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Abstract
We investigate an unexplored channel—loss given default (LGD)—through which 
accounting information can shape the design of debt contracts. Using a sample of 
defaulted bonds, we find that borrower accounting information available at contract 
initiation possesses significant power for predicting realized LGD at the subse-
quent default date. We then use this model to construct an accounting-based meas-
ure of expected LGD at the contracting date for a large sample of bond issuances. 
We find that this measure is positively associated with issuance date interest spread 
and covenant use, and document that these relations are not artifacts of an associa-
tion between LGD and probability of default. We then show that accounting-based 
expected LGD has a stronger association with issuance date spread when the bor-
rower’s underlying accounting is more conservative and when the accounting-based 
LGD predictors are more persistent. Our results increase our understanding of both 
the informational role and contracting role of accounting information.

Keywords Debt contracts · Loss given default · Accounting properties · Stepwise 
regression

JEL Classification G12 · M40 · M41

1 Introduction

Financial reports are an important source of firm-specific information available to 
lenders at the contracting date and thus may affect lenders’ behavior in the design 
of debt contracts. Whereas prior literature focuses on the usefulness of accounting 
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information for probability of default assessment (e.g., Beaver 1966; Altman 1968; 
Shumway 2001), this study suggests that accounting information may also shape 
contracts by facilitating lenders’ assessment of loss given default. Loss given default, 
defined as the percentage loss that lenders experience from $1 of outstanding prin-
cipal in a case of default, is a critical component of credit risk and debt contract-
ing theories.1 Despite the theoretical importance of loss given default, there is little 
empirical evidence regarding how accounting information available to lenders at the 
contracting date is associated with their expectations about loss given default. This 
study is the first to provide evidence that accounting information at the contracting 
date is a useful predictor of realized loss given default and that lenders behave as if 
they use accounting information about loss given default to design debt contracts.

According to debt contracting theory, the price and terms of debt depend directly 
on lenders’ assessments of expected losses, where expected credit loss is a func-
tion of both probability of default and expected loss given default. Prior literature 
and practitioners suggest that these two determinants of credit loss are separately 
evaluated to determine credit risk. A substantial body of research focuses on the 
informativeness of accounting information with respect to probability of default. 
However, there is very little research concerning the informativeness of accounting 
information with respect to loss given default, particularly at the contracting date. A 
key source of firm-specific information available to lenders at the contracting date is 
accounting information from the borrower’s financial statements (e.g., Tirole 2006; 
Standard and Poor’s 2013). Thus, financial statement information available to lend-
ers at the contracting date may be useful in predicting loss given default and thus 
may shape the design of debt contracts. However, anecdotal evidence suggests that 
lenders may not use firm-specific information to estimate loss given default (Gupton 
and Stein 2005). Moreover, accounting information available to lenders at the date 
of the contract may not have the power to predict eventual loss given default, given 
the relatively long period between bond issuance and eventual default. Therefore, 
accounting information may not be associated with contracting terms through the 
loss given default channel.

We first examine whether borrower accounting information at the contracting 
date is predictive of loss given default. Specifically, we use a sample of senior 
unsecured defaulted bonds for which data on realized recovery rates (and thus 
loss given default) exist to estimate an accounting-based prediction model for 
loss given default at bond initiation. Based on insights from prior research on the 
determinants of loss given default at the default date (e.g., Acharya et al. 2007; 
Varma and Cantor 2005), we select a broad set of potential accounting-based 
predictors and perform stepwise regression to determine the best model, given 
this broad set of candidate predictors (e.g.,Elgers 1980; Brown et al. 1998). The 
stepwise regression selects five predictors, yielding a parsimonious model that 

1 In other words, loss given default is the amount that lenders cannot recover from $1 of debt, which 
implies that loss given default is one minus the recovery rate on a debt instrument. As an example, con-
sider a lender that invests $100 in a firm which defaults and is liquidated as a consequence. If the lender 
receives $20 out of the liquidation proceeds, the lender has loss given default of 80%.
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explains a high proportion of the variation in realized loss given default, both 
in sample and out of sample. Further, we show that the predictive ability of our 
accounting-based model is incremental to information contained in historical 
industry-based LGD data, which prior literature suggests are used as the industry 
standard (Gupton and Stein 2005).

Although it may be possible to create a superior prediction model using non-
accounting variables (e.g., firm-specific market-based measures, bond character-
istics, macroeconomic variables), this approach would yield a “mixed-source” 
measure of expected loss given default, where it would be difficult to identify the 
predictive ability of the accounting variables themselves. Such a measure would 
therefore not be suitable to address our research questions of interest—whether con-
tracting date accounting information is informative about realized loss given default, 
and whether lenders behave as if they are using the information in contracting-date 
accounting data about loss given default to set contract terms. Moreover, any lack of 
power in our prediction model will only bias against our ability to find significant 
associations between our measure of expected loss given default and debt contract-
ing terms.

The finding that contracting-date accounting information is predictive of eventual 
realized loss given default is particularly striking, given that, in our sample, the aver-
age time to default from contract initiation is more than five years. We next use the 
estimated coefficients from the prediction model to construct an accounting-based 
measure of expected loss given default at the issuance date for a broad sample of 
senior unsecured bonds. Consistent with our expectation, we find that accounting-
based expected loss given default is associated with higher credit spreads at bond 
issuance. Specifically, our results suggest that a one standard deviation increase in 
the accounting-based loss given default expectation is associated with an approxi-
mate 21 basis point increase in the interest spread on the bond. Further, because loss 
given default manifests only when the borrower defaults, we predict and find that 
our results are stronger when the borrower’s probability of default is higher.2

Importantly, we obtain our results after controlling for the information in the 
five accounting-based predictors about probability of default. Specifically, we con-
struct an estimated probability of default for each borrower using our five loss given 
default accounting predictors, and verify that our results hold after including this 
accounting-based probability of default measure in the analysis. This additional 
analysis confirms that the association we document between bond interest spread 
and our measure of accounting-based loss given default is not simply reflecting 
information in those accounting variables about probability of default. In addition, 
we include a control for default probability in all analyses.

Lenders have at their disposal contracting terms other than spread that they 
may use to protect against expected credit loss, such as covenants, maturity, 

2 Our results do not imply that lenders use the same accounting predictors (or even a related determin-
istic model of predicted loss given default) to estimate and price loss given default. Rather, our results 
simply suggest that lenders price debt in a way that is consistent with their use of accounting information 
as captured by our analyses.
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and debt size. Moreover, the set of terms attached to a given debt contract may 
reflect a complex set of negotiated tradeoffs among these terms. Therefore, in all 
analyses, we control for these alternative contracting terms. In addition, because 
covenants are key protection mechanisms used by lenders, we examine directly 
whether covenant usage is similarly associated with accounting-based expected 
loss given default, and document a positive association. Further, we find that the 
covenant association is particularly strong for covenants that restrict the borrow-
ers’ payments to shareholders and that preserve the subject bond’s place in the 
priority structure. Taken together, our findings that greater accounting-based 
expected loss given default is associated with both higher spread and more cov-
enant use suggest that our primary spread results do not simply reflect a tradeoff 
between alternative lender protection mechanisms.

Finally, we examine how the association between accounting-based predicted 
LGD and spread varies based on properties of the borrower’s accounting informa-
tion. First, we provide evidence that the association is stronger when the borrower 
exhibits relatively high accounting conservatism. This is consistent with the idea, 
in many foundational studies in the literature (e.g., Watts 2003), that lenders’ desire 
for an upper bound estimate of loss given default is a key driver of lenders’ demand 
for accounting conservatism. Second, we provide evidence that the association is 
stronger when the accounting-based predictors are more persistent, consistent with 
the intuition that accounting information with higher persistence is more reliable for 
predicting future outcomes.

This study contributes to the literature along several dimensions. First, we 
show that accounting information available to lenders at the contracting date is 
informative about future loss given default. To the best of our knowledge, this 
study is the first to do so. This finding complements the literature which shows 
that accounting measures are informative about probability of default at the 
contracting date, and therefore enhances our understanding of the informational 
role of accounting. Second, we show that lenders behave as if their accounting-
based expectations about loss given default significantly affect price and non-
price terms of the debt contract. This finding contributes to the literature that 
examines the role of accounting information in debt contracting by providing 
new evidence of a specific channel through which accounting information is 
associated with debt contract design. Third, we contribute to the literature that 
examines lenders’ demand for accounting conservatism. For example, Dyreng 
et  al. (2017) provide evidence that lenders do not demand conservatism in 
measures that are connected to performance measurement for debt covenants, 
and further suggest that lenders’ demand for conservatism likely manifests 
through other channels. Consistent with that conjecture, Beatty et  al. (2008) 
provide evidence that lenders have a demand for conservatism in the context 
of net worth covenant measurement. This evidence concerning net worth cov-
enants suggests that lenders’ demand for conservatism relates to liquidation 
value estimates, which are intimately connected to loss given default. Our study 
provides evidence that LGD estimation is indeed a source of lenders’ demand 
for accounting conservatism. Finally, our intuitive, parsimonious measure of 
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accounting-based expected loss given default at the time of debt initiation may 
be of use in future research.

