc-
ture, maturity, asset return volatility, default barrier, and coupon rate to estimate default
probabilities, credit spreads, and hedging ratios. These models cannot differentiate be-
tween a firm’s credit rating when firms share similar input values. As shown in Figure
1, for the top 20% of the spreads (higher credit risk category), there is a clear discrep-
ancy between the model and the actual results. The model categorizes a large number of
investment-grade firms in this group. In contrast, for the bottom 20% of the spreads (lower
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credit risk category), no significant differences are observed. This highlights that models
treat firms with varying actual creditworthiness as having similar credit risk, which can
lead to significant biases, especially for investment-grade firms. Consequently, it is nec-
essary to apply the approach described in Section 3.2.2 to recalibrate firms with biased
rankings to more accurate positions.

[Insert Figure 1 here]

Figure 2 further illustrates the implications of time-series debiasing, using Centex
Corporation—an example of a firm with BB-BBB range credit ratings. The figure shows
trends for four specific months: February 2006, May 2007, April 2008, and May 2009. For
each of these months, a time-series regression is conducted using data from the previous
six months. The regression estimates the intercept and slope, which are then used to pre-
dict the credit spread for the following month. The predicted credit spread from model is
compared to the actual spread to assess the model’s accuracy.

In February 2006, the time-series trend moves from the top-right to the bottom-left.
Without time-series debiasing, the model’s predicted spread deviates significantly from
the actual spread. However, when time-series debiasing is applied, the predicted spread
aligns more closely with the actual observed spread, capturing the underlying trend accu-
rately. This shows that time-series debiasing improves the comparability of model spreads
with actual spreads. The debiased model spreads for May 2007, April 2008 and May 2009
also show significantly improved accuracy relative to the actual spreads, highlighting the
consistent effectiveness of the time-series debiasing approach.

[Insert Figure 2 here]

Figure 3 illustrates the rank correlations between actual credit spreads and those pre-
dicted by the literal Merton model setting using Equation (3), as well as the time-series
debiased model using Equation (9). The rank correlation between the actual spreads and
the original model’s predicted spreads, which averages 66.4%. The rank correlation be-
tween the actual spreads and the time-series debiased model’s predicted spreads, which
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averages 89.34%. The high average rank correlation does not contradict the findings of Ka-
padia and Pu (2012), which report low correlation between credit and equity markets due
to limits-to-arbitrage and market segmentation. These limits prevent arbitrageurs from
fully eliminating pricing anomalies. In my results, the rank correlation is high but still
below one, indicating that such limits persist. However, the time-series debiasing process
improves the model by adjusting firms, particularly investment-grade firms, to more ac-
curate positions for comparing their credit risk, resulting in a higher correlation with the
actual spreads.

Notably, the corporate bond market ranking adjusts quickly when the rank drops to
lower values. For instance, the rank correlation for the red line dropped below 60% during
the 2008 financial crisis, but later rebounded to 70-80% and eventually approached 90%.
After the 2008 crisis and before the 2020 COVID pandemic, the rank correlation remained
above 90%, even reaching 95%. This suggests that credit rankings are a robust character-
istic, even in the face of major macroeconomic disruptions. The rank correlation cannot
reach one, indicating that some firms are mispriced, which results in incorrect rankings if
the model is accurate and the market is not. We expect these mispriced firms to gradually
move toward their correct positions over time. A high correlation, such as 90%, suggests
that only a few firms remain misranked, while a low correlation, such as 70%, indicates
that more firms may still be misranked. This raises the questions: will all firms eventu-
ally converge to the positions predicted by the model? Do lower rank correlations indicate
weaker convergence signals? I further explore these issues through empirical investment
analysis in Section 5.

[Insert Figure 3 here]
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5 Empirical analysis
5.1 The influence of abnormal yields in portfolio construction

In this section, I first summarize the behavior of abnormal bond yields (e.g., Bessembinder
et al. (2009)). Corporate bond returns exhibit predictable patterns, primarily driven by
default risk, duration risk, and liquidity—factors that are reflected in credit spreads. As
shown in Table 2, the first column lists quintile bond portfolios with long positions based
on the actual credit spreads. The data reveal that as the actual spreads increase from quin-
tiles 1 to 5, the monthly returns of the portfolio also increase. This trend highlights a key
characteristic of bondyields: higher yields—driven by greater credit risk and/or longer du-
ration—tend to generate higher future returns but also lead to increased portfolio volatility.
This suggests that investors demand higher risk premiums for bearing an increased risk of
credit and duration, as shown in Wu and Zaman (2024). The need for compensation for
these risks has a significant impact on portfolio construction.

The second column shows the model-implied credit spreads based on the Merton
model. Portfolio returns across different quintiles differwhenusingmodel-implied spreads
compared to actual spreads. Themean return of the long-short portfolio is 0.34withmodel
spreads, compared to 0.58 with actual spreads.17 However, the standard deviation of the
long-short portfolio is lower with model spreads (1.11) than with actual spreads (1.39).
This suggests that the model can reduce certain aspects of portfolio volatility. However,
the model spread also follows a similar pattern to the actual spread.

To reduce portfolio volatility related to actual spreadswhilemaintainingperformance,
I use the standard approach of calculating the raw spread error (εSpread), defined as the dif-
ference between the actual spread and the model spread, as

εSpread = Actual Credit Spread−Model Credit Spread.
in the third column. This method also aims to identify mispricing opportunities. Specifi-
cally, a spread error in higher quintiles suggests underpricing, while a spread error in lower

17All portfolio constructions are evaluated using unlevered returns.
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quintiles indicates overpricing, signaling that bonds should be bought or sold accordingly.
As shown in column three, spread error does not significantly improve portfolio perfor-
mance. It only slightly reduces volatility in higher quintiles. However, in lower quintiles,
such as quintile 1, portfolio volatility actually increases, with a standard deviation of 0.74
compared to 0.43 with actual spreads.

The key issue here is related to the well-known credit risk puzzle, where actual credit
spreads are significantly higher than those implied by models. As shown in the last col-
umn, the spread error is 0.47 in quintile 1. However, the model-implied spread is 2.16,
exceeding the 0.33 observed in quintile 2.18 Based on the behavior of abnormal yields, tak-
ing long positions in these bonds generates higher returns and volatility. This contradicts
the expectation that higher returns should come from shorting these bonds.

As discussed in Section 3.3, the pricing error must satisfy the criteria for effective cap-
ital structure arbitrage. The "Mean Error" column consistently increases from quintiles 2
to 5, and similarly, the "Model Mean" column rises over the same range. This suggests
that the pricing errors are not random but are instead influenced by credit risk character-
istics. This is further confirmed by the increase in the "Actual Mean" values from quintiles
1 to 5. The standard deviations of the portfolio increase from quintiles 2 to 5, with the
value reaching 1.25 in quintile 5, indicating inconsistent risk exposure between portfolios.
Consequently, using this pricing error directly does not constitute an effective arbitrage
strategy, as a long-short bond portfolio based on this error generates a standard deviation
of 0.89, which is higher than the 0.74 observed in quintile 1.

In other words, the spread error suffers from both bias and scale issues. This makes
strategies based on quintiles 1 to 5 potentially ineffective. To address these issues, improv-
ing the measurement of spread error by considering rank differences can help adjust for
these biases and scale problems.

18Table 3 of Chen et al. (2023) presents similar results, showing that actual and model spreads exhibit a
U-shape across spread quintiles.
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[Insert Table 2 here]

5.2 Bias correction and scale adjustment

Since directly subtracting the model spread from the actual spread fails to capture mis-
pricing opportunities, especially in the lower quintiles, it is crucial to find an approach to
identify a better error measure. Because actual spreads are typically higher than model
spreads, the primary concern is that cross-sectional fitting is heavily influenced by bias
and scale. Addressing these issues requires a careful adjustment strategy.

5.2.1 Empirical analysis of debiasing in cross-sectional credit spreads

The first approach is to convert the values into ranks, i.e., evaluating companies’ credit
risk based on their relative rankings. I interpret the rank error in Equation (8) as a pricing
error, calculated using the rank difference defined in Equation (7).

After correcting for cross-sectional bias and scale issues, portfolio performance based
on pricing errors improves when sorted from quintile 1 to 5. As shown in the "Unhedged"
(∂B/A) column of Panel A in Table 3, the standard deviation of the long-short (5-1) po-
sition decreases from 0.89 for spread error to 0.49 for rank error, while the information
ratio rises from 1.23 to 1.89. Additionally, the model spread exhibits an asymmetric U-
shape across quintiles 1 to 5, with values of 0.72, 1.09, 1.59, 0.33, and 0.11. However, the
high average actual spread of 4.71 in quintile 5 creates a squeeze, amplifying risk. This
misalignment between model and actual spreads across quintiles 1 to 5 suggests that rank
error nearly meets the first criterion, unpredictability of pricing errors, for effective capital
structure arbitrage, compared to raw spread error.

The portfolio standard deviations—0.63, 0.74, 0.93, 0.82, and 0.85 for quintiles 1 to
5—are more consistent than those of spread error (0.74, 0.62, 0.73, 0.86, 1.25). Implement-
ing a long-short strategy reduces standard deviation to 0.49, which is lower than that of
quintiles 1 and 5. This represents a risk reduction of approximately 40% compared to quin-
tile 1 and 67% compared to quintile 5. By implementing the long-short delta-hedging bond
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portfolio on all firms using Equation (5), the hedge ratio from the Merton model reduces
the portfolio standard deviation from 0.49 to 0.45, resulting in a variance reduction of ap-
proximately 15.66% as shown in the "Hedged" (delta×∂B/A−(1−delta)×∂E/A)) column
of Panel A. Additionally, the information ratio increases from 1.89 to 2.06, suggesting the
effectiveness of this hedge ratio. This indicates that rank error meets the third criterion for
a good capital structure arbitrage.

To satisfy the second criterion, the portfolio should consist of diverse firms with vary-
ing risk characteristics for maintaining consistent risk exposure across quintiles. Panel
A appears to achieve this more effectively than the raw spread error approach. In the
"Hedged" column, the standard deviation is 0.50 in quintile 1 and 0.71 in quintile 5, with
the long-short portfolio showing a standard deviation of 0.45. This suggests that cross-
sectional debiasing can help mitigate partial exposure to structural risks.

The main reason is model bias: high-rated firms are misclassified into higher ranks
due to elevated model-implied credit spreads, while low-rated firms are misclassified into
lower ranks. As a result, using rank differences places low-rated (high-rated) firms into
higher (lower) quintiles, increasing the standard deviation in higher quintiles and result-
ing in inconsistent risk profiles across quintiles. Section 5.2.2 later introduces time-series
debiasing, which helps correct model biases, improves firm ranking accuracy, and ensures
more consistent portfolio risk exposures.

