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Abstract

We treat distressed stocks as options and construct a valuation model that explic-
itly takes into account the value of the option to default (or abandon the firm). The

long-short strategy that buys stocks classified as undervalued by our model and shorts
overvalued stocks generates an annual CAPM alpha of about 19%. We also argue that

investors’ inability to value distressed equities creates valuation uncertainty and favor-
able conditions for return anomalies to be concentrated among financially distressed

stocks. We find that size, value, and momentum anomalies are all concentrated among
most misvalued stocks (as classified by our model). The results are robust to various
subsamples, return horizons, and alternative distress measures. There is little evidence

that more misvalued stocks are harder to arbitrage than less misvalued stocks.
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1 Introduction

It has long been recognized in the finance literature that equity of a firm with debt in its

capital structure is analogous to a call option written on the assets of the firm. The title of

the seminal paper by Black and Scholes (1973) reflects the applicability of their model to the

valuation of corporate debt and equity. Today, nearly every corporate finance textbook (see,

for example, Brealey, Myers, and Allen (2011)) discusses the option-based approach to value

equity and debt. An interesting question is whether investors incorporate this option-based

approach in their equity valuation.

A natural subset of stocks to address this question is financially distressed stocks. Such

stocks have high levels of debt and a substantial probability of default that makes the

analogy between equity value and a call option particularly relevant. Furthermore, distressed

stocks typically have negative earnings and cash flows, which renders traditional valuation

techniques like the discounted cashflow (DCF) inappropriate or very hard to implement.

Distressed stocks are also an interesting subject because recent literature suggests that several

asset pricing anomalies are more pronounced amongst distressed stocks. For example, Griffin

and Lemmon (2002) document that the value anomaly is stronger among distressed stocks,

while evidence in Avramov et al. (2007, 2010) points to momentum being present mostly

among low credit rating stocks. Could the particularly anomalous behavior of financially

distressed stocks be attributed to investors’ inability to recognize the option-like nature of

such stocks and implement and value them accordingly?

We address these two related questions in this paper, namely, whether investors use

option-based approach in equity valuation of distressed stocks and whether anomalies in

distressed stocks are related to failure to use this approach. Our contention is that distressed

firms are hard to value. Most of the distressed companies have had negative earnings in the

past (in our sample, on average 90% of firms in the most distressed quintile report negative

earnings in the most recent fiscal year) implying the unsuitability of the popular random-

walk model of earnings forecast. Standard valuation techniques such as multiples-valuation

or discounted cashflow are, therefore, not well-suited for distressed companies. This coupled

with the fact that these firms have low analyst coverage (median number of analysts covering

the most distressed firm in our sample is 1.5) suggests that few investors have the skills to

value these stocks correctly.

A key characteristic of distressed firms is their option to default. Any valuation model

that ignores the value of this option is going to produce values that are further away from

fundamental value than a model that explicitly accounts for this option. We contend that it

is more appropriate to think of the equity of these firms as an option. For highly distressed
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stocks the option to default is in-the-money. Traditional DCF approach suffers from at least

two problems for such companies. First, ignoring the value of the option to default results in

highly biased values. Second, using a constant discount rate is incorrect because the risk of

equity changes as the firm moves closer or further away from default. We address these two

issues by explicitly modeling the value of the option to default and by performing valuation

under the risk-neutral measure. The main goals of the valuation model are, thus, two-fold.

First, we use this option-based valuation model to see if there is evidence that investors

incorporate option-like features of distressed stocks in their valuation analysis. Second,

we use valuations produced by the model for investigating the anomalous stock returns to

distressed firms in relation to their relative valuation (market value versus our valuation

measure).

We start our analysis by verifying prior evidence on returns to distressed stocks. We sort

stocks based on the distress risk measure proposed by Campbell, Hilscher, and Szilagyi (2008,

henceforth CHS). This measure uses both accounting and equity market variables to forecast

bankruptcy over different horizons. We find that a long-short portfolio that is long in the

decile of least distressed stocks and short in most distressed stocks earns 1.44% per month.

These returns are not subsumed by the Fama and French (1993) factors or the momentum

factor. We also find that the size effect, the value premium, and momentum are stronger in

more distressed firms. For example, monthly excess returns of the winners−losers momentum

portfolio are 1.19% for the most distressed firms but −0.19% for the least distressed firms.

These facts are consistent with the extant evidence (see, for example, Griffin and Lemmon

(2002), Avramov et al. (2007, 2010)).