2  Motivation and background

Loss given default, which is defined as the percentage loss that lenders experience 
from $1 of outstanding principal in a case of default (i.e., one minus the recovery 
rate), interacts with probability of default in determining credit risk (Gupton and 
Stein 2005). The credit risk modeling literature discusses how credit spreads or 
the prices of risky bonds and loans are determined as a function of both prob-
ability of default and loss given default. Although credit risk models may differ 
significantly in their assumptions about loss given default and its determinants, 
loss given default plays an important role in pricing credit risk in all such models 
(e.g., Altman 2008). While the credit risk literature and practitioners note that loss 
given default and probability of default are correlated, they also indicate that these 
determinants of credit risk are estimated separately (e.g., Gupton and Stein 2005).

A substantial body of research in accounting and finance focuses on modeling 
probability of default. The informativeness of accounting information about prob-
ability of default is at the core of the seminal work of Beaver (1966), Altman 
(1968), and many subsequent studies (e.g.,Ohlson 1980; Zmijewski 1984; Shum-
way 2001; Beaver et al. 2012). It is only recently that research about the second 
major component of credit risk, loss given default, has emerged.3 In practice, typi-
cal loss-given-default prediction models (e.g., Moody’s LossCalc v2) estimate loss 
given default with two horizons—“immediately” and with a “one-year horizon” 
(Gupton 2005). While lenders certainly can use these models at the debt issuance 
date, the models’ use is more common during the life of the debt instrument (i.e., 
subsequent to the issuance date) for purposes of ongoing portfolio risk determina-
tion. Moreover, the leading models include relatively little firm-specific account-
ing information and typically rely on characteristics of the debt instrument (e.g., 
collateral, seniority class), industry (e.g., historical recovery rates), and macro-
economic or geographical factors (Gupton 2005).4 While the emerging loss-given-
default literature suggests that certain accounting measures, when observed at the 
date of default, can predict loss given default (Varma and Cantor 2005; Acharya 
et al. 2007), to our knowledge there is no evidence concerning whether account-
ing information at the contracting date is informative about realized loss given 
default. Consistent with this, Benmelech et al. (2005) suggest that there is a pau-
city of empirical evidence on how lenders obtain and use information about loss 

3 See Altman (2008) for a survey of this emerging literature.
4 The largest rating agencies have only recently started issuing independent loss given default ratings 
for debt instruments. These ratings are not available for many firms and were not available to lenders for 
most of the years in the sample. In addition, some of these ratings are available only after the contract 
has been designed. As Gupton (2005) discusses, a primary goal of Moody’s LossCalc v2 model is to 
help lenders to assess loss given default for bank regulatory provisioning purposes required by the Basel 
accord.
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given default at the contracting date, and Roberts and Sufi (2009) call for research 
that links loss given default and the structure of debt contracts.5

Although loss given default plays a central role in debt contracting theory and 
although available accounting information may be useful in estimating loss given 
default, it is possible that lenders do not behave as if they use firm-specific accounting 
information to assess loss given default in the design of debt contracts. First, anecdotal 
evidence from practitioners suggests that lenders use “lookup tables” of historical loss 
given default based on industry and seniority type as primary inputs for their lend-
ing decisions (Gupton and Stein 2005). These lookup tables provide lenders with the 
historical loss given default rate for a debt instrument for a given industry and sen-
iority. Although Gupton and Stein (2005) note that lenders augment these historical 
tables with subjective judgment, the nature and the basis of these judgments is unclear. 
Second, because defaults typically occur several years after debt issuance, accounting 
information at the contracting date may have little power for predicting future realized 
loss given default and thus may have no association with debt contract terms through 
this channel. Therefore, it remains an open empirical question whether firm-specific 
accounting information is useful for lenders in assessing loss given default at the con-
tracting date, and whether such information indeed affects contract design.

3  Research design and sample selection

Our empirical design has several stages. First, we examine the informativeness of 
borrowers’ debt-contracting-date accounting measures about realized loss given 
default using a sample of defaulted bonds from Moody’s Default Risk Services 
(DRS) database in a prediction model framework. Next, we use results from the 
first-stage prediction model to estimate predicted loss given default at the contract-
ing date for a broad sample of bond issues from Mergent FISD. We then examine 
the association between predicted loss given default and bond characteristics (e.g., 
interest spread and covenant use).

3.1  Predicting loss given default using contracting‑date accounting information

To develop our accounting-based LGD prediction model, we use stepwise regression—
a model selection procedure whose use is appropriate when there is a large number of 
potential explanatory variables (e.g., Elgers 1980; Brown et  al. 1998). Our first task 
is to determine the initial set of accounting variables we will feed into the stepwise 
regression. There is no general agreement about the best set of accounting ratios to 
use to assess credit risk, nor is it possible to specify the correct way to define specific 
ratios (e.g., Easton et al. 2018). Easton et al. (2018) suggest the use of both “flow” (i.e., 

5 Unrelated to whether debt contracts are viewed through a complete or incomplete contracting frame-
work (e.g., Aghion and Bolton 1992; Hart and Moore 1994; Christensen et al. 2016), lenders always have 
the need to estimate probability of default and loss given default at the contracting date.
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income-statement-based) and “stock” (i.e., balance-sheet-based) variables to assess 
credit risk (pp. 4–10). In predicting LGD immediately prior to default, Varma and Can-
tor (2005) include leverage, tangibility, and profitability ratios and indicate that they 
select their variables based on intuition and data availability (p. 8). Similarly based on 
intuition, Acharya et  al. (2007) consider several accounting variables (measured one 
year prior to default)—profit margin, leverage, (log) assets, and tangibility.

Using this prior literature as guidance, we initially select 13 accounting variables as 
candidate predictors to include in the stepwise regression. These variables can be cate-
gorized into profitability, coverage, and solvency measures. For profitability measures, 
we include return on assets (ROA) and profit margin (ProfitMargin). For coverage 
measures, we include times interest earned (TimesInterest) and asset turnover (ATO). 
For solvency measures, we include two different variations of net worth (LnNetWorth, 
LnNetWorth2), intangibles ratio (IntanRatio), short-term debt ratio (ShortDebtRatio), 
size (LnTotalAssets), three different variations of leverage (Leverage, DebtToEquity, 
LiabToEquity), and total debt (Debt). All variables are defined in the Appendix.

We construct a sample of defaulted bond issues from Moody’s Default Risk Services 
(DRS) database. This database provides the backbone for the Annual Default Study, which 
is read by more than 40,000 investors globally. According to Moody’s, the data are refreshed 
monthly to provide the most accurate and detailed portrait of default activity available in the 
market. A more thorough description of the data is provided in Varma and Cantor (2005). 
The data contain information on over 4,000 defaulted debt instruments for which there is 
information on 30-day recovery pricing (i.e., the price of the instrument 30 days after the 
default event). These data allow us to calculate loss given default for defaulted bonds.

Because we require accounting data from Compustat, we delete default observa-
tions for which we cannot obtain a valid CUSIP-GVKEY match or issuance date, 
which reduces the default sample to 2,145 observations. From this sample, we retain 
only senior unsecured “straight” bonds, which reduces the sample to 1,164 observa-
tions, with issuance years ranging from 1965 to 2008 and default years ranging from 
1977 to 2009.6 We limit our sample to a relatively homogeneous set of senior unse-
cured debt instruments to ensure that the accounting measures do not capture differ-
ences in bond seniority or security.7 Including secured instruments in the analysis 
would also create measurement issues with assessing the value and nature of the 

6 Consistent with terminology used in practice, we use the term “straight” bond to refer to a bond that 
has no special features (e.g., is non-callable, non-convertible). In practice, these are also referred to as 
“plain vanilla” bonds.
7 We follow Moody’s definition of default, which includes three categories of credit events. The first is 
a missed or delayed disbursement of interest and/or principal. The second includes filing for bankruptcy, 
legal receivership, and other legal blocks to the timely payment of interest and/or principal (perhaps by 
regulators). The third is a distressed exchange, which occurs when (i) the issuer offers bondholders a new 
security or package of securities that amounts to a diminished financial obligation (such as preferred or 
common stock, or debt with a lower coupon or par amount, lower seniority, or longer maturity), or (ii) 
the exchange had the apparent purpose of helping the borrower avoid default. The definition of a default 
is intended to capture events that change the relationship between the bondholder and bond issuer from 
the relationship which was originally contracted, and which subjects the bondholder to an economic loss. 
Technical defaults (covenant violations, etc.) are not included in Moody’s definition of default.
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pledged security. In addition, senior unsecured debt is the most common form of 
debt in the DRS dataset (and in Mergent FISD, used in subsequent analyses).