Now, let’s focus on investment-grade andhigh-yield firms to examinewhether there is
a difference. As shown in the "Unhedged" column of Panel B, the standard deviation of the
long-short (5-1) position decreases from 0.70 for spread error to 0.38 for rank error, while
the information ratio increases from 1.67 to 1.94. Additionally, model-implied spreads de-
crease from quintiles 1 to 5, whereas actual spreads exhibit the opposite pattern, increasing
from quintiles 1 to 5. This misalignment suggests that rank error nearly satisfies the first
criterion for effective capital structure arbitrage. The portfolio standard deviations—0.60,
0.62, 0.72, 0.75, and 0.78 for quintiles 1 to 5—are more consistent than those of spread error
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(0.48, 0.55, 0.68, 0.78, 1.05). Implementing a long-short strategy further reduces standard
deviation to 0.38, which is lower than that of quintiles 1 and 5, demonstrating its effective-
ness in managing structural risks. This supports the conclusion that rank error also nearly
meets the second criterion for successful capital structure arbitrage. While the hedge ratio
is effective, it reduces portfolio risk by only about 5.19% for investment-grade firms.

As shown in the "Unhedged" column of Panel C, the standard deviation of the long-
short (5-1) position decreases from 1.11 for spread error to 0.89 for rank error, while the
information ratio increases from 0.92 to 1.78. Additionally, model-implied spreads follow
a random pattern from quintiles 1 to 5, while actual spreads increase. This misalignment
suggests that rank error nearly meets the first criterion for effective capital structure ar-
bitrage. However, the portfolio standard deviations—0.87, 1.14, 1.52, 1.19, and 1.47 for
quintiles 1 to 5—are not more consistent than those of spread error (1.44, 0.97, 0.95, 1.01,
1.83). Implementing a long-short strategy reduces the standard deviation to 0.89, which
is higher than that of quintile 1 but lower than that of quintile 5. As previously discussed,
satisfying the second criterion requires diverse firm representation in each quintile. Since
high-yield firms appear in all quintiles, they remain exposed to structural risks affecting
the entire high-yield segment. This suggests that rank error for high-yield firms does not
meet the second criterion for successful capital structure arbitrage. However, it reduces
portfolio risk by approximately 48.29%, indicating that cross-sectional debiasing alone is
more effective at hedging underlying risk for high-yield firms.

[Insert Table 3 here]

From the discussions on investment-grade and high-yield firms, constructing a strong
capital structure arbitrage bond portfolio requires a diverse set of firmswith varying credit
characteristics in each quintile. Without this diversity, the strategy becomes less effective,
as delta-hedging performance weakens for investment-grade firms, and high-yield firms
are more easily influenced by structural risks.

Furthermore, Panel A in Figure 4 shows that while the average durations (measured
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in years) have similar overall means, they are not consistently aligned throughout the pe-
riod. As a result, the long-short portfolio fails to fully neutralize the impact of interest rate
risk. Panel B indicates that firms with higher credit risk are concentrated in the quintile 5
portfolio, while those with lower credit risk are concentrated in quintile 1. This explains
why the quintile 5 portfolio has a higher standard deviation (0.85) compared to quintile
1 (0.63) when unhedged. Even after hedging, this discrepancy persists. Therefore, using
only the rank-difference method to measure error is not enough to satisfy the second cri-
terion. This limitation further reduces hedging effectiveness, as it leaves structural risks
unaddressed.

[Insert Figure 4 here]

5.2.2 Empirical analysis of debiasing in time-series and cross-sectional credit spreads

In this section, I address firm-specific bias by applying the method discussed in Section
3.2.2. After applying time-series debiasing to each firm, I recalculate the rank differences
and use the resulting rank errors to identify mispricing opportunities, as shown in Equa-
tion (10).

In Panel A of Table 4, time-series debiasing reduces the risk in the long-short bond
portfolio from 0.49 (with only cross-sectional debiasing) to 0.38, while the information ra-
tio increases from 1.89 to 2.52. I then apply delta-hedging, which lowers the portfolio’s
standard deviation from 0.38 to 0.28, achieving a 45.71% reduction in variance. The infor-
mation ratio improves further, rising from 2.52 to 2.95. Notably, in quintile 5, the average
actual (model) spread is 3.90 (0.67), lower than the 4.19 (0.73) in quintile 4. Quintile 5
is not the one with the highest spread, yet its portfolio returns are higher: 0.33 for "Un-
hedged" and 0.25 for "Hedged," exceeding the corresponding returns of 0.27 and 0.18 in
quintile 4. The portfolio standard deviations are lower as well—0.78 for "Unhedged" and
0.62 for "Hedged," compared to 0.86 and 0.67 in quintile 4, respectively. These results sug-
gest that the approach can enhance returns while reducing risk.

36



Furthermore, the portfolio standarddeviations in the "Unhedged" and "Hedged" columns
exhibit greater consistency. In the "Hedged" column, the long-short delta-hedged bond
portfolio reduces the standard deviation by approximately 74.08% in quintile 1 (from 0.55
to 0.28) and by approximately 79.60% in quintile 5 (from 0.62 to 0.28). This suggests that
debiasing time-series credit spreads improves both the effectiveness of long-short strate-
gies in managing structural risks and the precision of delta-hedging in controlling under-
lying risk. While delta-hedging alone still reduces risk, it delivers lower information ratios
without long-short positioning. This underscores the importance of accounting for struc-
tural risks when applying delta-hedging in structural models.

Panels C and D of Figure 4 further support this finding by showing smaller gaps
between duration and credit rating in quintiles 1 and 5, contributing to the portfolio’s
stable standard deviation, which improves further with delta-hedging. Applying both
cross-sectional and time-series debiasing aligns the pricing error with the second criterion,
strengthening hedging effectiveness.

During the period fromMarch 2020 to early 2021, bond portfolios in quintile 5 showed
an average duration about two years longer than those in quintile 1, suggesting persistent
interest rate exposure in the long-short portfolio. Since such gaps are rare outside this
period, the anomaly may serve as a reference point for investors assessing interest rate
risk.

In Panels B and C of Table 4, the hedge ratio exhibits a more effective pattern com-
pared to the results in Panels B and C of Table 3. It reduces long-short portfolio risk by ap-
proximately 40.49% for investment-grade firms and by about 43.75% for high-yield firms.
This suggests that combined time-series and cross-sectional debiasing are highly effective
at hedging underlying risk for both investment-grade and high-yield firms. This method
reduces the risk from 0.89 (spread error) to 0.28, achieving a variance reduction of approx-
imately 90% in these two valuation approaches.

In Panel B, the long-short delta-hedged bond portfolio for investment-grade firms re-
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duces standard deviation by approximately 74.05% in quintile 1 (from 0.53 to 0.27) and
79.06% in quintile 5 (from 0.59 to 0.27). In Panel C, for high-yield firms, the standard de-
viation is reduced by approximately 51.60% in quintile 1 (from 0.69 to 0.48) and 71.56% in
quintile 5 (from 0.90 to 0.48). These results suggest that the delta-hedged, long-short strat-
egy—especially when combined with time-series debiasing—successfully removes a large
portion of the structural risks in corporate bond returns. In simpler terms, this method
allows us to focus on excess returns that are not driven by known structural risks.

As discussed in Section 3.3, the pricing error meets the criteria for effective capital
structure arbitrage. In the first column of the "Pure Model" in Panel A, the average model-
implied credit spreads increase from quintiles 1 to 3 and then decline in quintile 5. A
similar pattern is observed in the average actual credit spreads. In contrast, the "Debiasing
Model" shows no clear trend, suggesting randomness. These patterns support the first cri-
terion for pricing error. In the "Unhedged" column, portfolio standard deviations increase
from 0.65 in quintile 1 to 0.95 in quintile 3, then decline to 0.86 in quintile 4 and 0.78 in
quintile 5. This indicates not only more consistent risk exposure across portfolios for satis-
fying the second criterion but also a reduced level of riskwhen underpricing opportunities
appear in quintile 5.

[Insert Table 4 here]

Although rank correlations dropped to between 0.5 and 0.8 during the 2008 financial
crisis, as shown in Figure 3, Panel B of Figure 5 demonstrates that long-short bond port-
folios still generated positive returns, suggesting that the signal for market bond yields
converging to model predictions remained strong. In contrast, during the 2020 COVID-
19 pandemic, the rank correlation fell below 70%, accompanied by negative portfolio re-
turns, a pattern distinct from the 2008 financial crisis. While the rank correlation quickly
rebounded to 90% with positive portfolio returns, the sharp negative returns during the
pandemic raise an important question: What external risks were reflected in the portfolio despite

hedging?
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A high rank correlation does not necessarily indicate a strong convergence signal,
highlighting the importance for investors to closely monitor market dynamics and govern-
ment interventions. For example, while the rank correlation exceeded 90% in February
2020, the monthly unlevered return of the long-short bond portfolio dropped below −1%
between February and March 2020. Although the portfolio returns rebounded quickly
in the following months, this sharp decline illustrates that a high rank correlation alone
cannot fully capture sudden market disruptions.

In response to the financial turmoil caused by the COVID-19 pandemic, the Federal
Reserve announced the establishment of the Secondary Market Corporate Credit Facility
(SMCCF) on March 23, 2020, to stabilize the corporate bond market and ensure liquidity
(e.g., Li and Ringgenberg (2024)).19 By June 2020, the SMCCF began actively purchasing
a diversified portfolio of corporate bonds, helping to restore market confidence and im-
prove credit availability for large investors. Despite these stabilizing efforts, the increased
intervention also led to heightened portfolio volatility, reflecting the complex interplay be-
tween market dynamics and policy execution. As noted in Crouzet and Tourre (2021),
such credit interventions can be counterproductive during downturns by exacerbating
debt overhang and dampening long-term investment. In contrast, the results presented
here suggest that the SMCCF may have promoted greater alignment in market-implied
credit rankings and facilitated value convergence. Consequently, this policymay offer ben-
efits to value-oriented investors.

In addition, effective capital structure arbitrage requires neutralizing structural risks
and implementing delta-hedging, both of which involve substantial shorting of bonds and
stocks. This underscores how short-selling restrictions (e.g., Bris et al. (2007); Beber and
Pagano (2013); Grullon et al. (2015); Goyal et al. (2025)) may impair bond managers’
ability to manage both underlying and structural risk exposures.

Overall, Panel B of Figure 5, which employs both cross-sectional and time-series de-

19See: https://www.federalreserve.gov/monetarypolicy/smccf.htm
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biasing techniques, indicates that, over the 231-month period from September 2002 to De-
cember 2021, negative returns occurred in only 25 months following hedging, and their
magnitudes were relatively modest.20 By contrast, Panel A, which employs only cross-
sectional debiasing, exhibits more frequent negative returns and less effective hedging.
Collectively, these results suggest the presence of a low-risk arbitrage opportunity once
key risks are effectively controlled, although such opportunities are inherently limited, as
delta-hedging does not invariably enhance portfolio returns and may, in some instances,
merely yield breakeven outcomes.