We then turn our attention to the most distressed firms. As mentioned before, we use

an option pricing model that recognizes the option-like nature of distressed equities. Option

pricing have been employed in the literature to gauge the probability of default and to value

corporate bonds given the value of equity (see for example, Merton (1974), Geske (1978), and

Delianedis and Geske (2003), among others). We, instead, use an option pricing model to

value the equity itself. Our model uses standard features of structural models — stochastic

cash flows, fixed costs, and debt. We also allow for endogenous default, different tranches

of debt with different maturities, and additional costs of financial distress. To the best of

our knowledge, our paper is the first to employ a structural option-pricing model on a large

cross-section of stocks to value corporate equity.

Our valuation model allows us to classify the distressed firms further into under- and

overvalued based on the value produced by our model and the market value of equity. We

find that stocks that we classify as overvalued are larger, have higher market-to-book ratios,

and issue more equity than stocks that we classify as undervalued. Excess returns on these
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sub-categories of stocks show patterns consistent with our valuation model. Monthly excess

return for overvalued tercile of distressed stocks is −0.85% (a CAPM alpha of −1.75%)

while that for undervalued quintile of distressed stocks is close 0.66% (a CAPM alpha of

−0.14%). The long-short strategy that buys stocks classified as undervalued by our model

and shorts overvalued stocks, thus, generates an annualized CAPM alpha of about 19%.

These differences are not explained by factors as factor model alphas are economically large

and, for the large part, statistically significant. These results are also robust to various

sub-samples and alternative definitions of distress.

The tendency of the stocks classified as undervalued by our option-based model to produce

returns superior to overvalued stocks suggests that investors do not take the option-like

features of distressed stocks into account.1 Given the unsuitability of traditional valuation

techniques for distressed stocks, this creates substantial valuation uncertainty for such stocks.

This valuation uncertainty in turn creates favorable conditions for various return anomalies to

persist. While we are silent as to the exact mechanism(s) that drive asset pricing anomalies,2

we argue that anomalies are more likely to exist amongst stocks whose true values are

unknown to the majority of investors and, therefore, deviations from those true values are

more likely to stay unnoticed and not necessarily arbitraged away.

Our next hypothesis, therefore, is that anomalies in distressed stocks are concentrated in

stocks that are the most misvalued. Distress stocks have option-like features. The resulting

valuation difficulties imply that anomalies are more widespread in distressed stocks. Our

valuation model allows us to separate fairly valued versus misvalued distressed stocks. We

expect, therefore, that, within the subset of distressed stocks, anomalies are stronger in

stocks that are the most misvalued.

To verify our conjecture, we dig deeper within the subset of most distressed stocks.

Within this subset, we sort stocks further into terciles based on whether they are fairly

valued or misvalued (where the relative valuation is determined by the comparison of mar-

1Anecdotal evidence suggests that even top equity analysts do not recognize those features. We studied
analyst reports on Ford Motors around late 2008 to early 2009. Clearly Ford was in deep financial distress
at that time and the option to default was in-the-money. Yet there is no evidence that analysts from top
investment banks incorporated that option value in their analysis. For example, Societe Generale based its
price estimate on the long-term enterprise-value-to-sales ratio, while Deutsche Bank and JP Morgan used
enterprise value over EBITDA ratio. In addition, Deutsche bank used a discount rate of 20%, and Credit
Suisse used a DCF model with a “big increase” in the discount rate. These different approaches result in
very different values. For example, the JP Morgan target price for Ford in late October is $2.43 per share,
while the Credit Suisse target price is $1.00 per share. It thus seems that even top equity analysts do not
recognize the option-like features of distressed companies.

2For example, Daniel, Hirshleifer, and Subrahmanyam (1998) argue that overconfidence about private
signals causes the book/market effect, whereas self-attribution creates momentum, Barberis, Shleifer, and
Vishny (1998) suggest conservatism is responsible for the momentum anomaly.
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ket value and model value). We then look at the strength of anomalies (size, value, and

momentum) in these terciles. The results are consistent with our conjecture. The excess

returns to the small−big portfolio are 1.29% (0.66%) in misvalued (fairly valued) stocks;

the excess returns to the value−growth portfolio are 1.29% (−0.19%) in misvalued (fairly

valued) stocks; and the excess returns to the winners−losers portfolio are 0.94% (0.35%) in

misvalued (fairly valued) stocks. Our results are robust to various subsamples and persist

across longer horizons than just one quarter. They are also robust to alternative defintions

of distress.

It is tempting to conclude that our results are just another manifestation of the limits

to arbitrage. We believe this not to be the case. It is true that distressed stocks are small,

illiquid, have low institutional ownership, fewer analyst coverage, and higher idiosyncratic

risk, all proxies for higher arbitrage risk. However, what we report in this paper is that

anomalies are located only in a subset of distressed stocks, namely the misvalued stocks. We

find no cross-sectional differences in arbitrage risk across groups of distressed stocks sorted

by relative valuation. We take this evidence to be more suggestive of misvaluation story

rather than a limited arbitrage story.