We next bring in the most recently available annual accounting data (from Com-
pustat) released during the 365 days immediately preceding the bond issuance, and 
estimate the following “forward selection” stepwise regression model using a sub-
sample of the 529 defaulted bonds for which we have non-missing data for all vari-
ables included in the model:

where i, b, d, and t index the firm, bond, default date, and firm fiscal year most 
recently preceding the bond issuance, respectively. LGD is realized loss given 
default at the default date, and is calculated as one minus the recovery rate. Consist-
ent with practitioner and academic research (e.g., Acharya et al. 2007; Varma and 
Cantor 2005; Gupton and Stein 2005), we compute the recovery rate as the price of 
the bond one month after the default divided by the bond face value. This method 
yields an unbiased measure of the recovery rate because there is an active market for 
defaulted bonds for a few months after the default (Gupton and Stein 2005).

The stepwise forward selection model in Eq. (1) adds one explanatory variable at a 
time and retains any variable that has statistical significance at the p < 0.10 level. The pre-
dictive model generated by this stepwise process includes five of the 13 original account-
ing-based predictors from Eq.  (1): LnNetWorth, ROA, IntanRatio, ShortDebtRatio, and 
LnTotalAssets. To preserve as many sample observations as possible, we return to the 
Moody’s DRS data and estimate Eq. (2) with the DRS data using a subsample of 582 
senior unsecured defaulted bonds for which we have non-missing data for these five pre-
dictive variables (hereafter referred to as the “DRS sample”). Specifically, to empirically 
assess whether there is an association between accounting variables available to lenders 
at the contracting date and future realized loss given default, we estimate the following 
model with the DRS sample using ordinary least squares with robust standard errors8:

3.2  Predicted loss given default and contract characteristics

In the next stage of the analysis, to investigate whether lenders utilize the informa-
tion in accounting variables about loss given default to design debt contracts, we 

(1)

LGDi,b,d = �0 + �1ROAi,t + �2ProfitMargini,t + �3TimesInteresti,t + �4ATOi,t

+�5LnNetWorthi,t + �6LnNetWorth2i,t + �7IntanRatioi,t + �8ShortDebtRatioi,t
+�9LnTotalAssetsi,t + �10Leveragei,t + �11DebtToEquityi,t + �12LiabToEquityi,t
+�13Debti,t + �

(2)

LGD
i,b,d = �0 + �1LnNetWorth

i,t + �2ROAi,t + �3IntanRatioi,t + �4ShortDebtRatioi,t
+�5LnTotalAssetsi,t + �,

8 Because the dependent variable, LGD, is between zero and one, OLS estimated coefficients may be 
biased. We also considered a fractional response model (Papke and Wooldridge 1996). Because this 
method yields similar results (untabulated) to the OLS results, we present OLS results for simplicity of 
calculation and interpretation.
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apply the predicted coefficients from Eq. (2) (estimated using the DRS sample) to 
a broad sample of bond issues (irrespective of their eventual default status).9 There-
fore, we require this broad bond sample to have features consistent with the defaulted 
bonds in the DRS sample from which the predicted coefficients were generated. To 
this end, we construct a general sample of bond issues from Mergent FISD and 
include only “straight” senior unsecured bonds that are denominated in U.S. dol-
lars. We delete observations for which we cannot obtain a valid CUSIP-GVKEY 
match or issuance date, and observations with missing offering yield data, which 
yields a sample of 5,082 observations. Next, we merge in the most recently available 
annual accounting data (from Compustat) released during the 365 days immediately 
preceding the bond issuance, and delete bonds issued by financial institutions (i.e., 
SIC codes from 6000 to 6300), which leaves 2,794 observations. Finally, we delete 
observations without all accounting and bond characteristic data needed for our sub-
sequent analyses. This yields a final sample of 1,916 bond issuance observations, 
with issuance years ranging from 1978 to 2013. Hereafter, we refer to this as the 
“bond issue sample.”

For each observation in the bond issue sample, we compute an estimate of 
accounting-based predicted LGD at the contracting date (PredLGD_Acct) as 
follows:

where �̂n are the estimated coefficients from Eq. (2) and where the accounting var-
iables are from the most recently available annual financial reports prior to bond 
issuance.

To investigate whether lenders utilize the information in accounting variables 
about loss given default to design debt contracts, we estimate the following OLS 
regression using the bond issue sample:

where Spread is the interest rate spread on bond b over a Treasury benchmark at the 
date of bond issuance. BSMProb is a measure of default probability (e.g., Hillegeist 
et al. 2004) as of the end of the most recent month prior to bond issuance. Hold-
ing probability of default constant, we expect that higher accounting-based predicted 
loss given default will spur lenders to require higher interest rates to compensate for 
higher risk. Therefore, we expect PredLGD_Acct to be positively associated with 
Spread.

As indicated, we include a vector of firm-specific explanatory variables to control 
for other known determinants of interest spread. Specifically, we include firm size 

(3)
PredLGD_Acct

i,t = �̂0 + �̂1LnNetWorth
i,t + �̂2ROAi,t + �̂3IntanRatioi,t

+ �̂4ShortDebtRatioi,t + �̂5LnTotalAssetsi,t,

(4)
Spreadi,b = �0 + �1PredLGD_Accti,t + �2BSMProbi,t +

∑

�nFirmControlsi,t
+
∑

�nBondControlsi,b + IndustryFE + YearFE + �,

9 Less than 5% of observations in our broad bond sample are also included in the default sample. If we 
remove these overlapping observations from the bond sample, our inferences are unchanged.
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(LnMVE), growth opportunities (Q), and leverage (Leverage), where the account-
ing variables are from the most recently reported financial statements prior to bond 
issuance.

Further, we include a vector of bond-specific controls because there may be 
tradeoffs with interest spread across the various alternative bond terms which are 
determined simultaneously. Specifically, we include the par value of the debt issu-
ance (FaceAmt), the maturity of the bond (Maturity), and an index that captures 
the extent of covenant use (CovIndex).10 We also include an indicator variable 
that captures whether the bond is rated by Standard & Poor’s (Rated), and indus-
try fixed effects to control for systematic differences in credit pricing between 
industries that are also correlated with accounting-based loss given default. We 
include year fixed effects to control for macroeconomic factors that affect credit 
pricing (such as cyclical variation in the tightness of lender credit standards) 
(e.g., Murfin 2012) and because prior literature indicates that loss given default 
depends on the state of the economy (e.g., Acharya et al. 2007). All variables are 
further defined in the Appendix. In supplemental analyses, we augment Eq.  (4) 
with additional control variable structures. We describe these modifications in 
Sect.  4 along with the associated analyses. In all analyses, we cluster standard 
errors by firm.11

3.3  Descriptive statistics

Panel A of Table 1 provides descriptive statistics for the DRS sample. The aver-
age bond defaults approximately five years (i.e., 63  months) after issuance and 
loses 68 percent of its face value, an amount consistent with prior literature 
(Varma and Cantor 2005). At the date of bond issuance, the median borrower 
is profitable (median ROA of 0.02) and has 4.7% of its total assets held as intan-
gibles. Average borrower size is approximately $2.5 billion in total assets (i.e., 
mean LnTotalAssets of 7.81).

Panel B of Table 1 provides descriptive statistics for the bond issue sample. On 
average, the bonds in this sample have a 117-basis-point spread over the Treasury 
benchmark (i.e., mean Spread of 1.168). The accounting-based predicted loss given 
default for this sample has a mean of 0.69, which is very close to the realized loss 
given default (LGD) in the DRS sample. The median borrower is profitable (median 
ROA of 0.047) and has 3.9% of its total assets held as intangibles. Average borrower 
size is relatively large, with approximately $6.8 billion in total assets (i.e., mean 
LnTotalAssets of 8.84). In terms of the bond issues, approximately 95% are rated by 
Standard & Poor’s. The issues, on average, have a maturity of 11 years and a $255 
million face amount. Panel C of Table 1 presents correlations among variables in the 
bond issue sample.