Moreover, hedging with stocks is especially effective when the long-short bond port-
folio experiences negative returns. In such periods, losses in the bond portfolio can be
partially offset by gains in stocks, reducing overall portfolio losses. Even when bonds are
undervalued, the total market value of assets may still decline, particularly during crises,
often driven by falling stock prices. This highlights the importance of including stocks
in the hedging strategy. The resulting counterbalancing effect helps stabilize returns and
enhances the effectiveness of hedging during adverse bond market conditions.

[Insert Figure 5 here]

Liquidity in corporate bond markets has been shown to significantly impact credit
spreads and, consequently, the speed and extent of convergence signals.21 This effect does
not notably reduce investment performance across all firms in the sample. An interesting
question arises: do bonds with higher or lower liquidity generate greater profits for investors?

On the one hand, higher liquidity allows for easier and faster trading, but it may limit
value-investing opportunities because bond prices tend to adjust quickly to reflect their

20These findings differ from those reported in Chen et al. (2023)’s Figure 2, which documents a pronounced
decline in both stock and bond portfolios during the 2008 financial crisis. A possible explanation is that the
combined debiasing approach mitigates both credit and duration risks, which the spread error alone cannot
fully neutralize over extended periods.
21See, for example, Chen et al. (2007); Covitz and Downing (2007); Brunnermeier and Pedersen (2009);
Lagos and Rocheteau (2009); Bao et al. (2011); Lin et al. (2011); Friewald et al. (2012); Dick-Nielsen et al.
(2012); He and Xiong (2012); Acharya et al. (2013); He and Milbradt (2014); Bessembinder et al. (2018);
Chen et al. (2018); Goldstein and Hotchkiss (2020); Goldberg and Nozawa (2021); Huang et al. (2023).
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fair value. This rapid convergence can reduce the potential to earn excess returns through
mispricing. On the other hand, lower liquidity might offer more pricing inefficiencies, and
thus greater opportunities for value investing. However, it also introduces higher trading
risks, such as wider bid-ask spreads or difficulty in executing large trades.

To examine this trade-off between liquidity and profitability, I assume that the bond
manager’s trading behavior is guided by the amount of bonds outstanding, which serves
as a proxy for market liquidity (e.g., Longstaff et al. (2005)). Specifically, I assume that the
bondmanager uses the cross-sectionalmedian of bonds outstanding to form two strategies:
one based on firms with above-median bond issuance (higher liquidity) and the other on
firms with below-median issuance (lower liquidity).

[Insert Table 5 here]

The results are shown in Table 5. Panel A reports results for bond portfolios con-
structed from firms with above-median bond amounts outstanding. The long-short strat-
egy in the "Hedged" column yields an information ratio of only 1.38, significantly lower
than the 3.64 observed in Panel B, which is based on firms with lower liquidity. This sug-
gests that higher liquidity corresponds to a more efficient market, where prices quickly in-
corporate available information. As a result, value-investing strategies based on monthly
rebalancing have less opportunity to earn excess returns becausemispricings are corrected
faster. In contrast, lower liquiditymarkets tend to be less efficient, with slower price adjust-
ments andmore persistent pricing anomalies, which can create greater profit opportunities
for value investors. The rank correlations remain high in both cases—87.13% for high-
liquidity firms and 89.13% for low-liquidity firms—indicating consistent signal rankings.
However, the strategy is less profitable in high-liquidity environments. In short, liquid-
ity improves price efficiency, which can reduce the profitability of value-based strategies;
however, delta-hedging remains effective for both types of liquidity-based strategies, indi-
cating that the two debiasing techniques continue to be robust tools for identifying mis-
pricing, regardless of liquidity conditions. The findings also align with previous research
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suggesting that investors require a liquidity premium to hold illiquid securities (Amihud
and Mendelson (1986)). In both unhedged and hedged strategies, bond portfolios with
lower liquidity generate higher excess returns than high-liquidity portfolios in quantiles 3,
4, and 5.

Motivated by the limits-to-arbitrage literature, pricing discrepancies are expected to
persist but gradually decline over longer horizons, reflecting slowprice convergence caused
by frictions and arbitrage constraints. By constructing a pricing error that satisfies three key
criteria for capital structure arbitrage, I form long-short bond portfolios with relatively low
risk. To assess the consistency of this strategywith the literature, I examine holding period
returns across different horizons (Jegadeesh and Titman (1993)). Table 6 analyzes portfo-
lio holding returns from two to eight months to evaluate whether arbitrage opportunities
persist and if effective hedging remains viable over longer periods. Specifically, portfolios
are constructed each month but held for k months, where k ranges from 2 to 8. Reported
returns are the average monthly returns over the holding period. The results show that
delta-hedging in long-short bond portfolios effectively reduces risk and improves the in-
formation ratio for holding periods of two to seven months. These findings suggest that
arbitrage opportunities persist for up to seven months and that delta-hedging remains ef-
fective for longer holding periods once structural risks are addressed. The results also
indicate continued convergence in relative valuations at both the market and firm levels
over longer horizons.

[Insert Table 6 here]

To test the robustness of these findings, I develop a trading strategy where long-
short bond portfolios are held for a maximum of six months, with positions maintained
if monthly returns remain negative. In Figure 6, the hedged portfolios achieve an infor-
mation ratio of 3.67, up from 3.10 without hedging, while the portfolio standard deviation
falls from 0.34 to 0.23, a 54.24% reduction in variance. Across 231 trading months, only
9 show negative returns, all with small magnitudes, indicating that the strategy operates
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as a near-risk-free arbitrage by exploiting pricing errors through hedging. These results
highlight the persistence of valuation convergence or divergence between the bond and
stock markets.

[Insert Figure 6 here]

5.3 Debiasing in time-series and cross-sectional analysis of twisted credit

spreads and hedge ratios

In the previous section, I focus on using the literal version of the Merton model for credit
spreads and hedge ratios. Although the results show strong performance for bond portfo-
lios, these settings present an issue: asset value and debt are included twice in the formu-
las. The hedge ratio for a bond measures how changes in the asset value relate to changes
in the bond value. Including both asset and debt information introduces complexity.

In this section, I relax this assumption and use a CDS-based framework to adjust the
credit spread and the hedge ratio, as outlined in Section 3.1. I use Equation (4) for the
credit spread, and Equation (6) for the hedge ratio. Compared to the literal setting, these
formulas introduce an additional parameter, R, the recovery rate. I explore the impact of
different recovery rates (R = 0.5, 0.6, 0.7, 0.8) in Table 7.22

[Insert Table 7 here]

Panel A of Table 7 shows that for all firms, the model with R = 0.7 performs best,
achieving an information ratio of 3.01, compared to 2.95 in the literal setting. The portfolio
standard deviation decreases from 0.28 to 0.24, representing a 26.53% reduction in vari-
ance. Comparing the hedged portfolio with the unhedged one, we observe a 60.11% re-
duction in variance, outperforming the 45.71% risk reduction observed in the literal setting.

22The use of a fixed 40% recovery rate has become a standard simplification in the CDS literature (e.g., Bai
andWu (2016); Huang et al. (2020)). Some papers (e.g., Feldhütter and Schaefer (2018); Bai et al. (2020)) in-
stead use 37.8%, reflectingMoody’s average historical recovery rate. This paper takes an investment-oriented
approach by selecting the recovery rate that achieves the best performance in valuation and hedging, rather
than relying on historical averages.
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Since the valuation performance is similar to the literal setting, this variance reduction is
primarily driven by the CDS-based hedge ratio. This suggests that the CDS-based hedge
ratio provides more precise information for effective hedging. However, cross-sectional
debiasing alone does not improve performance in this CDS-based framework. In contrast,
combining cross-sectional and time-series debiasing further reduces risk, underscoring the
critical role of time-series debiasing in improving hedging precision.

In Panel B, for investment-grade firms, R = 0.8 yields the best performance, increas-
ing the information ratio from 2.62 in the literal setting to 2.95. The portfolio’s standard
deviation decreases from 0.27 to 0.22, corresponding to a 33.61% reduction in variance.
The long-short delta-hedged bond portfolio further reduces standard deviation by approx-
imately 81.39% in quintile 1 (from 0.51 to 0.22) and 84.00% in quintile 5 (from 0.55 to 0.22),
suggesting that the CDS-based setting offers more consistent risk exposure across quan-
tiles and more effective neutralization of structural risks.

Without time-series debiasing, CDS-based models may fail to reduce risk and can
even increase it, leading to lower information ratios. This reinforces the importance of
time series debiasing in improving valuation accuracy and hedging effectiveness, espe-
cially for investment-grade firms. One reason is the volatility of accounting-based inputs.
By applying time-series debiasing with historical actual spreads, we can more accurately
rank credit risk and improve hedging performance. This approach is particularly effective
in CDS-based settings, where it offers an advantage over the literal model by reducing the
reliance on noisy information.

Panel C examines high-yield firms and finds that the model with R = 0.7 performs
best, increasing the information ratio from 2.24 (in the literal setting) to 2.50. The portfolio
standard deviation decreases from 0.48 to 0.43, a 19.74% reduction. The long-short delta-
hedged bond portfolio further cuts standard deviation by approximately 65.30% in quintile
1 (from 0.73 to 0.43) and 77.67% in quintile 5 (from 0.91 to 0.43). This suggests that CDS-
based models offer slightly better protection against structural risks for high-yield firms
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compared to literal models.
Unlike investment-gradefirms,where accounting informationmaymisrepresent credit

risk and rankings, high-yield firms benefit more from cross-sectional debiasing, as their
accounting inputs better reflect actual rankings. As a result, hedging is more effective.
Nevertheless, combining cross-sectional and time-series debiasing still further enhances
the model’s ability to detect mispricing and improve hedging performance for high-yield
firms.

Overall, the findings show that CDS-basedmodels aremore effective than literalmod-
els at controlling structural risks and lowering portfolio risk through delta-hedging. Mod-
els without time-series debiasing may fall short, especially for firms with biased account-
ingmeasures. Combining both debiasing techniques improves performance further. These
findings highlight the importance of less noisy model signals for effective delta-hedging,
as they reduce noise in the connection between the stock and bond markets and improve
the measurement of price sensitivity.

5.4 Robustness check using various structural models

In this paper, I focus on addressing the bias and scale issues in the Merton model when
applied to capital structure arbitrage. Over the past five decades, structural models have
evolved significantly. Prominent extensions, including Black and Cox (1976) and Leland
and Toft (1996), build on Merton (1974)’s framework. These models aim to better capture
corporate policies related to default triggers before maturity, and coupon payments, in
order to obtain a more accurate fundamental valuation. An interesting question that nat-
urally follows is: To what extent do these additional features help mitigate, or possibly influence,

the bias observed in the original Merton framework?