An interesting question raised by our study is why investors do not use option valuation

models to value distressed stocks. One potential explanation is the complexity involved in

generating such models. We hypothesize that many investors, especially retail investors,

do not possess the necessary skills to implement such a model (distressed stocks have very

low institutional ownership). This conjecture is consistent with the evidence presented by

Poteshman and Serbin (2003) who document that investors often exercise call options in

a clearly irrational manner, suggesting that it is hard for certain types of investors to un-

derstand and value options correctly (Poteshman and Serbin find that this is particularly

true for retail investors, while traders at large investment houses do not exhibit irrational

behavior.) Furthermore, Benartzi and Thaler (2001) show that when faced with a portfolio

optimization problem, many investors follow näıve and clearly suboptimal strategies again

suggesting that investors fail to fully understand more sophisticated models. On the other

hand, as modeled by Hirshleifer and Teoh (2003), limited attention and processing power

may lead investors to ignore or underweight information that is important for an option-

based model to produce unbiased valuations (for example, one of key inputs in our model is

volatility of sales).

We would like to emphasize that our valuation model does a good job of relative valuation

by separating under- and overvalued stocks amongst the subset of distressed securities. At

the same time, though, the average returns of stocks classified as fairly valued by our model

are also negative. This implies that our valuation model still misses common factors that
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could explain the overall low/negative returns of distressed stocks. Explaining this low-return

puzzle is outside of the scope of our paper. Instead, we focus on examining the driving force

behind return anomalies being the strongest among distressed securities. Finally, we reiterate

that the power of our model is in the valuation of the option to default and/or shut down

the firm. For stocks far from the default boundary (stocks with positive cash flows, low

volatility, and low leverage ratios), normal valuation techniques such as discounted cashflow

may still be adequate and not much may be gained by using our model for such stocks.

This is confirmed by our empirical results. The performance of the long-short strategy based

on our valuation model deteriorates as one moves from distressed to solvent stocks. For

example, the strategy generates a highly significant CAPM alpha of 1.61% monthly in the

quintile of most distressed stocks, and only a 0.17% and insignificant alpha in the quintile

of least distressed stocks.

Our paper adds to the literature on distress risk and stock returns that got an impetus

from the seminal work by Fama and French (1993), where they suggest that the value factor

might be related to firms facing financial distress. However, Dichev (1998) reports that,

on the contrary, distressed firms earn low returns. These findings have been corroborated

by other studies such as Griffin and Lemmon (2002) and CHS (2008).3 While these papers

analyze realized returns, there is also some evidence suggesting that expected returns increase

in probability of default; see Chava and Purnanandam (2010), who use ex ante estimates of

expected returns based on the implied cost of capital. Friewald, Wagner, and Zechner (2011)

provide interesting evidence of a strong positive relation between risk premia extracted from

CDS spreads and equity returns. They do not however, address the issue of why financially

distressed firms have surprisingly low returns or why return anomalies are particularly strong

among such stocks. We complement this literature by focusing on option-like features of

distressed stocks and on whether these features are reflected in investors’ valuations.

There is also ample evidence that anomalies are more prevalent in distressed stocks.

Griffin and Lemmon (2002) find that the value effect is stronger among distressed stocks.

Avramov et al. (2007, 2010) report that momentum exists only amongst low credit rated

firms. Most of these studies suggest that these anomalies in distressed stocks are either the

result of misvaluation or due to limits to arbitrage. We believe our paper is the first to

systematically disentangle these two competing hypotheses and provide evidence in support

3The only exception is Vassalou and Xing (2004). Their findings are contested by CHS (2008). See also
Da and Gao (2010) who show that the Vassalou and Xing results are due to short-term reversion and present
only in the first month. See also Kapadia (2011) for an alternate view. Kapadia constructs an aggregate
distress risk factor based on business failures. He finds that this portfolio hedges distress risk and exposures
to this factor explain the size-effect and the value premium. He also reports that financially distressed firms
do not have high exposures to his distress factor. The issue of why financially distressed firms have low
returns is, thus, left unanswered.
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of systematic valuation errors.

The rest of the paper is organized as follows. Section 2 introduces the distress measure

and reports returns on distressed stocks. Section 3 presents our valuation model. We analyze

the anomalies in distressed stocks further in Section 4 and show that these anomalies are

located in the subset of misvalued distressed stocks. Robustness results are presented in

both Sections 3 and 4. Section 5 concludes.