10 In untabulated analyses, we find identical inferences to our main analyses when we estimate a system 
of equations using seemingly unrelated regression where each bond term (i.e., Spread, FaceAmt, Matu-
rity, CovIndex) is used as a dependent variable in the Eq. (3) structure.
11 Our inferences remain unchanged if we instead cluster by year of bond issuance.
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4  Accounting‑based loss given default prediction model

4.1  Primary analysis

Based on the literature discussed above, we can posit some predictions regarding the 
associations between LGD and the predictive variables in Eq. (2) (i.e., those varia-
bles selected by the stepwise regression model in Eq. 1). We predict a negative asso-
ciation for LnNetWorth because higher net worth equates to more unencumbered 
assets that lenders have available to liquidate in order to recover their investment. 
We predict a negative association for ROA, because the more profitable the firm, the 
greater the chance of lenders getting a high price for selling the firm as a going con-
cern or for liquidating the firm’s assets. IntanRatio is the ratio of intangible assets 
to total assets, which we predict will have a positive association with LGD. Many 
intangible assets are difficult to transfer and thus may yield a low value in liquida-
tion. ShortDebtRatio is debt in current liabilities divided by total liabilities, which 
we predict will be negatively associated with LGD. By its nature, short-term debt 
maturity is used as a monitoring mechanism by lenders because of its frequently 
required renewals. Therefore, we expect that firms with a relatively high proportion 
of short-term debt in their capital structure will be less likely to operate in a way 
that will reduce lenders’ ability to recover assets. LnTotalAssets is the natural log of 
total assets, which we predict will have a positive association with LGD.12 Whereas 
net assets captures unencumbered assets available to lenders in liquidation (and thus 
should be negatively associated with loss given default), total assets is a proxy for 
the level of complexity faced by lenders in the liquidation of a firm’s assets, which 
affects the liquidity of those assets.13 In addition, total assets is associated with the 
complexity of the firm’s bankruptcy procedures in case of a default, which yields 
lower recovery rates and thus higher predicted LGD.14

Column (1) of Table 2 presents results from estimating Eq.  (2) using the DRS 
sample. As indicated, each of the five accounting variables is significantly associ-
ated with realized loss given default in the expected directions. LnNetWorth is nega-
tively associated with LGD (coefficient -0.075; t-statistic -2.98). Likewise, ROA is 
negatively associated with LGD (coefficient -0.454; t-statistic -5.28). The degree of 
intangibles in the asset structure is significantly positively associated with realized 
loss given default (IntanRatio coefficient 0.230; t-statistic 2.66). A higher concentra-
tion of short-term debt in the capital structure is negatively associated with realized 
loss given default (ShortDebtRatio coefficient -0.330; t-statistic -3.04). Finally, total 
assets are positively associated with loss given default (LnTotalAssets coefficient 

12 We note that by including both net worth and assets in the regression, we are implicitly including lev-
erage (i.e., the difference between assets and net worth).
13 Shleifer and Vishny (1992) analytically show that when more similar assets are dumped into the mar-
ket during liquidation, prices are depressed.
14 We acknowledge that it is possible to conceive of stories that suggest opposing predictions. For exam-
ple, rather than providing monitoring benefits (which would reduce LGD), short-term debt could indi-
cate financial instability, which may translate into higher LGD. Either way, we are more concerned with 
whether the variables are useful for predicting LGD than with their particular directional associations.
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0.131; t-statistic 4.88), consistent with the fact that liquidating more assets in case of 
default requires larger liquidity discounts.

4.2  Out‑of‑sample prediction

If the model lacks power, it is likely to bias against finding a significant asso-
ciation between Spread and PredLGD_Acct in Eq.  (4). Although the strength 
of the results in column (1) of Table 2 suggests that our model indeed has sig-
nificant in-sample predictive power, we also examine its predictive power using 
two alternative out-of-sample tests to ensure that the model’s in-sample suc-
cess is not due to overfitting or related concerns. First, we randomly choose 500 
observations from the sample and estimate Eq. (2) using these observations. We 
continue by constructing PredLGD_Acct for a holdout sample of 82 observa-
tions. We then estimate the correlation between PredLGD_Acct and realized loss 
given default in the holdout sample, and repeat this process 100 times. The aver-
age correlation between PredLGD_Acct and realized loss given default across 

Table 2  Loss given default prediction model using bond-issuance-date accounting information

Table 2 presents results of OLS estimation of Eq. (1) using our default sample. LGD is realized loss on 
firm i’s defaulted bond b on date d, calculated as one minus the realized recovery rate, using data from 
Moody’s DRS. Recovery rate is calculated as the market price of the bond 30 days after default divided 
by the face value of the bond. All variable definitions are presented in the Appendix. *, **, and *** 
indicate significance (two-sided) at the 10%, 5%, and 1% levels, respectively, with robust standard errors. 
In column (2), the reported Intercept is simply the omitted industry category. “I” refers to Fama–French 
17-industry classification fixed effects

Dep. Var.: LGD LGD LGD LGD LGD
Column: (1) (2) (3) (4) (5)

Intercept 0.203*** 0.729*** 0.196*** 0.483*** 0.161***
(3.73) (32.25) (2.88) (11.45) (2.73)

LnNetWorth -0.075*** -0.071*** -0.072***
(-2.98) (-2.74) (-2.92)

ROA -0.454*** -0.430*** -0.410***
(-5.28) (-4.77) (-4.84)

IntanRatio 0.230*** 0.238** 0.162*
(2.66) (2.50) (1.83)

ShortDebtRatio -0.330*** -0.311*** -0.191*
(-3.04) (-2.65) (-1.77)

LnTotalAssets 0.131*** 0.131*** 0.118***
(4.88) (4.61) (4.46)

IndAvgLGD 0.369*** 0.214***
(5.28) (3.12)

Fixed Effects I I
N 582 582 582 560 560
Adj. R2 0.150 0.045 0.180 0.052 0.143
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these 100 iterations is approximately 0.40 and is statistically significant in 96 
out of 100 iterations. Further, the mean values of PredLGD_Acct and realized 
loss given default across the 100 iterations are 0.682 and 0.681, respectively, 
with a mean observation-level difference (i.e., bond i’s realized LGD minus 
bond i’s PredLGD_Acct) of -0.001. Second, we estimate Eq. (2) using all sample 
observations with a default year of 2005 or prior (i.e., the estimation sample; 
N=441), then use the resulting coefficient estimates to construct PredLGD_Acct 
for the sample observations with a default year after 2005 (i.e., the test sample; 
N=141). The mean values of PredLGD_Acct and realized loss given default in 
the test sample are 0.7495 and 0.7440, respectively, with a correlation of 0.212 
(p=0.01). This evidence suggests that the prediction model captures the underly-
ing construct of expected loss given default.

4.3  Accounting variables versus industry‑based LGD prediction

Anecdotal evidence from practitioners suggests that lenders use “lookup tables” 
of historical loss given default based on industry, adjusted using their professional 
judgment, as inputs for their lending decisions (Gupton and Stein 2005). This 
implies that lenders view industry averages as providing critical information about 
expected future loss given default at the time of contracting. We are not aware of 
any other statistical forecasting method used by lenders to predict loss given default 
at the date of debt issuance. This motivates us to consider whether firm-specific 
accounting variables provide valuable information about future loss given default 
over and above industry averages.

First, in column (2) of Table 2, we present results from a simple model where 
we regress LGD on industry fixed effects based on Fama–French 17-industry clas-
sifications. As reported, the industry fixed effects model has meaningful explana-
tory power (i.e., adjusted-R2 of 0.045), which provides some support for the practice 
of using industry means to estimate future loss given default.15 In column (3) of 
Table 2, we report a variant of Eq.  (1) where we add industry fixed effects to the 
five accounting predictors. As reported, all of the accounting predictors retain their 
strong significance in the presence of industry fixed effects. Moreover, the adjusted-
R2 quadruples relative to the industry-fixed-effects-only model in column (2) (i.e., 
0.180 versus 0.045). Second, for each firm-default observation, we compute aver-
age recovery rates across the default sample in that firm’s Fama–French 17 industry 
using all defaults that occurred prior to the firm’s default (IndAvgLGD), then include 
this variable in the prediction model instead of industry fixed effects. As we now 
report in column (4) of Table  2, this industry-average LGD on its own is predic-
tive of realized future LGD (coefficient 0.369; t-statistic 5.28). More importantly, 
column (5) of Table 2 documents that our accounting-based predictors are each sta-
tistically significant after controlling for industry-average LGD, and the adjusted-R2 
almost triples compared to column (4). Together, these analyses yield evidence that 

15 In this fixed-effects-only model, the reported intercept simply captures the constant effect of one 
industry that is necessarily omitted during model estimation.
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firm-specific accounting variables provide substantial information about future loss 
given default, both independently and over and above the information contained in 
industry averages.

5  Accounting‑based predicted loss given default and bond interest 
spread

5.1  Primary analysis

Column (1) of Table  3 presents results from estimating Eq.  (4) on the bond 
issue sample, where PredLGD_Acct is computed based on coefficient estimates 
from column (1) of Table  2 (i.e., Eq.  3). As reported, accounting-based pre-
dicted loss given default is positively and significantly associated with bond 
interest spread (PredLGD_Acct coefficient 2.20; t-statistic 3.13). The effect 
is economically significant, with a one-standard-deviation change (0.097) in 
PredLGD_Acct translating into a 21-basis-point change in Spread, which is 
18% of the Spread mean. This result suggests that accounting-based loss given 
default expectations are associated with significant economic effects on the 
pricing of debt contracts.16

In columns (2) and (3), we continue our exploration of whether information 
in accounting-based predicted loss given default is incremental to information 
in industry averages. Specifically, we compute industry-based predicted loss 
given default (PredLGD_Ind) using estimated coefficients from the Table  2 
column (2) regression. In column (2), we document that PredLGD_Ind is sig-
nificantly positively associated with bond spread, as expected. More impor-
tantly, in column (3) we include PredLGD_Ind and PredLGD_Acct together. 
As reported, there is little effect on the estimated PredLGD_Acct coefficient. 
We therefore conclude that the incremental (to industry-average) information 
in firm-specific contracting-date accounting variables about future loss given 
default is priced. Indeed, the coefficient on PredLGD_Ind is statistically insig-
nificant, which further suggests that any pricing implications of industry-aver-
age loss given default information are subsumed by the accounting-based loss 
given default information.17

Taken together, the results in Table  3 suggest that information in accounting-
based expected loss given default is significantly associated with debt pricing. This 
is consistent with lenders behaving as if they are using accounting information to 
determine loss given default expectations in the design of debt contracts.