This section examines a version of the Leland-Toft model, which extends Black-Cox
model with a constant proportional default barrier23 and by incorporating continuous

23See Feldhütter and Schaefer (2018), Bai et al. (2020), and Feldhütter and Schaefer (2023)
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coupon payments.24 The goal is to assesswhether thesemodifications improve relative val-
uation performance for cross-sectional ranking and strengthen convergence signals. Fol-
lowing Merton, I derive both the literal and CDS-based settings for Leland-Toft’s credit
spreads and hedge ratios as shown in Appendix 7.1.

Figure 7 compares the rank correlation between the Merton and Leland-Toft mod-
els. Panel A shows that the rank correlations in the literal Leland-Toft settings are lower
than in the Merton model (66.32%) when using default boundaries at d of 0.1 (56.75%),
0.3 (56.79%), 0.5 (56.77%), and 0.7 (56.43%) on average. Panel B demonstrates the rank
correlation between time-series debiased literal model-implied credit spreads and actual
spreads. The rank correlations approach the Merton model (88.86%) when using default
boundaries at d of 0.1 (88.26%), 0.3 (88.26%), 0.5 (88.21%), and 0.7 (88.21%) on average.
This suggests that imposing a fixed default boundary and continuous coupon payments
in the literal setting does not significantly reduce bias, yielding results similar to those of
the Merton model. A fixed default barrier may be too strong an assumption, as firms have
dynamic default boundaries influenced by various factors over time.

Panel C shows that the rank correlations in the CDS-based Leland-Toft settings with
R of 0.7 are lower than in the Merton model when using default boundaries at d of 0.7
(64.99%), 0.8 (65.17%), 0.9 (65.09%), and 1.0 (52.84%) on average. Notably, the rank cor-
relations for d of 0.9 can exceed those of the Merton model on certain dates, suggesting
that reducing redundant information may help the Leland-Toft model better capture rel-
ative rankings. Panel D demonstrates the rank correlation between time-series debiased
CDS-based credit spreads and actual spreads. The rank correlations remain very close to
the Merton model when using default boundaries at d of 0.7 (88.73%), 0.8 (88.72%), 0.9
(88.82%), and 1.0 (88.91%) on average. This suggests that imposing a fixed default bound-
ary and continuous coupon payments in the CDS-based setting still does not significantly

24I do not include settings for the tax rate and payout ratio because key extensions—a default barrier before
maturity and continuous coupon payments—tend to lead to weaker performance, particularly in hedging,
relative to the Merton model.
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reduce bias. Although the averages are slightly higher than in the literal settings, the dif-
ference is minimal. These results indicate that modifications to default boundaries and
coupon payments have limited effects in addressing these biases.

[Insert Figure 7 here]

Although the rank correlations are lower than in the Merton model, convergence sig-
nals might be stronger, as adding these two factors may enhance relative valuations cross-
sectionally. Table 8 demonstrates the performance of bond portfolios with cross-sectional
debiasing and combined cross-sectional and time-series debiasing in both literal and CDS-
based settings. Panel A shows that, for cross-sectional debiasing alone, the literal setting
of the Leland-Toft model exhibits the worst performance, with information ratios of 1.55
for d at 0.01, 1.55 for d at 0.1, and 1.52 for d at 0.3, compared to the Merton model’s 1.89.

For combined debiasing, it also shows worse performance, with information ratios
of 2.18 for d at 0.01, 2.1 for d at 0.1, and 2.1 for d at 0.3, compared to the Merton model’s
2.52. The portfolio standard deviations are also higher than those of the Merton model,
indicating that the literal setting of Leland-Toft does not provide a better valuation. In-
stead, these adjustments disrupt the relative ranking convergence signals. Consequently,
the delta-hedging performances in Panel B worsen as the default barriers increase.

Panel C shows that, for cross-sectional debiasing alone, the CDS-based Leland-Toft
model with R at 0.7 exhibits worse performance, with information ratios of 1.64 for d at
0.7, 1.76 for d at 0.8, and 1.87 for d at 0.9, compared to the Merton model’s 1.99 with R at
0.7. Notably, their portfolio standard deviations are quite close, with the Merton model
having 0.45 and 0.48 for d at 0.7, 0.45 for d at 0.8, and 0.40 for d at 0.9.

For combined debiasing, it also shows worse performance, with information ratios of
2.24 for d at 0.7, 2.39 for d at 0.8, and 2.38 for d at 0.9, compared to the Merton model’s 3.01
with R at 0.7. The portfolio standard deviations are also higher than those of the Merton
model, indicating that the CDS-based Leland-Toft model still does not provide a better
valuation after time-series debiasing. The delta-hedging performances in Panel D seem to
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effectively reduce portfolio risk; however, the risks remain higher than those of theMerton
model.

[Insert Table 8 here]

Although structural models incorporate default boundaries and coupon payment as-
sumptions to capture corporate policies, they are limited in explaining relative valuation
and improving convergence signals. These models do not have significant abilities to ad-
dress bias and still require time-series debiasing. Therefore, bias persists in these models,
and the Merton model appears to perform the best compared to the Leland-Toft models
with different default barriers, regardless ofwhether literal orCDS-based settings are used.

6 Conclusion

This paper evaluates the empirical investment performance of corporate bondpricing struc-
tural models. Although thesemodels provide a theoretically sound framework for valuing
corporate bonds and estimating default probabilities, credit spreads, and hedging ratios,
their practical application, especially for hedging, is limited by persistent biases. These
biases, driven by the financial constraints of the firms and the assumptions of the model,
lead to a misclassification of credit risk, particularly among investment-grade firms.

To address these limitations, I propose twodebiasing approaches using cross-sectional
and time-series adjustments. Cross-sectional debiasing corrects for bias and scale issues in
relative rankings, while time-series debiasing uses six-month rolling regressions to align
model-implied spreads with actual credit spreads. In essence, this approach integrates
investors’ risk perceptions in corporate bond markets to refine model-implied spread pre-
dictions, producing more accurate market-level credit risk rankings. Together, these ad-
justments improve the rank correlation between actual and model-implied credit spreads
to an average of 89%, suggesting that structural models remain effective in capturing rela-
tive valuations between firms and in identifying potential mispricing.
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Beyond model biases, corporate bond markets are also influenced by structural risks.
Effective portfolio construction for capital structure arbitrage requires three key criteria:
(1) unpredictable pricing errors, (2) consistent risk exposure across portfolio quintiles,
and (3) an effective hedging mechanism using stock. The first two criteria aim to neutral-
ize structural risk exposures, while the third functions as a delta-hedging strategy against
underlying exposures when bond prices are sensitive to stock price movements. The re-
sults suggest that delta-hedging the underlying risk alone is not sufficient to improve the
information ratio. However, it serves as a first step towardmore effective protection against
structural risks. By combining delta-hedging with long-short positions to neutralize struc-
tural risks, the overall hedging strategy becomes more effective, resulting in a significantly
higher information ratio. Thus, these three criteria are inherently interconnected.

Using only cross-sectional debiasing, the pricing error reduces portfolio risk by 16%
in a long-short delta-hedged bond portfolio. When based on both cross-sectional and time-
series debiasing, the pricing error more effectively neutralizes structural risks for most of
the sample period, achieving a 46% risk reduction. Compared to the standalone long and
short positions, the strategy cuts risk by over 70%. It achieves an annualized information
ratio of 2.95 approaching a low-risk arbitrage over a 20-year horizon. From September 2002
to December 2021, the hedged portfolio experienced negative returns in only 25 months,
and those losses were relatively small, underscoring the strategy’s stability despite some
residual risks.

Using the twistedCDS-basedmodel setup further improves the hedgingperformance,
reducing the risk by approximately 60% compared to an unhedged portfolio. This demon-
strates the model’s ability to extract cleaner signals to measure sensitivity between stock
and bondprices through the twodebiasing techniques, whereas relying solely on the cross-
sectional approach can amplify flawed hedging inferences. The Leland-Toft model, in its
literal setting, leads to ineffective hedging strategies. Although the CDS-based Leland-Toft
model with varying default boundaries shows solid performance, the Merton model con-
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sistently outperforms it. This suggests that applying the two debiasing techniques reduces
the differences among structural models.

This paper aims to make three key contributions: (1) It reinterprets the credit spread
puzzle from an investment perspective, showing that model misspecification primarily af-
fects hedging performance rather than valuation alone. (2) The proposed cross-sectional
and time-series debiasing methods offer simple yet powerful tools for improving the em-
pirical accuracy of structural credit models. (3) The results provide actionable guidance
for asset managers on constructing bond portfolios that hedge structural and underlying
risks while maintaining high information ratios. Together, these contributions bridge the
gap between structural credit theory and empirical portfolio management. The findings
provide a new framework for evaluating the real-world utility of credit risk models.

Future research could enhance these debiasing methods by constructing long-short
portfolios with more precise error control to eliminate additional residual structural risks.
It could also focus on developing new structural models that incorporate richer accounting
information to better capture fundamental values, thereby strengthening convergence or
divergence signals at both the market and firm levels after debiasing.
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Figure 1: Distribution of Credit Ratings: Top 20% vs. Bottom 20% Credit Spreads

This figure shows the histograms for the top 20% and bottom 20% of both actual and model-implied credit spreads (based on the literal
setting of the Merton model) as defined in Equation (3). The estimation process for asset value and its volatility follows the formulations
in Equations (1) and (2). The model inputs are outlined in Section (4.2). The x-axis represents the S&P Bond Issue Credit Ratings,
ranging from 1 to 22, as provided in theWRDSBond Returns dataset. A rating of 1 corresponds to the highest credit quality (AAA), while
22 represents the lowest rating (D). Ratings above 11 are classified as investment-grade, while ratings of 11 or below are categorized as
high-yield. The y-axis shows the frequency, or the number of data points, within each rating category, offering insights into the distribution
of credit spreads across different rating classes.
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Figure 2: Forecasting Trends with Time-Series Debiasing

This figure illustrates the trend implications of time-series debiasing, using Centex Corporation
(GVKEY 2845) as an example. The graph shows trends for four specific months: February 2006,
May 2007, April 2008, and May 2009. For each of these months, a time-series regression is con-
ducted based on data from the prior six months. This regression estimates the intercept and slope,
which are used to model-implied credit spread for the following month. The predicted credit spread
from the model is then compared with the actual observed spread for that month to assess the model’s
accuracy. All regressions are carried out in log space.
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Figure 3: Rank Correlation Analysis