16 For the sake of brevity, we do not discuss the results of the control variable estimates for any of the 
estimations in this study except in cases where these results are important to the purposes of this paper. 
However, we note that these estimates are generally consistent with prior literature.
17 The separate addition of each of the five accounting predictors that comprise PredLGD_Acct to the 
regression as a control variable does not change the inferences described above. We note that adding all 
of the accounting predictors to the regression together is not feasible because of full multicollinearity, as 
PredLGD_Acct is a linear combination of the five accounting predictors.
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5.2  The effect of default probability

Because losses to debt holders occur only when a default event occurs, we expect 
Spread to be more sensitive to accounting-based expected loss given default when 
the likelihood of default is higher. Stated differently, loss given default means very 
little to debt investors if probability of default is zero. In contrast, when probabil-
ity of default is close to one, debt investors should assign great importance to their 
recovery expectations. To examine this prediction, we estimate Eq.  (4) separately 
for sample partitions where bond issuers have relatively low versus high estimated 

Table 3  Accounting-based predicted loss given default and bond interest spread

Table 3 presents results of OLS estimation of Eq. (3) using our bond issue sample. Spread is the inter-
est spread on firm i’s bond b, calculated as the bond offering yield to maturity minus the benchmark 
Treasury rate. PredLGD_Acct is firm i’s contracting-date accounting-based predicted loss given default, 
constructed as in Eq. (2). PredLGD_Ind is firm i’s predicted loss given default using only industry fixed 
effects, based on the Fama–French 17-industry classifications. All variable definitions are presented in 
the Appendix. *, **, and *** indicate significance (two-sided) at the 10%, 5%, and 1% levels, respec-
tively, with standard errors clustered by firm. Intercepts and fixed effects coefficients are included but 
not reported for fixed effects estimations, where I and Y refer to Fama–French 17-industry classification 
fixed effects and year fixed effects, respectively

Dep. Var.: Spread Spread Spread
Column: (1) (2) (3)

PredLGD_Acct 2.201*** 2.315***
(3.13) (3.18)

PredLGD_Ind 0.136* 0.070
(1.71) (0.96)

LnMVE -0.450*** -0.330*** -0.452***
(-8.59) (-10.28) (-8.51)

Q 0.077 -0.023 0.109*
(1.21) (-0.51) (1.82)

Leverage 0.475* 0.776*** 0.237
(1.89) (3.52) (1.02)

BSMProb 39.934*** 43.395*** 42.002***
(4.29) (4.52) (4.41)

FaceAmt 0.000** 0.000** 0.000***
(2.44) (2.57) (2.78)

Maturity 0.010*** 0.010*** 0.010***
(4.87) (4.58) (4.93)

CovIndex 0.018 0.028* 0.023
(1.17) (1.87) (1.60)

Rated -0.580*** -0.474*** -0.517***
(-3.31) (-2.91) (-3.09)

Fixed Effects I, Y Y Y
N 1,916 1,916 1,916
Adj. R2 0.493 0.468 0.480
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default probabilities based on median BSMProb (and, accordingly, we remove BSM-
Prob from the set of control variables included in the regression).

Table 4 presents the results of this analysis, where the low (high) default proba-
bility sample partition has mean BSMProb of 0.000% (0.214%). As indicated in col-
umn (1), there is no significant association between accounting-based predicted loss 
given default and bond spread when default probability is relatively low (PredLGD_
Acct coefficient estimate 0.457; t-statistic 0.80). In contrast, as reported in col-
umn (2), there is a strong positive association between PredLGD_Acct and Spread 
when default probability is relatively high (coefficient estimate 3.359; t-statistic 
3.48). Moreover, the 2.902 difference in these coefficient estimates is statistically 

Table 4  Default probability effects

Table 4 presents results of OLS estimation of Eq. (3) using our bond issue sample, partitioned into low 
and high default probability based on median BSMProb. BSMProb is firm i’s estimated default prob-
ability at the end of the month immediately preceding bond issuance. Spread is the interest spread on 
firm i’s bond b, calculated as the bond offering yield to maturity minus the benchmark Treasury rate. 
PredLGD_Acct is firm i’s contracting-date accounting-based predicted loss given default, constructed as 
in Eq.  (2). All variable definitions are presented in the Appendix. *, **, and *** indicate significance 
(two-sided) at the 10%, 5%, and 1% levels, respectively, with standard errors clustered by firm. Intercepts 
and fixed effects coefficients are included but not reported for fixed effects estimations, where I and Y 
refer to Fama–French 17-industry classification fixed effects and year fixed effects, respectively

Sample Low BSMProb High BSMProb
Dep. Var.: Spread Spread

Column: (1) (2) Diff (2)-(1)

PredLGD_Acct 0.457 3.359*** 2.902***
(0.80) (3.48)

LnMVE -0.233*** -0.607***
(-6.25) (-8.43)

Q -0.001 0.068
(-0.01) (0.62)

Leverage 0.318 0.822**
(1.11) (2.05)

FaceAmt 0.000** 0.000
(2.39) (1.34)

Maturity 0.012*** 0.008**
(5.24) (2.07)

CovIndex 0.034** 0.011
(2.21) (0.51)

Rated -0.541** -0.720***
(-2.12) (-3.22)

Fixed Effects I,Y I,Y
N 958 958
Adj. R2 0.400 0.487
Mean BSMProb 0.000% 0.214%
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significant with p-value 0.003 (untabulated, based on a statistical test using seem-
ingly unrelated regression on the column 1 and column 2 models). These results 
are consistent with our prediction and provide further assurance that PredLGD_Acct 
indeed captures lenders’ expectation of loss given default.18

5.3  Additional considerations

5.3.1  Is PredLGD_Acct simply capturing probability of default?

Potential correlation between loss given default and probability of default gives rise 
to a concern that the positive association that we document between PredLGD_Acct 
and Spread may be attributable to unmodeled components of default risk that are 
correlated with PredLGD_Acct. Although we control for probability of default in 
our main analyses (BSMProb), we conduct an additional analysis to provide com-
fort against the concern that the relation we document between PredLGD_Acct and 
Spread is instead picking up some predictive power that our accounting variables 
have with respect to probability of default that is not captured by BSMProb.

Specifically, we construct an estimated probability of default measure using 
the same five accounting predictors that we use to estimate PredLGD_Acct, and 
include the resulting accounting-based probability of default measure in Eq. (4) 
as an additional control. Specifically, we estimate a default prediction model fol-
lowing a commonly used reduced-form, discrete-time hazard model approach 
using a multiperiod logit model with time-varying covariates (e.g., Shumway 
2001; Chava and Jarrow 2004; Campbell et al. 2008). We form a broad sample 
of default and non-default firm-year observations by intersecting the Moody’s 
Default Risk Services bond default sample (without requiring observations to 
have recovery pricing data) with the Compustat annual file, where we limit the 
default sample to the first observed default for each firm. We then delete all 
firm-year observations in Compustat for the defaulting firms subsequent to the 
default year. The resulting sample consists of 320,360 firm-year observations, 
comprised of 30,399 distinct firms with 475 firm defaults. We then estimate the 
accounting-based probability of default for firm i in year t using the following 
logit-based hazard model structure:

where Default is an indicator variable that equals one if the firm defaults in year 
t + 1 and zero otherwise. We measure the accounting predictor variables at the end 
of year t, where t is the date of the most recently available data prior to t + 1. We 

(5)P(Defaulti,t+1 = 1) = f (
�0 + �1LnNetWorthi,t + �2ROAi,t + �3IntanRatioi,t

+�4ShortDebtRatioi,t + �5LnTotalAssetsi,t
)

18 As indicated in Table 1, consistent with prior studies, BSMProb is close to zero for more than 75% of 
our observations. Accordingly, we alternatively define high default probability based on a split at the  75th 
percentile (rather than at the median, as reported), and our inferences remain. Specifically, the coefficient 
estimate on PredLGD_Acct in the low (high) group is 1.14 (3.69), where both estimates are individually 
statistically significant and the difference is significant at the 5% level.
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include each year a firm survives as a non-failure observation and include defaults 
as a failure observation only in the year of failure. Thus, Default equals zero for all 
firm-year observations of firms that never default, as well as for all firm-year obser-
vations of defaulted firms in years t-1 and earlier.

As reported in Panel A of Table  5, results from estimation of Eq.  (5) indicate 
that each of the five accounting variables is significantly predictive of future default 
(p < 0.01 in each case) in the expected direction (e.g., higher LnNetWorth and ROA 
are negatively associated with default). We next construct the accounting-based 
probability of default measure, PredPD_Acct, as follows:

where �̂n are the estimated coefficients from Eq.  (5), and where the exponential 
function is applied to the right-hand side of Eq.  (6) because the coefficients were 
estimated using a logistic model.19

Panel B of Table  5 presents results from estimating Eq.  (4) with the addi-
tional PredPD_Acct control variable. As reported, PredLGD_Acct remains sig-
nificantly positively associated with Spread (coefficient estimate 2.211; t-sta-
tistic 3.14). Further, PredPD_Acct is not significantly associated with Spread, 
which is not surprising given that we continue to control for probability of 
default with BSMProb (i.e., BSMProb subsumes all information in PredPD_
Acct about probability of default). Given that we are using the same account-
ing predictors for both loss given default and probability of default, these 
results mitigate the concern that our loss given default accounting predictors 
are related to spread only through probability of default, rather than loss given 
default.

5.3.2  Accounting‑based predicted loss given default and bond covenants

Our interpretation of the preceding analyses is that lenders use information in 
contracting-date accounting variables about expected loss given default to design 
bond contracts, where higher accounting-based expected loss given default is 
associated with a higher degree of lender protection imbedded in the contract 
(i.e., a higher interest rate). However, because bond contracts involve a menu 
of terms that are simultaneously determined, our interpretation is subject to the 
concern that lenders may be trading off protection mechanisms (i.e., increas-
ing spread while relaxing other protection mechanisms) rather than increasing 
overall contract protections in the face of higher expected loss given default. In 
addition to interest rate, covenants are a key protection mechanism used by lend-
ers. Therefore, to further assess this concern, we next examine directly whether 
covenant usage is associated with accounting-based expected loss given default. 

(6)
PredPD_Acct

i,t = �̂0 + �̂1LnNetWorth
i,t + �̂2ROAi,t + �̂3IntanRatioi,t

+ �̂4ShortDebtRatioi,t + �̂5LnTotalAssetsi,t,

19 Subsequently reported inferences are unchanged if we instead estimate the Eq. (5) default prediction 
model using OLS and then construct PredPD_Acct using the linear coefficient estimates.
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Table 5  Controlling for accounting-based predicted default probability

Panel A: Predicting default with the accounting-based loss given default predictors
Dep. Var.: Defaultt+1

Column: (1)
Intercept -9.353***

(-78.32)
LnNetWortht -1.037***

(-30.77)
ROAt -1.533***

(-16.70)
IntanRatiot 1.160***

(5.10)
ShortDebtRatiot 1.162***

(4.80)
LnTotalAssetst 1.363***

(38.34)
N 320,360
Pseudo-R2 0.122
Panel B: Bond interest spread regression
Dep. Var.: Spread
Column: (1)
PredLGD_Acct 2.211***

(3.14)
PredPD_Acct -1.059

(-0.24)
LnMVE -0.450***

(-8.58)
Q 0.077

(1.21)
Leverage 0.485*

(1.92)
BSMProb 39.912***

(4.29)
FaceAmt 0.000**

(2.45)
Maturity 0.010***

(4.83)
CovIndex 0.018

(1.16)
Rated -0.581***

(-3.32)
Fixed Effects I,Y
N 1,916
Adj. R2 0.493
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Specifically, we estimate a variant of Eq.  (4) where we replace the dependent 
variable (Spread) with CovIndex, a numeric count of the number of covenants 
included in the bond contract (e.g., Amiram et al. 2017; Nikolaev 2010).

Column (1) of Table 6 reports the results of this analysis, which documents 
a significant positive association between accounting-based predicted loss given 
default and the number of included covenants (coefficient estimate 3.822; t-sta-
tistic 2.38). The fact that predicted loss given default is positively associated 
with both interest spread and the number of covenants suggests that lenders 
respond to increased expected loss given default by increasing both price and 
non-price protections.

To further corroborate this interpretation, we extend this analysis and exam-
ine the association between PredLGD_Acct and specific types of covenants. 
Our intuition is that higher expected loss given default should be associated 
with specific covenants that protect the lender by restricting borrower pay-
outs or preserving the bond’s priority in the capital structure, and should not 
be associated with covenants that have less to do with protecting the lender. 
Accordingly, we create two indicator variables: RestrictPmtCov, which equals 
one if the bond includes a covenant that restricts payments (including divi-
dends) to shareholders and zero otherwise; and PriorityCov, which equals 
one if the bond includes either a cross-default or cross-acceleration covenant 
(i.e., which induces default or accelerates payment requirements if an event of 
default occurs under any other debt of the borrower) and zero otherwise. For an 
example of a covenant that we expect to not be associated with PredLGD_Acct, 
we create the indicator variable RestrictStock, which equals one if the bond 
includes a covenant that restricts the borrower from issuing additional common 
stock and zero otherwise. As reported in columns (2) and (3) of Table 6, there 
is indeed a significantly positive association between PredLGD_Acct and both 
PriorityCov and RestrictPmtCov. Further, there is no significant association 
between PredLGD_Acct and RestrictStock (untabulated).

5.3.3  Selection bias

Because LGD is, by definition, conditional on default occurring, we must estimate 
PredLGD_Acct using a sample of defaulted firms. A potential concern could be that 

Table 5  (continued)
Panel A of Table 5 presents results of logit estimation of Eq. (5) using a Moody’s DRS and Compustat 
merged sample. Default is an indicator that equals one if firm i defaults in year t + 1, zero otherwise. 
Panel B of Table 5 presents results of OLS estimation of Eq. (4), augmented with the additional variable 
PredPD_Acct, which is the bond-issuance-date predicted probability of default, constructed as in Eq. (6). 
Spread is the interest spread on firm i’s bond b, calculated as the bond offering yield to maturity minus 
the benchmark Treasury rate. PredLGD_Acct is firm i’s contracting date accounting-based predicted loss 
given default, constructed as in Eq. (3). All variable definitions are presented in the Appendix. *, **, and 
*** indicate significance (two-sided) at the 10%, 5%, and 1% levels, respectively, with standard errors 
clustered by firm. Intercepts and fixed effects coefficients are included but not reported for fixed effects 
estimations, where I and Y refer to Fama–French 17-industry classification fixed effects and year fixed 
effects, respectively
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there are underlying unobserved characteristics (correlated with expected LGD) that 
caused these firms to default.20 However, the fact that the research design employed 
in this study takes into account that LGD is conditional on default, and that any 
useful measure of contracting-date expected LGD also needs to measure LGD con-
ditional on default, should mitigate this concern. This concern is also mitigated by 

Table 6  Accounting-based predicted loss given default and bond covenant inclusion

Table 6 presents results of OLS estimation of a variant of Eq. (4) using our bond issue sample. CovIndex 
is a count of the number of covenants included on firm i’s bond b. PriorityCov (RestrictPmtCov) is an 
indicator variable that equals one if firm i’s bond b includes a covenant that protects bond b’s prior-
ity (that restricts firm i’s payments to shareholders). PredLGD_Acct is firm i’s contracting-date account-
ing-based predicted loss given default, constructed as in Eq. (2). PredLGD_Ind is firm i’s predicted loss 
given default using only industry fixed effects, based on the Fama–French 17-industry classifications. All 
variable definitions are presented in the Appendix. *, **, and *** indicate significance (two-sided) at the 
10%, 5%, and 1% levels, respectively, with standard errors clustered by firm. Intercepts and fixed effects 
coefficients are included but not reported for fixed effects estimations, where I and Y refer to Fama–
French 17-industry classification fixed effects and year fixed effects, respectively

Dep. Var.: CovIndex PriorityCov RestrictPmtCov
Column: (1) (2) (3)

PredLGD_Acct 3.822** 1.139*** 0.209**
(2.38) (3.29) (1.98)

LnMVE -0.220* -0.107*** -0.015**
(-1.94) (-3.92) (-2.20)

Q -0.058 0.041 0.013
(-0.37) (0.95) (1.41)

Leverage -0.501 -0.231 -0.001
(-0.71) (-1.44) (-0.02)

BSMProb -22.910 -6.385** -1.971*
(-1.40) (-2.47) (-1.68)

FaceAmt -0.000 -0.000 0.000
(-0.36) (-0.11) (1.46)

Maturity -0.005 -0.001 -0.001***
(-0.63) (-0.32) (-3.64)

Spread 0.153 0.015 0.036***
(1.14) (0.76) (3.33)

Rated -0.261 0.022 -0.060*
(-0.58) (0.30) (-1.92)

Fixed Effects I,Y I, Y I, Y
N 1,916 1,916 1,916
Adj. R2 0.332 0.192 0.106

20 For example, Glover (2016) shows that estimation of the cost of bankruptcy using a sample of bank-
rupt firms can be biased because of self-selection.
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the fact that we control for probability of default in the second stage. Further, as 
previously discussed, if the coefficient estimates obtained from the defaulted sample 
are indeed somehow biased due to self-selection, this would bias against our ability 
to find significant associations between PredLGD_Acct and debt contracting terms.