This figure presents the rank correlations between the actual credit spreads and two different sets of model spreads: the literal Merton
model setting and its time-series debiased model. The blue dashed line represents the rank correlation between the actual spreads and
the original model spreads, which is 66.4% on average. The red solid line shows the rank correlation between the actual spreads and the
time-series debiased model spreads, which is 89.34%. The time-series debiasing process enhances the model by adjusting firms, especially
investment-grade firms, to more accurate positions for comparing their credit risk, resulting in a higher correlation with the actual spreads.
The data spans from September 2002 to November 2021.
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Figure 4: Comparison of Debiasing Methods on Duration and Credit Rating

This figure presents the average values and 95% confidence intervals for duration and credit rating in quintiles 1 (blue dashed line) and
5 (red solid line) over time. In Panels A and B, the error under cross-sectional debiasing is defined as the rank difference between the
actual credit spreads and the model-implied credit spreads. In Panels C and D, the error under combined cross-sectional and time-series
debiasing is defined as the rank difference between the actual and model-implied spreads after correcting for time-series bias.
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Figure 5: Unlevered Return Analysis of Long-Short Bond Portfolio

This figure illustrates the performance of the long-short bond portfolio under two settings. Panel
A displays the monthly unlevered returns of the unhedged (red solid line) and delta-hedged (blue
dashed line) portfolios using only cross-sectional debiasing. Panel B shows the corresponding re-
turns when both cross-sectional and time-series debiasing are applied.
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Figure 6: Holding Return Analysis of Long-Short Bond Portfolio

This figure illustrates the performance of the long-short bond portfolio for extending the holding period to the next month if monthly
returns are negative, for a maximum of six months. The monthly unlevered returns for the unhedged (red solid line) and delta-hedged
(blue dashed line) portfolios.
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Figure 7: Rank Correlation Analysis: Merton vs. Leland-Toft Models with Varying Default Barriers

This figure compares the rank correlations between actual credit spreads and those predicted by the Merton and Leland-Toft models for different default barrier
settings. For the literal setting, d = 0.1, 0.3, 0.5, 0.7, and for the CDS-based setting (R = 0.7), d = 0.7, 0.8, 0.9, 1.0. Panel A reports the rank correlation between
actual and model-implied credit spreads for the literal models, while Panel B shows the results after applying the time-series debiasing. Panel C presents the rank
correlation for the CDS-based models, and Panel D shows the results with the time-series debiased CDS-based models.
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Table 1: Summary Statistics

Mean SD Percentile Values Tails
1 25 50 75 99 Skewness Kurtosis

A. Data
Excess Stock Returns (%) 14.17 126.38 -306.13 -46.73 12.43 70.87 374.92 2.54 75.96
Excess Bond Returns (%) 5.03 33.82 -80.3 -5.22 4.01 15.1 96.74 3.32 120.58
Stock Trading Price 119.69 2401.2 5.93 23.17 40.05 65.67 423.33 42.76 1903.56
Bond Trading Price 104.28 8.17 77.1 100.6 104.55 108.68 122.6 -0.29 42.8
YTM (%) 5.06 2.77 1.21 3.28 4.76 6.28 13.28 5.87 122.6
1-Month Treasury Rate (%) 1.15 1.47 0.0 0.05 0.26 1.73 5.18 1.39 0.9
Actual Credit Spread (%) 3.92 2.85 0.35 2.18 3.34 5.1 12.75 5.82 114.32
Coupon (%) 5.96 1.76 2.5 4.67 5.92 7.08 10.5 0.33 0.16
Duration 5.58 2.3 1.33 4.02 5.26 6.8 12.29 0.86 1.31
Market Value of Debt ($M) 38,129 167,989 292 2,173 5,960 18,953 734,140 11 147
Market Value of Asset ($M) 61,438 200,047 580 5,176 14,333 43,113 891,136 9 113

B. Inputs for the Merton Model
Total Debt ($M) 36,150 157,984 291 2,110 5,730 17,850 703,677 11 138
MarketCap ($M) 23,309 69,513 202 2,265 6,480 19,034 243,390 17 452
Debt-to-Equity 2.06 4.46 0.1 0.47 0.92 1.88 18.22 18.38 953.52
Bond Maturity (Years) 8.24 4.56 1.55 5.08 7.06 10.43 23.25 1.3 2.11
Stock Volatility (%) 34.18 18.92 13.06 21.9 29.37 40.66 105.56 2.85 18.48

C. Estimations for the Merton Model
Asset ($M) 55,937 179,108 497 4,772 13,438 39,940 790,897 9 113
Asset Volatility (%) 17.58 13.07 2.31 10.06 15.5 21.97 67.16 4.64 58.29

D. Outputs for the Merton Model
Distance to Default, d1 2.34 1.28 0.07 1.55 2.15 2.88 6.60 2.42 40.52
Credit Spread [Literal] (%) 0.77 3.79 0.00 0.01 0.07 0.39 14.04 19.56 657.64
Hedge Ratio [Literal] (%) 5.31 9.40 0.00 0.20 1.57 6.03 47.40 3.43 15.49
Credit Spread [CDS-Based] (%) 0.74 1.91 0.00 0.02 0.17 0.64 8.89 9.06 154.63
Hedge Ratio [CDS-Based] (%) 8.45 25.2 0.00 0.14 1.13 5.11 138.26 6.02 46.99

This table summarizes the time-series averages of the cross-sectional distribution of the data, reporting the cross-
sectional mean (Mean), standard deviation (SD), percentiles, skewness, and excess kurtosis. Panel A displays statis-
tics for the firm-level data sample, including annualized excess stock returns, annualized excess bond returns, stock
trading price, bond trading price, actual yield to maturity (YTM), one-month Treasury rate (from Fed), actual credit
spread, coupon, and duration. The market value of debt (B) is calculated by multiplying the weighted bond price by
the total debt, while the market value of assets is the sum of the market value of debt and market capitalization. These
two variables are used to evaluate capital structure arbitrage performance in Section 3.3. Panel B reports statistics for
the structural model inputs, including total debt (quarterly total liabilities from Compustat), market capitalization
(monthly market capitalization from CRSP, calculated as stock price multiplied by shares outstanding), the debt-to-
market capitalization ratio (debt-to-equity), bond maturity, and the one-year annualized daily stock return volatility
estimator. Panel C shows the estimated asset value and asset return volatility from Equations (1) and (2). Panel
D presents statistics for the model outputs, including distance to default (d1), the model-implied credit spread from
Equation (3), the model-implied hedge ratio from Equation (5), the CDS-based credit spread from Equation (4) as-
suming a recovery rate of R = 0.7, and the CDS-based hedge ratio from Equation (6), also using R = 0.7. Dollar
values ($M) are in millions.
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Table 2: Summary Influences of Abnormal Yields in Portfolio Construction

Actual Spread Model Spread Spread Error
Quintile Mean Rp SD IR Mean Rp SD IR Actual

Mean
Model
Mean

Mean
Error

Rp SD IR

A. All Firms
All 3.90 0.22 0.76 1.02 0.77 0.22 0.76 1.02 3.90 0.77 3.13 0.22 0.76 1.02
1 1.88 0.02 0.43 0.18 0.02 0.08 0.49 0.58 2.63 2.16 0.47 0.18 0.74 0.82
2 2.71 0.10 0.65 0.53 0.07 0.17 0.66 0.89 2.73 0.33 2.41 0.09 0.62 0.50
3 3.40 0.18 0.75 0.81 0.16 0.19 0.75 0.89 3.34 0.32 3.02 0.15 0.73 0.72
4 4.58 0.22 0.88 0.88 0.46 0.26 0.84 1.05 4.39 0.45 3.94 0.21 0.86 0.85
5 6.92 0.60 1.54 1.35 3.11 0.42 1.35 1.08 6.39 0.56 5.83 0.49 1.25 1.36
5-1 0.58 1.39 1.44 0.34 1.11 1.06 0.32 0.89 1.23

B. Investment-Grade Firms
All 2.90 0.15 0.68 0.79 0.25 0.15 0.68 0.79 2.90 0.25 2.65 0.15 0.68 0.79
1 1.70 0.01 0.39 0.12 0.01 0.06 0.43 0.48 1.87 0.51 1.36 0.05 0.48 0.33
2 2.39 0.07 0.56 0.41 0.05 0.14 0.65 0.75 2.39 0.17 2.22 0.07 0.55 0.41
3 2.81 0.12 0.71 0.57 0.10 0.17 0.73 0.79 2.78 0.17 2.62 0.11 0.68 0.57
4 3.27 0.17 0.79 0.76 0.21 0.18 0.77 0.81 3.22 0.18 3.04 0.16 0.78 0.73
5 4.33 0.40 1.10 1.26 0.88 0.22 0.91 0.85 4.23 0.23 4.00 0.38 1.05 1.27
5-1 0.39 0.84 1.59 0.16 0.60 0.94 0.34 0.70 1.67

C. High-Yield Firms
All 5.80 0.37 1.17 1.11 1.75 0.37 1.17 1.11 5.80 1.75 4.06 0.37 1.17 1.11
1 3.79 0.08 0.71 0.40 0.08 0.24 0.82 1.01 5.03 5.09 -0.06 0.40 1.44 0.95
2 4.83 0.17 0.83 0.71 0.31 0.31 0.99 1.09 4.98 1.47 3.51 0.24 0.97 0.86
3 5.44 0.28 0.95 1.00 0.74 0.29 1.09 0.92 5.25 0.85 4.40 0.23 0.95 0.83
4 6.20 0.35 1.33 0.91 1.64 0.39 1.28 1.05 5.78 0.60 5.18 0.31 1.01 1.05
5 8.75 0.99 2.46 1.40 5.94 0.64 2.02 1.10 7.96 0.68 7.28 0.69 1.83 1.30
5-1 0.91 2.08 1.52 0.40 1.51 0.93 0.29 1.11 0.92

This table consists of three columns: quintile bond portfolios based on (1) the actual credit spreads, (2) the model-implied credit spreads from the Merton model
(Model spread), and (3) the difference between the actual and model-implied credit spreads (Spread error). For each portfolio, the table reports the average monthly
excess returns over next month (Rp) in percentage, standard deviation (SD) in percentage, and annualized information ratio (IR). The final column presents the
average values of the actual spread in percentage, model spread in percentage, and spread error in percentage across all quintiles, categorized by spread error.
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Table 3: Bias Correction and Scale Adjustment in Cross-Sectional Structural Model Analysis

Average Unhedged Hedged Variance Reduction Rank Correlation
Quintile Actual Model Pricing Rp SD IR Rp SD IR (%) (%)

Error
A. All Firms

All 0.22 0.76 1.02 0.14 0.59 0.84 39.73 66.51
1 2.79 0.72 -1.39 0.07 0.63 0.41 0.02 0.50 0.12 37.01
2 3.61 1.09 -0.43 0.14 0.74 0.67 0.07 0.58 0.43 38.57
3 4.27 1.59 0.00 0.29 0.93 1.08 0.17 0.66 0.87 49.64
4 4.13 0.33 0.44 0.27 0.82 1.14 0.18 0.64 0.98 39.08
5 4.71 0.11 1.40 0.34 0.85 1.39 0.28 0.71 1.38 30.23
5-1 0.27 0.49 1.89 0.27 0.45 2.06 15.66