5.4  LGD and properties of accounting

5.4.1  Accounting conservatism

The conceptual idea that lender demand for conservatism is connected to estima-
tion of LGD permeates extant literature. For example, Watts (2003) posits that 
lenders are interested in “verifiable lower bound measures of the current value 
of net assets,” and that “the orderly liquidation concept underlies conservative 
accounting” (p. 212). Consistent with this, Zhang (2008) states that one poten-
tial benefit of conservatism is that “conservative reporting also gives lenders a 
measure of the lower bound of the collateral’s value” (p. 31). Likewise, Chris-
tensen and Nikolaev (2012) suggest that conservatism may facilitate the role of 
capital covenants by providing lower bound estimates of liquidation value (i.e., 
upper bound estimates of loss given default). Beatty et  al. (2008) present evi-
dence that lenders demand conservatism in the context of net worth covenant 
measurement, which in our view is connected to estimation of liquidation val-
ues. Further, recent studies present evidence that borrower conservatism is asso-
ciated with higher lender recovery rates in default (Carrizosa and Ryan 2013; 
Donovan et al. 2015).

This conceptual connection between conservatism and loss given default leads 
us to predict that lenders will rely more on accounting-based estimates of LGD at 
the contracting date if the borrower exhibits more accounting conservatism. To pro-
vide novel evidence on this question, we extend our analysis by examining the rela-
tion between our measure of accounting-based expected LGD and borrower con-
servatism. Stated differently, our chief inference—that lenders use accounting-based 
expected LGD to shape debt contracts—is strengthened if we indeed can document 
that the association between accounting-based LGD and contract terms is stronger 
when the borrower has greater accounting conservatism.

Using the bond sample, we first measure firm i’s year t conservatism as the coeffi-
cient ratio (β3 + β1)/β1 in the following firm-specific time-series regression, using at 
least five, but no more than ten, years of firm i’s data ending in year t (e.g., Francis 
et al. 2004; Zhang 2008):

where Earn is earnings before extraordinary items scaled by beginning-of-year mar-
ket value of equity (from Compustat), Ret is 12-month return ending three months 
after fiscal year-end (from CRSP), and DRet is an indicator that equals one if Ret < 0. 

(7)Earni,t = �0 + �1Reti,t + �2DRreti,t + �3DRet ∗ Reti,t + �i,t,
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We then estimate Eq.  (3) separately for partitions of the bond sample based on a 
median split of borrower conservatism (HighConserv).

We report the results in Table 7.21 Columns (1) and (2) report results consist-
ent with our expectation that accounting-based expected LGD is associated with 

Table 7  Accounting-based predicted LGD and properties of accounting

Table 7 presents results of OLS estimation of Eq. (4) using a subset of our bond issue sample for which 
we are able to compute firm-level measures of conservatism and persistence of accounting predictors. 
HighConserv is an indicator variable that equals one if firm i’s year t accounting conservatism is above 
the sample median and zero otherwise. HighPersist is an indicator variable that equals one if the aver-
age of the decile ranks of the persistence of firm i’s year t LnNetWorth, ROA, IntanRatio, ShortDebtRa-
tio, and LnTotalAssets is above the sample median and zero otherwise. Spread is the interest spread on 
firm i’s bond b, calculated as the bond offering yield to maturity minus the benchmark Treasury rate. 
PredLGD_Acct is firm i’s contracting-date accounting-based predicted loss given default, constructed as 
in Eq.  (2). All variable definitions are presented in the Appendix. *, **, and *** indicate significance 
(two-sided) at the 10%, 5%, and 1% levels, respectively, with standard errors clustered by firm. Intercepts 
and fixed effects coefficients are included but not reported for fixed effects estimations, where I and Y 
refer to Fama–French 17-industry classification fixed effects and year fixed effects, respectively

Cross-sectional Analysis: Conservatism Persistence

Sample: HighConserv = 0 HighConserv = 1 HighPersist = 0 HighPersist = 1

Dep. Var.: Spread Spread Spread Spread

Column: (1) (2) (3) (4)

PredLGD_Acct 0.518 3.852*** 1.118 2.388***
(0.52) (3.78) (1.28) (3.53)

LnMVE -0.410*** -0.517*** -0.359*** -0.400***
(-5.50) (-7.69) (-4.69) (-7.00)

Q -0.045 0.208** -0.116 0.113
(-0.34) (2.52) (-1.22) (1.31)

Leverage 0.995* 0.558 0.572 0.909*
(1.84) (1.57) (1.34) (1.73)

BSMProb 49.161** 6.604 40.312*** 40.589**
(2.19) (0.79) (2.79) (2.39)

FaceAmt 0.000 0.000* 0.000** 0.000
(0.09) (1.88) (2.49) (1.36)

Maturity 0.014*** 0.018*** 0.012*** 0.013***
(3.20) (5.51) (3.41) (4.15)

CovIndex 0.017 0.055** 0.015 0.020
(0.56) (2.19) (0.70) (1.03)

Rated -0.089 0.093 -0.166 -0.315
(-0.18) (0.55) (-0.34) (-1.38)

N 372 390 525 604
Adj. R2 0.676 0.671 0.678 0.513

21 Note that our sample size is reduced to 762 observations because of data requirements associated with 
estimating Eq. (7) in firm-specific time series.
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contract-date loan spread only for borrowers with relatively high conservatism. 
Intuitively, conservatism is a critical property of accounting for establishing 
lenders’ expectation of loss given default. Thus, lenders do not appear to rely as 
much on an accounting-based prediction of LGD if the underlying accounting 
numbers are not generated from a conservative accounting system.

5.4.2  Persistence of accounting numbers

As discussed above, default occurs, on average, 63 months from bond issuance. 
The value of accounting-based predicted LGD likely depends on the persis-
tence of the predictive variables themselves. Accordingly, we predict that there 
will be a stronger association between our measure of accounting-based pre-
dicted LGD and spread when our five predictive variables are more persistent. 
To examine this prediction, we use the bond sample and create a measure of the 
average persistence of firm i’s year t LnNetWorth, ROA, IntanRatio, ShortDebt-
Ratio, and LnTotalAssets. Specifically, we first compute the persistence of each 
variable (Var) for firm i in year t as the coefficient from the following firm-
specific regression:

Next, we rank each variable’s firm-year persistence into sample deciles and 
take a simple average of the decile ranks to obtain a firm-year average persistence, 
upon which we split the sample at the median (HighPersist). Columns (3) and (4) 
of Table  7 report results consistent with our expectation that accounting-based 
expected LGD is significantly associated with contract-date loan spread only when 
the accounting-based predictive variables have relatively high persistence.

6  Conclusion

A substantial body of research focuses on the informativeness of accounting 
information with respect to probability of default. However, there is very little 
research concerning the informativeness of accounting information with respect 
to loss given default, particularly at the contracting date. There exists some 
ancillary evidence in extant literature regarding the informativeness of account-
ing data about loss given default at the time of default. However, given the rela-
tively long time between debt issuance and eventual default, this evidence says 
little about whether accounting information is useful to lenders in assessing 
expected loss given default at the contracting date—when lenders need informa-
tion the most.

This study contributes to the literature along several dimensions. First, using 
a sample of defaulted bonds, we show that accounting measures available to 
lenders at the contracting date are informative about future loss given default. 
To the best of our knowledge, this study is the first to do so. This finding com-
plements the literature which shows that accounting measures are informative 

(8)Vari,t = �0 + �1Vari,t−1 + �i,t.
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about probability of default and therefore enhances our understanding of the 
informational role of accounting. Second, we construct an intuitive measure of 
accounting-based expected loss given default at the time of bond contract initia-
tion, which could be of use in future research. Third, we show that lenders behave 
as if their accounting-based expectations about loss given default significantly 
affect price and non-price terms of bond contracts. We provide evidence that the 
association is stronger when the accounting-based predictors are more persistent, 
consistent with the intuition that accounting information with higher persistence 
is more reliable for predicting future outcomes. This finding contributes to the 
literature on the role of accounting information in debt contracting by showing a 
specific channel through which accounting information may be useful in lending 
decisions. Finally, our results provide important evidence that establishes a direct 
link between accounting-based LGD estimation and lenders’ demand for financial 
reporting conservatism.