B. Investment-Grade Firms
All 0.15 0.68 0.79 0.11 0.57 0.65 29.74 53.10
1 2.31 0.39 -1.42 0.07 0.60 0.38 0.02 0.50 0.14 30.56
2 2.68 0.36 -0.45 0.09 0.62 0.51 0.05 0.52 0.32 29.66
3 2.90 0.33 0.03 0.16 0.72 0.76 0.09 0.56 0.57 39.51
4 3.09 0.11 0.48 0.18 0.75 0.83 0.14 0.65 0.73 24.89
5 3.52 0.06 1.38 0.28 0.78 1.23 0.24 0.70 1.20 19.46
5-1 0.21 0.38 1.94 0.22 0.37 2.13 5.19

C. High-Yield Firms
All 0.37 1.17 1.11 0.22 0.81 0.94 52.07 49.96
1 4.66 2.27 -1.34 0.12 0.87 0.49 0.03 0.64 0.14 45.88
2 5.24 2.24 -0.48 0.24 1.14 0.73 0.11 0.82 0.44 48.26
3 6.07 2.91 -0.03 0.53 1.52 1.20 0.30 1.00 1.06 56.72
4 6.17 0.92 0.45 0.41 1.19 1.21 0.26 0.84 1.08 50.17
5 6.92 0.37 1.45 0.58 1.47 1.36 0.41 1.00 1.42 53.72
5-1 0.46 0.89 1.78 0.38 0.64 2.10 48.29

This table contains five columns: (1) average values for actual spreads, model spreads, and pricing error (rank difference), (2) bond portfolio performance based
on this error, (3) delta-hedging bond portfolio performance, (4) variance reduction (1 minus the variance ratio of hedged to unhedged investment excess returns),
expressed as a percentage, and (5) average rank correlation between actual and model spreads for firms in the sample. For each portfolio, the table reports the average
monthly excess returns over next month (Rp) in percentage, standard deviation (SD) in percentage, and annualized information ratio (IR).
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Table 4: BiasCorrections andScaleAdjustments for Time-Series andCross-SectionalAnalysisUsing the StructuralModel

Average Unhedged Hedged Variance Reduction Rank Correlation
Quintile Actual Pure Debiasing Pricing Rp SD IR Rp SD IR (%) (%)

Model Model Error
A. All Firms

All 0.21 0.76 0.97 0.14 0.59 0.79 39.73 89.34
1 3.07 0.45 4.04 -1.17 0.05 0.65 0.27 0.01 0.55 0.07 28.40
2 3.57 0.62 3.93 -0.27 0.14 0.69 0.72 0.08 0.54 0.48 38.75
3 4.53 1.10 4.65 -0.01 0.28 0.95 1.00 0.16 0.68 0.84 48.76
4 4.19 0.73 3.95 0.26 0.27 0.86 1.08 0.18 0.67 0.95 39.31
5 3.90 0.67 2.93 1.23 0.33 0.78 1.46 0.25 0.62 1.38 36.82
5-1 0.28 0.38 2.52 0.24 0.28 2.95 45.71

B. Investment-Grade Firms
All 0.15 0.68 0.76 0.10 0.57 0.62 29.74 80.48
1 2.50 0.22 3.38 -1.23 0.02 0.61 0.11 -0.01 0.53 -0.04 24.51
2 2.68 0.22 2.96 -0.31 0.09 0.65 0.48 0.06 0.55 0.36 28.40
3 3.02 0.29 3.08 -0.01 0.17 0.76 0.78 0.11 0.61 0.62 35.58
4 3.09 0.25 2.87 0.29 0.21 0.76 0.95 0.16 0.65 0.85 26.85
5 3.12 0.25 2.28 1.30 0.25 0.69 1.27 0.20 0.59 1.16 26.89
5-1 0.23 0.35 2.32 0.20 0.27 2.62 40.49

C. High-Yield Firms
All 0.35 1.13 1.06 0.20 0.79 0.89 51.12 84.50
1 5.02 1.35 6.20 -1.24 0.13 0.91 0.51 0.04 0.69 0.21 42.51
2 5.36 1.46 5.89 -0.30 0.27 1.09 0.87 0.13 0.77 0.60 50.10
3 6.41 2.05 6.59 0.01 0.44 1.44 1.05 0.25 0.96 0.90 55.56
4 5.94 1.60 5.64 0.32 0.40 1.25 1.12 0.26 0.85 1.05 53.76
5 5.94 1.71 4.89 1.31 0.51 1.25 1.41 0.35 0.90 1.35 48.16
5-1 0.37 0.64 2.04 0.31 0.48 2.24 43.75

This table contains five columns: (1) average values in percentage for actual spreads, model spreads, time-series debiased model spreads, and pricing error (rank
difference between actual and time-series debiased model spreads), (2) bond portfolio performance based on this error, (3) delta-hedging bond portfolio performance,
(4) variance reduction (1 minus the variance ratio of hedged to unhedged investment excess returns), expressed as a percentage, and (5) average rank correlation
between actual and time-series debiased model spreads for firms in the sample. For each portfolio, the table reports the average monthly excess returns over next
month (Rp) in percentage, standard deviation (SD) in percentage, and annualized information ratio (IR).
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Table 5: High- vs. Low-Liquidity Bond Portfolios

Average Unhedged Hedged Variance Reduction Rank Correlation
Quintile Actual Pure Debiasing Pricing Rp SD IR Rp SD IR (%) (%)

Model Model Error
A. Firms with Higher Liquidity

All 0.19 0.80 0.82 0.13 0.65 0.68 33.98 87.13
1 2.57 0.22 3.34 -1.20 0.09 0.72 0.44 0.06 0.60 0.33 30.56
2 2.99 0.29 3.27 -0.27 0.15 0.79 0.66 0.10 0.63 0.56 36.40
3 3.86 0.47 3.96 0.00 0.27 1.00 0.94 0.16 0.73 0.77 46.71
4 3.43 0.32 3.22 0.28 0.22 0.90 0.84 0.15 0.72 0.72 36.00
5 3.18 0.27 2.46 1.27 0.23 0.82 0.98 0.17 0.67 0.86 33.24
5-1 0.14 0.40 1.20 0.11 0.27 1.38 54.44

B. Firms with Lower Liquidity
All 0.23 0.76 1.06 0.14 0.57 0.87 43.75 89.13
1 3.75 0.77 4.88 -1.17 -0.00 0.59 -0.02 -0.05 0.50 -0.32 28.18
2 4.11 0.99 4.52 -0.29 0.13 0.73 0.64 0.06 0.56 0.35 41.15
3 5.02 1.57 5.14 -0.00 0.32 1.03 1.06 0.18 0.70 0.90 53.81
4 4.77 1.12 4.49 0.29 0.31 0.87 1.23 0.21 0.64 1.11 45.88
5 4.72 1.12 3.54 1.25 0.43 0.81 1.84 0.33 0.63 1.84 39.51
5-1 0.43 0.45 3.36 0.38 0.36 3.64 36.00

This table contains five columns: (1) average values in percentage for actual spreads, model spreads, time-series debiased model spreads, and pricing error (rank
difference between actual and time-series debiased model spreads), (2) bond portfolio performance based on this error, (3) delta-hedging bond portfolio performance,
(4) variance reduction (1 minus the variance ratio of hedged to unhedged investment excess returns), expressed as a percentage, and (5) average rank correlation
between actual and time-series debiased model spreads for firms in the sample. Panel A shows the bond manager trading bonds with higher liquidity, identified as
those with above-median amounts of bonds outstanding. Panel B shows the bond manager trading bonds with lower liquidity, identified as those with below-median
amounts of bonds outstanding. For each portfolio, the table reports the average monthly excess returns over next month (Rp) in percentage, standard deviation (SD)
in percentage, and annualized information ratio (IR).
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Table 6: Evaluating Long-Short Bond Portfolio Performance over Different Holding Periods

Holding Periods Unhedged Hedged Variance Reduction
k Rp SD IR Rp SD IR (%)
2 0.18 0.28 2.17 0.14 0.19 2.56 53.95
3 0.13 0.24 1.89 0.10 0.17 2.14 49.83
4 0.12 0.21 1.94 0.09 0.14 2.11 55.56
5 0.10 0.19 1.92 0.08 0.12 2.13 60.11
6 0.09 0.18 1.80 0.07 0.12 1.98 55.56
7 0.08 0.16 1.81 0.06 0.11 1.89 52.73
8 0.08 0.15 1.70 0.05 0.11 1.70 46.22

This table presents the performance of bond portfolios with holding periods ranging from 2 to 8 months. Portfolios are constructed monthly based on the chosen
trading signal from pricing error and then held for k consecutive months, where k = 2, 3, . . . , 8. For each portfolio, it reports the average monthly excess return over
the next k months Rp in percentage, the standard deviation (SD) in percentage, and the annualized information ratio (IR).
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Table 7: Valuation and Hedging with Twisted Credit Spreads and Hedge Ratios

Cross-Sectional Debiasing Combined Cross-Sectional and Time-Series Debiasing
R All 1 2 3 4 5 5-1 Variance Variance All 1 2 3 4 5 5-1 Variance Variance

Reduction 01 Reduction 02 Reduction 01 Reduction 02
A. All Firms

0.5 Rp 0.06 -0.09 0.02 0.11 0.08 0.18 0.26 0.06 -0.03 0.01 0.06 0.12 0.14 0.17
SD 0.45 0.41 0.47 0.55 0.55 0.56 0.52 -33.53 -17.36 0.45 0.43 0.43 0.57 0.53 0.48 0.27 7.02 49.52
IR 0.46 -0.73 0.16 0.67 0.52 1.09 1.76 0.46 -0.22 0.06 0.39 0.77 1.01 2.18

0.6 Rp 0.09 -0.05 0.04 0.14 0.12 0.21 0.26 0.09 -0.01 0.03 0.11 0.15 0.18 0.19
SD 0.49 0.39 0.51 0.60 0.58 0.60 0.48 -13.78 0.00 0.49 0.46 0.47 0.62 0.57 0.50 0.24 26.53 60.11
IR 0.63 -0.48 0.30 0.79 0.71 1.20 1.90 0.63 -0.09 0.25 0.61 0.89 1.23 2.71

0.7 Rp 0.12 -0.02 0.07 0.17 0.15 0.24 0.26 0.12 0.00 0.06 0.15 0.18 0.22 0.21
SD 0.55 0.40 0.55 0.67 0.62 0.65 0.45 0.00 12.11 0.55 0.49 0.51 0.69 0.63 0.55 0.24 26.53 60.11
IR 0.76 -0.19 0.42 0.87 0.86 1.27 1.99 0.76 0.02 0.42 0.76 0.97 1.37 3.01