Several caveats are in order. First, although our LGD model predictive vari-
ables were selected based on statistical optimization (i.e., stepwise regres-
sion) from an initial set of theory- and literature-based candidate predictors, 
the actual set of potential LGD-relevant accounting predictors is virtually 
unbounded (i.e., any combination or transformation of accounting variables 
might be suggested). Accordingly, we leave the task of continued refinement 
of loss-given-default prediction models to future research. Relatedly, we do not 
intend to suggest that lenders are using our model (or any similar determinis-
tic model). For example, the association between accounting-based predicted 
LGD and bond interest rates may simply be capturing the essence of lenders’ 
professional judgement as applied to their review of borrower financial state-
ments. Nonetheless, our results imply that lenders’ decisions are consistent with 
their incorporation of contracting-date accounting information about loss given 
default into contract design.
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Appendix

Variable definitions

ATOi,t Firm i’s year t asset turnover, calculated as sales (Compustat sale) divided by average 
total assets

BSMProbi,m Firm i’s estimated default probability at the end of month m using the Black–Scholes-
Merton option pricing model modified for dividends, closely following the meth-
odology outlined in Hillegeist et al. (2004). Estimation requires initial estimates of 
market value of assets (VA), asset volatility (SIGA), dividend rate (DIVRATE), and 
risk-free rate (R). We compute VA as total liabilities plus market value of equity 
in month m. We compute SIGA as firm i’s stock price volatility using one year of 
daily stock returns ending in month m, multiplied by the equity-to-asset value ratio. 
DIVRATE requires annual Compustat data for common and preferred dividends, 
which we set to zero if missing. We set the risk-free rate to the one-year T-bill rate 
for month m. Finally, we set the time horizon to one year

CovIndexi,b A count of the number of covenants attached to firm i’s bond b, as categorized and 
identified by the Mergent bond issue file

Debti,t Firm i’s total debt at the end of year t, calculated as long-term debt (Compustat dltt) 
plus debt in current liabilities (Compustat dlc)

DebtToEquityi,t Firm i’s debt-to-equity ratio at the end of year t, calculated as total debt divided by 
common equity (Compustat (dltt + dlc)/ceq)

Defaulti,t An indicator variable that equals one if firm i defaults in year t and zero otherwise
FaceAmti,b The par value of firm i’s bond b in millions, calculated as Mergent OFFERING_AMT 

divided by 1,000
HighConservi,t An indicator variable that equals one if firm i’s year t accounting conservatism is 

above the sample median and zero otherwise. We measure firm i’s year t conserva-
tism as the coefficient ratio (β3 + β1)/β1 in the following firm-specific time-series 
regression (using at least five but no more than ten years of firm i’s data, ending in 
year t): Earni,t = β0 + β1Reti,t + β2DRreti,t + β3DRet*Reti,t + εi,t (Basu 1997), where 
Earn is earnings before extraordinary items scaled by beginning-of-year market 
value of equity, Ret is 12-month return ending three months after the fiscal year-
end, and DRet is an indicator that equals one if Ret < 0

HighPersisti,t An indicator variable that equals one if the average decile rank persistence of firm i’s 
year t LnNetWorth, ROA, IntanRatio, ShortDebtRatio, and LnTotalAssets is above 
the sample median and zero otherwise. We first measure firm i’s year t persistence 
of each variable (Var) with the coefficient from the following firm-specific time-
series regression (using at least five but no more than ten years of firm i’s data, end-
ing in year t): Vari,t = β0 + β1Vari,t-1. We next rank each variable’s persistence into 
firm-year sample deciles, then average those decile ranks for each firm year. Finally, 
we split the average decile ranks at the sample median

IndAvgLGDi,b The average LGD of all defaulted bonds in firm i’s Fama–French 17 industry occur-
ring prior to firm i’s bond b default

IntanRatioi,t The percentage of firm i’s assets in year t that are intangible, calculated as intangible 
assets (Compustat intan) divided by total assets (Compustat at)

Leveragei,t Firm i’s leverage in year t, calculated as total liabilities (Compustat lt) divided by 
total assets (Compustat at)

LiabToEquityi,t Firm i’s liabilities-to-equity ratio at the end of year t, calculated as total liabilities 
divided by common equity (Compustat lt/ceq)

LGDi,b,d Realized loss on firm i’s defaulted bond b on date d, calculated as one minus the realized 
recovery rate, using data from Moody’s DRS. Recovery rate is calculated as the market 
price of the bond 30 days after default divided by the face value of the bond
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LnMVEi,t The natural log of firm i’s market value of equity at the end of year t, where market 
value of equity is computed as the number of common shares outstanding (Compus-
tat csho) times the closing price per share at the end of the year (Compustat prcc_f)

LnNetWorthi,t Firm i’s net worth at the end of year t, calculated as (the natural log of) total assets 
(Compustat at) minus total debt, where total debt is computed as long-term debt 
(Compustat dltt) plus debt in current liabilities (Compustat dlc)

LnNetWorth2i,t Firm i’s net worth at the end of year t, calculated as (the natural log of) total assets 
(Compustat at) minus total liabilities (Compustat lt)

LnTotalAssetsi,t The natural log of firm i’s total assets in year t (Compustat at)
Maturityi,b The years to maturity (at issuance) of firm i’s bond b, calculated as Mergent 

(MATURITY-OFFERING_DATE)/360
PredLGD_Accti,t Firm i’s year t accounting-based predicted loss given default, estimated in two 

steps. First, using a sample of defaulted bonds from Moody’s DRS, we regress 
realized loss given default on a set of five contracting-date accounting variables 
(LnNetWorth, ROA, IntanRatio, ShortDebtRatio, and LnTotalAssets), as in Eq. (1). 
Second, we apply the estimated coefficients to firm i’s year t accounting data, as in 
Eq. (2). When working with the Mergent bond issue sample, we use firm i’s most 
recent accounting data prior to the issuance of bond b

PredLGD_Indi,t Firm i’s industry-based predicted loss given default, estimated in two steps. First, 
using a sample of defaulted bonds from Moody’s DRS, we regress realized loss 
given default on a set of industry fixed effects based on the Fama–French 17-indus-
try classifications. Second, using a broad sample of bond issues from Mergent FISD 
we apply the estimated coefficients to firm i’s most recent industry classification 
prior to the issuance of bond b

PredPD_Accti,t Firm i’s accounting-based predicted probability of default, estimated in two steps. 
First, using a sample of defaults from Moody’s DRS intersected with the Compustat 
annual file, we estimate a standard logit-based default hazard model using the 
same set of five accounting variables that we use to estimate PredLGD_Acct 
(LnNetWorth, ROA, IntanRatio, ShortDebtRatio, and LnTotalAssets), as in Eq. (4). 
Second, using a broad sample of bond issues from Mergent FISD, we apply the 
estimated coefficients to firm i’s most recent accounting data prior to the issuance 
of bond b, as in Eq. (5)

PriorityCovi,b An indicator that equals one if firm i’s bond b includes a cross default or cross accel-
eration covenant and zero otherwise (Mergent Cross_default, Cross_acceleration)

ProfitMargini,t Firm i’s year t profit margin, calculated as net income divided by sales (Compustat ni/
sale)

Qi,t Firm i’s Tobin’s q ratio at the end of year t, computed as the sum of total liabilities 
(Compustat lt) and market value of equity, divided by total assets (Compustat at). 
Market value of equity is computed as the number of common shares outstanding 
(Compustat csho) times the closing price per share at the end of the year (Compus-
tat prcc_f)

Ratedi,b An indicator variable that equals one if firm i has a long-term S&P credit rating in 
place within the most recent year prior to the issuance of firm i’s bond b and zero 
otherwise. We base this indicator on the Compustat variable splticrm (we consider 
splticrm = “SD” to be unrated)

RestrictPmtCovi,b An indicator that equals one if firm i’s bond b includes a covenant that restricts 
the firm’s payments to shareholders (including dividends restrictions) and zero 
otherwise (Mergent Restricted_payments, Dividends_related_payments_sub, Divi-
dends_related_payments_is)

ROAi,t Firm i’s return on assets in year t, computed as firm i’s earnings before extraordi-
nary items in year t (Compustat ib) divided by year t and t-1 average total assets 
(Compustat at)
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ShortDebtRatioi,t The proportion of short-term debt in firm i’s total liability structure in year t, 
computed as debt in current liabilities (Compustat dlc) divided by total liabilities 
(Compustat lt)

Spreadi,b The interest spread on firm i’s bond b, calculated as the bond offering yield to matu-
rity (Mergent OFFERING_YIELD) minus the benchmark Treasury rate (i.e., the 
prevailing rate during the month of bond issue of a same-maturity Treasury bond; 
data obtained from the Federal Reserve)

TimesInteresti,t Firm i’s year t times interest earned ratio, calculated as earnings before interest and 
taxes divided by interest expense (Compustat ebit/xint)
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