0.8 Rp 0.15 0.01 0.09 0.20 0.19 0.27 0.26 0.15 0.02 0.09 0.20 0.20 0.25 0.24
SD 0.61 0.46 0.61 0.74 0.68 0.71 0.45 0.00 12.11 0.61 0.54 0.58 0.76 0.70 0.61 0.27 7.02 49.52
IR 0.85 0.07 0.52 0.93 0.97 1.31 2.02 0.85 0.12 0.53 0.89 1.02 1.44 2.98

B. Investment-Grade Firms
0.5 Rp 0.03 -0.09 -0.02 0.02 0.08 0.17 0.27 0.03 -0.04 0.00 0.02 0.08 0.10 0.14

SD 0.43 0.41 0.41 0.45 0.53 0.60 0.53 -105.19 -94.53 0.43 0.43 0.41 0.45 0.56 0.47 0.29 -15.36 22.77
IR 0.25 -0.80 -0.14 0.12 0.52 1.00 1.75 0.25 -0.34 0.03 0.13 0.50 0.74 1.68

0.6 Rp 0.05 -0.06 0.00 0.04 0.10 0.19 0.25 0.05 -0.03 0.02 0.05 0.11 0.13 0.16
SD 0.46 0.39 0.43 0.46 0.56 0.63 0.47 -61.36 -52.98 0.46 0.45 0.44 0.49 0.57 0.48 0.24 20.99 47.11
IR 0.41 -0.56 0.03 0.32 0.60 1.06 1.88 0.41 -0.23 0.16 0.36 0.65 0.93 2.27

0.7 Rp 0.08 -0.03 0.02 0.07 0.12 0.21 0.24 0.08 -0.02 0.04 0.08 0.13 0.16 0.17
SD 0.50 0.40 0.45 0.50 0.61 0.66 0.42 -28.85 -22.16 0.50 0.47 0.48 0.54 0.60 0.51 0.21 39.51 59.50
IR 0.54 -0.26 0.18 0.48 0.66 1.11 2.00 0.54 -0.13 0.28 0.54 0.76 1.07 2.82

0.8 Rp 0.10 0.00 0.04 0.10 0.13 0.23 0.23 0.10 -0.01 0.06 0.12 0.16 0.19 0.19
SD 0.55 0.45 0.50 0.56 0.65 0.70 0.38 -5.48 0.0 0.55 0.51 0.53 0.60 0.65 0.55 0.22 33.61 55.56
IR 0.63 0.02 0.31 0.60 0.71 1.15 2.06 0.63 -0.04 0.36 0.67 0.85 1.16 2.95

C. High-Yield Firms
0.5 Rp 0.12 0.01 0.06 0.21 0.16 0.17 0.15 0.12 -0.02 0.05 0.14 0.21 0.24 0.25

SD 0.68 0.63 0.75 0.91 0.71 0.77 0.57 20.68 51.68 0.68 0.64 0.67 0.88 0.74 0.76 0.42 23.44 49.32
IR 0.62 0.08 0.29 0.79 0.77 0.76 0.93 0.62 -0.09 0.26 0.56 0.98 1.08 2.10

0.6 Rp 0.17 0.03 0.09 0.26 0.21 0.24 0.21 0.17 0.01 0.09 0.20 0.25 0.29 0.28
SD 0.75 0.67 0.80 0.98 0.76 0.80 0.50 38.96 62.82 0.75 0.68 0.73 0.94 0.81 0.82 0.41 27.04 51.71
IR 0.77 0.18 0.41 0.91 0.94 1.06 1.46 0.77 0.06 0.43 0.76 1.08 1.23 2.37

0.7 Rp 0.21 0.05 0.13 0.31 0.25 0.32 0.27 0.21 0.04 0.13 0.27 0.29 0.35 0.31
SD 0.83 0.71 0.87 1.07 0.85 0.89 0.49 41.38 64.29 0.83 0.73 0.80 1.03 0.90 0.91 0.43 19.75 46.88
IR 0.89 0.27 0.50 1.00 1.04 1.25 1.87 0.89 0.20 0.56 0.89 1.13 1.34 2.50

0.8 Rp 0.26 0.07 0.16 0.36 0.30 0.40 0.32 0.26 0.07 0.17 0.33 0.33 0.41 0.34
SD 0.92 0.76 0.95 1.17 0.95 1.03 0.56 23.44 53.36 0.92 0.79 0.88 1.16 1.00 1.00 0.47 4.12 36.54
IR 0.97 0.34 0.58 1.07 1.10 1.33 2.00 0.97 0.31 0.66 0.98 1.15 1.40 2.49

This table presents the results of cross-sectional debiasing and combined cross-sectional and time-series debiasing for bond portfolios with twisted credit spreads and hedge ratios. The analysis uses the
recovery rate hyperparameter R, set to 0.5, 0.6, 0.7, and 0.8. Cross-sectional debiasing corrects for biases within each time period, while the combined approach further adjusts for biases across time periods.
Variance reduction 01 is defined as 1 minus the ratio of the variance of hedged (twisted) to hedged (literal setting) investment excess returns, expressed as a percentage. Variance reduction 02 is defined as
1 minus the ratio of the variance of hedged (twisted) to unhedged (twisted) investment excess returns, expressed as a percentage. For each portfolio, the table reports the average monthly excess returns over
next month (Rp) in percentage, the standard deviation (SD) in percentage, and the annualized information ratio (IR).
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Table 8: Robustness Checks with Leland-Toft Models with Varying Default Barriers.

Cross-Sectional Debiasing Combined Cross-Sectional and Time-Series Debiasing
d All 1 2 3 4 5 5-1 Variance All 1 2 3 4 5 5-1 Variance

Reduction Reduction
A. Literal Setting (Leland-Toft Model)

0.01 Rp 0.23 0.07 0.13 0.26 0.30 0.38 0.31 0.22 0.06 0.15 0.29 0.27 0.32 0.26
SD 0.77 0.56 0.66 0.87 0.91 1.02 0.69 0.76 0.63 0.69 0.92 0.88 0.82 0.41
IR 1.03 0.44 0.69 1.02 1.16 1.29 1.55 0.98 0.33 0.74 1.08 1.07 1.35 2.18

0.1 Rp 0.23 0.07 0.13 0.25 0.31 0.38 0.31 0.21 0.06 0.15 0.28 0.28 0.31 0.25
SD 0.76 0.56 0.66 0.87 0.91 1.02 0.68 0.76 0.63 0.69 0.91 0.88 0.81 0.41
IR 1.03 0.44 0.70 1.00 1.18 1.28 1.55 0.98 0.33 0.73 1.06 1.10 1.33 2.10

0.3 Rp 0.23 0.07 0.13 0.25 0.30 0.38 0.31 0.21 0.05 0.14 0.28 0.27 0.30 0.25
SD 0.76 0.56 0.65 0.88 0.89 1.03 0.70 0.76 0.63 0.69 0.91 0.88 0.81 0.41
IR 1.03 0.46 0.70 0.97 1.17 1.28 1.52 0.98 0.33 0.73 1.06 1.10 1.33 2.10

B. Literal Setting with Delta-Hedging
0.01 Rp 0.09 -0.01 -0.01 0.01 0.20 0.29 0.30 0.11 0.01 0.06 0.13 0.15 0.19 0.17

SD 0.61 0.60 0.71 0.98 0.69 0.79 0.68 2.59 0.60 0.55 0.57 0.72 0.67 0.71 0.39 8.01
IR 0.53 -0.07 -0.04 0.03 0.99 1.26 1.52 0.62 0.09 0.39 0.64 0.75 0.91 1.52

0.1 Rp -0.12 -0.14 -0.35 -0.47 0.05 0.29 0.43 -0.03 -0.01 -0.08 -0.07 -0.01 0.03 0.04
SD 1.39 1.63 2.57 2.54 1.60 0.78 1.76 -558.16 0.93 0.71 1.17 1.15 1.07 1.09 0.72 -200.14
IR -0.31 -0.30 -0.48 -0.64 0.12 1.30 0.85 -0.10 -0.05 -0.24 -0.21 -0.04 0.11 0.21

0.3 Rp -0.94 -0.48 -1.41 -2.13 -0.58 -0.12 0.37 -0.37 -0.18 -0.28 -0.58 -0.51 -0.30 -0.12
SD 4.16 3.80 6.50 7.86 3.19 2.15 3.50 -2415.14 1.78 1.39 1.80 2.55 2.33 1.81 1.20 -747.74
IR -0.78 -0.44 -0.75 -0.94 -0.63 -0.19 0.36 -0.72 -0.45 -0.54 -0.78 -0.75 -0.58 -0.35

C. CDS-Based Setting (Leland-Toft Model)
0.7 Rp 0.18 0.06 0.11 0.25 0.21 0.29 0.23 0.17 0.02 0.09 0.25 0.22 0.28 0.26

SD 0.80 0.71 0.76 0.95 0.81 0.91 0.48 0.80 0.68 0.73 0.99 0.87 0.84 0.40
IR 0.79 0.30 0.51 0.90 0.90 1.09 1.64 0.75 0.11 0.44 0.88 0.88 1.16 2.24

0.8 Rp 0.18 0.06 0.11 0.26 0.21 0.29 0.23 0.17 0.02 0.10 0.25 0.23 0.28 0.26
SD 0.80 0.70 0.79 0.93 0.84 0.88 0.45 0.79 0.68 0.74 0.97 0.89 0.83 0.38
IR 0.80 0.28 0.47 0.97 0.86 1.13 1.76 0.75 0.08 0.45 0.89 0.88 1.16 2.39

0.9 Rp 0.18 0.06 0.10 0.27 0.21 0.27 0.22 0.17 0.02 0.10 0.25 0.23 0.28 0.26
SD 0.79 0.74 0.76 0.95 0.86 0.82 0.40 0.79 0.66 0.75 0.96 0.89 0.83 0.38
IR 0.80 0.27 0.47 1.00 0.84 1.16 1.87 0.76 0.09 0.46 0.89 0.89 1.15 2.38

D. CDS-Based Setting with Delta-Hedging
0.7 Rp 0.09 -0.05 0.04 0.14 0.13 0.21 0.26 0.10 -0.03 0.04 0.14 0.15 0.19 0.22

SD 0.65 0.59 0.64 0.76 0.68 0.77 0.50 -7.37 0.67 0.60 0.63 0.80 0.73 0.69 0.36 21.06
IR 0.49 -0.32 0.20 0.64 0.68 0.94 1.82 0.51 -0.15 0.21 0.62 0.72 0.95 2.10

0.8 Rp 0.08 -0.05 0.03 0.14 0.12 0.19 0.25 0.08 -0.05 0.01 0.12 0.13 0.18 0.23
SD 0.64 0.54 0.66 0.72 0.69 0.71 0.43 9.30 0.64 0.57 0.60 0.76 0.70 0.66 0.31 34.20
IR 0.46 -0.33 0.13 0.66 0.61 0.94 1.99 0.42 -0.32 0.08 0.56 0.63 0.92 2.56

0.9 Rp 0.07 -0.06 0.01 0.09 0.11 0.18 0.24 0.05 -0.06 0.01 0.03 0.12 0.16 0.21
SD 0.72 0.55 0.62 1.58 0.69 0.66 0.47 -39.13 0.72 0.53 0.60 1.54 0.67 0.63 0.31 32.60
IR 0.32 -0.36 0.07 0.21 0.54 0.94 1.74 0.24 -0.36 0.04 0.07 0.60 0.87 2.38

This table presents the investment performance based on the Leland-Toft model, comparing two distinct settings: the literal setting and the CDS-based
setting. Each setting is evaluated under two debiasing approaches—cross-sectional debiasing and combined cross-sectional and time-series debiasing
—across different default barrier levels. Panels A and B focus on the literal setting, where the default barriers are set at d = 0.01, 0.1, and 0.3. Panel
A reports the investment performance, which reflects the model’s ability to capture excess returns under the specified default barriers and debiasing
methods. Panel B evaluates the delta-hedging performance in the same setting. Panels C and D focus on the CDS-based setting, where the recovery
rate is fixed at R = 0.7 and the default barriers are set at d = 0.7, 0.8, and 0.9. Similar to the literal setting, Panel C presents the investment
performance, while Panel D assesses the delta-hedging performance. Variance reduction is defined as 1 minus the ratio of the variance of hedged
to unhedged investment excess returns, expressed as a percentage. For each portfolio, the table reports three key performance metrics: the average
monthly excess returns over next month (Rp) in percentage, the standard deviation (SD) in percentage, and the annualized information ratio (IR).
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7 Appendix

7.1 Implementation of Leland and Toft (1996)

Leland and Toft (1996) extends the Black and Cox (1976) framework by assuming that the
firm continuously pays coupons at a constant rate c, with each payment equal to c = cD,
whereD denotes the bond’s face value. Coupon payments stop immediately upon default,
whether it occurs before or at maturity, defined as:

τdef = inf {s ∈ (t, T ] : As ≤ Ks} , Ks = dD · 1{t<s<T} +D · 1{s=T},

where Ks is the default barrier and d ∈ (0, 1) is a constant scaling parameter. The model
yields the following pair of conditions linking the firm’s equity value and equity return
volatility to its asset value and asset return volatility:

E = ELeland-Toft, (11)

σE = (A/E)σA∂E
Leland-Toft/∂A, (12)

where
ELeland-Toft = A−BLeland-Toft = A−

(
BBlack-Cox +BCoupon) ,

and
BBlack-Cox = A− EBlack-Cox = A−

(
BS (A,D, τ, r, σ)− AH2r/σ2

BS (H, 1/d, τ, r, σ)
)
,

BCoupon = EQ
(∫ T

t

ce−(s−t)1{τdef≥s}ds
∣∣∣Ft

)
,

= (c/r)
[
1− e−rτ

(
N (h1 (A, τ))−H2ãN (h2 (A, τ))

)
−H ã+ξN (h3 (A, τ))−H ã−ξN (h4 (A, τ))

]
.

The derivative of the equity value with respect to the asset value is given by
∂ELeland-Toft/∂A

= ∂EBlack-Cox/∂A− ∂BCoupon/∂A

= N (δ1 (A/D, τ))

+H2r/σ2+1N (δ1 (dH, τ))−
(
1− 2r/σ2

)
H2r/σ2

BS (H, 1/d, τ, r, σ)

− (c/r)A−1
{
−e−rτ

((
ϕ (h1 (A, τ)) +H2ãϕ (h2 (A, τ))

)/ (
σ
√
τ
)
+H2ã (2ã)N (h2 (A, τ))

)
+
(
H ã+ξ (ã+ ξ)N (h3 (A, τ)) +H ã−ξ (ã− ξ)N (h4 (A, τ))

)
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+
(
H ã+ξϕ (h3 (A, τ)) +H ã−ξϕ (h4 (A, τ))

)/ (
σ
√
τ
)}

,

where
τ = T − t, H = dD/A, θ = ã+ 1,

ã = σ−2
(
r − 0.5σ2

)
, ξ = σ−2

√
(r − 0.5σ2)2 + 2rσ2,

BS (A,D, τ, r, σ) = AN (δ1 (A/D, τ))−De−rτN (δ2 (A/D, τ)) ,

δ1 (s, τ) =
(
log(s) +

(
r + 0.5σ2

)
τ
)
/
(
σ
√
τ
)
,

δ2 (s, τ) =
(
log(s) +

(
r − 0.5σ2

)
τ
)
/
(
σ
√
τ
)
,

h1 (A, τ) =
(
log (A/ (dD)) +

(
r − 0.5σ2

)
τ
)
/
(
σ
√
τ
)
,

h2 (A, τ) =
(
log (dD/A) +

(
r − 0.5σ2

)
τ
)
/
(
σ
√
τ
)
,

h3(A, τ) =
(
log (dD/A) + σ2 ξ τ

)
/
(
σ
√
τ
)
,

h4(A, τ) =
(
log (dD/A)− σ2 ξ τ

)
/
(
σ
√
τ
)
.

For Equation (11) and (12), the involved variables are: coupon rate (c), default barrier
(d), asset value (A), asset return volatility (σA), equity value (E), equity return volatility
(σE), principal payment (D), debt maturity (T), and interest rate (r). The variables asset
value (A) and asset return volatility (σA) require estimation by using Equation (11) and
(12). The remaining variables can be directly tied to available data:

• Coupon rate (c): I calculate the annualized coupon rate for each bond using data
from the WRDS Bond Database and aggregate it to the firm level using bond out-
standing weights. Because Leland and Toft (1996) assumes continuous coupon pay-
ments while companies typically pay semi-annually. To address this, I divide the
annualized coupon rate by 365.

• Default barrier (d): This is a default barrier from the Black-Cox model defined by a
proportional constant, which triggers firm default when the asset value falls below
d×D. I fine-tuned this hyperparameter by testing various valueswithin a predefined
range to evaluate the model’s performance.
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• The remaining inputs follow Merton (1974), as discussed in Section 4.

The default probability formula in Leland and Toft (1996) is mathematically identical
to that in Black and Cox (1976). However, because Leland and Toft (1996) incorporates
continuous coupon payments, the estimated asset value, its volatility, and consequently
the model-implied default probabilities may differ. This framework also contrasts with
Geske (1977), which assumes that default can occur at coupon or maturity payment dates
if the firm’s asset value falls short of the required payment. Under the risk-neutral measure
Q, the default probability in Leland and Toft (1996) is given by

QLeland-Toft(A, σA, D, t, T, r, d)

= Q({ min
t<s<T

As ≤ dD}) +Q({ min
t<s<T

As > dD, AT < D})

= N
(
(log(D/A)− (r − 0.5σ2)τ)/(σ

√
τ)
)

+ (A/(dD))1−2r/σ2

N
(
(log(d2D/A) + (r − 0.5σ2)τ)/(σ

√
τ)
)
,

where I consider two components of the default probability: (i) the firm defaults if its asset
value falls below the default boundary beforematurity, and (ii) the firmdefaults if its asset
value falls below total debt at maturity. I use this decomposition to compare performance
with the default probability implied by the Merton model.

The credit spread implied by the Leland-Toft model can be expressed as:
csLTCSB(A, σA, D, t, T, r, d, c) = − ln

((
De−rτ

)−1
BLeland-Toft

)/
τ, (13)

csLTCSC(A, σA, D, t, T, r, d, c, R) = −ln (1−QLeland-Toft) (1−R)
/
τ. (14)

Equation (13) presents a literal formulation of the Leland–Toft Credit Spread (LTCSB),
derived from the market Bond value. Equation (14) provides an alternative represen-
tation based on the survival probability—defined as one minus the Leland–Toft default
probability—under the constant hazard rate assumptionwithin the fairCDS spread frame-
work, incorporating a recovery rate R.

For the hedge ratio implied by the Leland-Toft model, I use ∂B/∂A. The following
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hedge ratios with respect to asset value:
hLTHRB
B (A, σA, B,D, t, T, r, d, c) = 1− ∂ELeland-Toft/∂A, (15)

hLTHRC
B (A, σA, B,D, t, T, r, d, c, R) = −B(1−R)

(
∂QLeland-Toft/∂A

)/ (
1−QLeland-Toft) , (16)

where
∂QLeland-Toft/∂A

= −ϕ
((

log (D/A)−
(
r − 0.5σ2

)
τ
)
/
(
σ
√
τ
))/(

σ
√
τA

)
+
(
1− 2r/σ2

)
(A/ (dD))−2r/σ2

N
((

log
(
d2D/A

)
+
(
r − 0.5 σ2

)
τ
)
/
(
σ
√
τ
))/

(dD)

− (A/ (dD))1−2r/σ2

ϕ
((

log(d2D/A) + (r − 0.5σ2)τ
)
/(σ

√
τ)
)/(

σ
√
τ
)
.

Equation (15) represents the literal formulation of the Leland–Toft Hedge Ratio with re-
spect to the asset value, derived by differentiating the market value of the Bond, termed
LTHRB. In contrast, Equation (16) provides an alternative hedge ratio by decomposing
∂B/∂A as (∂B/∂CS)(∂CS/∂A) = (∂B/∂CS1)(∂CS2/∂A), where CS1 is the literal credit
spread given in Equation (13) and CS2 is the credit spread under the CDS framework
from Equation (14), termed LTHRC. These Leland-Toft model settings are utilized to fa-
cilitate a comparison with the Merton model in Section 5.4, with respect to valuation and
hedging.

79


	Introduction
	Related literature
	Model implementation
	Merton1974's valuation and hedge ratio
	Debiasing in time-series and cross-sectional analysis
	Debiasing in cross-sectional credit spreads
	Debiasing in time-series and cross-sectional credit spreads

	Capital structure arbitrage performance evaluation

	Data
	Sample construction
	Bias onset and inputs in structural models

	Empirical analysis
	The influence of abnormal yields in portfolio construction
	Bias correction and scale adjustment
	Empirical analysis of debiasing in cross-sectional credit spreads
	Empirical analysis of debiasing in time-series and cross-sectional credit spreads

	Debiasing in time-series and cross-sectional analysis of twisted credit spreads and hedge ratios
	Robustness check using various structural models

	Conclusion
	Appendix
	Implementation of LelandToft1996