2 Data and Distress Measures

There are a variety of measures of financial distress of companies. Altman (1968) and

Ohlson (1980) are two popular approaches of predicting bankruptcy using accounting vari-

ables. Shumway (2001) estimates a dynamic model by adding equity market variables and

Duffie, Saita, and Wang (2007) introduce the role of horizon in this forecasting exercise.

CHS (2008) present a comprehensive analysis of bankruptcy prediction. They consider both

accounting and equity market variables and account for different forecast horizons. Another

alternative often used by practitioners is Moody’s KMV model that relies on structural de-

fault model of Merton (1974). We use the measure proposed by CHS as the primary measure

of financial distress in our paper. Robustness exercises presented in Section 3.5 and 4.3 show

the insensitivity of our results to which measure of distress we use.4

CHS use logit regressions to predict failure probabilities. We use their model for pre-

dicting bankruptcy over the next year (model with lag 12 in their Table IV) as our baseline

model. This model, which is repeated below, gives the probability of bankruptcy/failure

from a logit model as:

CHSt = −9.16 − 20.26 NIMTAAV Gt + 1.42 TLMTAt − 7.13 EXRETAV Gt

+1.41 SIGMAt − 0.045 RSIZEt − 2.13 CASHMTAt + 0.075 MBt

−0.058 PRICEt, (1)

where NIMTA is the net income divided by the market value of total assets (the sum of

market value of equity and book value of total liabilities), TLMTA is the book value of total

liabilities divided by market value of total assets, EXRET is the log of the ratio of the gross

returns on the firm’s stock and on the S&P500 index, SIGMA is the standard deviation of

the firm’s daily stock return over the past three months, RSIZE is ratio of the log of firm’s

4Franzen, Rodgers, and Simin (2011) show that purely accounting based measures of distress have become
less accurate in recent times. Their objections do not apply to market-based measures.
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equity market capitalization to that of the S&P500 index, CASHMTA is the ratio of the

firm’s cash and short-term investments to the market value of total assets, MB is the market-

to-book ratio of the firm’s equity, and PRICE is the log price per share. NIMTAAV G and

EXRETAV G are moving averages of NIMTA and EXRET , respectively, constructed as

(with φ = 2−
1

3 ):

NIMTAAV Gt−1,t−12 =
1 − φ3

1 − φ12

(

NIMTAt−1,t−3 + . . . + φ9NIMTAt−10,t−12

)

,

EXRETAV Gt−1,t−12 =
1 − φ

1 − φ12

(

EXRETt−1 + . . . + φ11EXRETt−12

)

. (2)

The source of accounting data is COMPUSTAT while all market level data are from

CRSP. All accounting data are taken with a lag of three months for quarterly data and a

lag of six months for annual data. All market data used in calculating the distress measure

of equation (1) are the most current data. We winsorize all inputs at the 5th and 95th

percentiles of their pooled distributions across all firm-months, and PRICE is truncated

above at $15. Further details on the data construction are provided by CHS (2008) and we

refer the interested reader to their paper.5 The sample period for our study is 1983 to 2009

as the coverage of quarterly COMPUSTAT data is sparse before this date.

Using this CHS measure, we sort all stocks into five equal-sized portfolios. Quintile

one contains least distressed stocks while quintile five consists of most distressed stocks.

The sorting is done at the end of each calendar quarter and we hold these portfolios for

the subsequent quarter.6 Table 1 shows descriptive statistics on these deciles. We exclude

observations in the top and the bottom percentiles in calculating the means and medians.

In addition to size, market-to-book, market beta (calculated using last three years of data),

we also report the percentage of firms reporting negative earnings, number of analysts, the

standard deviation of their forecasts, and two proxies for liquidity, namely share turnover and

Amihud’s (2002) illiquidity measure. All analyst data are from IBES. For each characteristic,

we first calculate the cross-sectional mean and median across stocks for each portfolio. The

table then reports the time-series averages of these means and medians.

5There are two minor differences between CHS’s (2008) approach and ours. First, CHS eliminate stocks
with fewer than five nonzero daily observations during the last three months; and then replace missing
SIGMA observations with the cross-sectional mean SIGMA in estimating their bankruptcy prediction
regressions. We do not make this adjustment. Second, CHS treat firms that fail as equivalent to delisted
firms, even if CRSP continues to report returns for these firms. We do not make this adjustment either.

6Our baseline model uses a horizon of 12 months for bankruptcy prediction even though the portfolio
holding period is only three months. CHS (2008) argue that a firm’s equity return is the most powerful
predictor of bankruptcy over short horizons but this is not very useful “just as it would not be useful to
predict a heart attack by observing a person dropping to the floor clutching his chest.”
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There is an inverse relationship between distress and firm size; size declines (monotoni-

cally based on medians) as one goes from D1 quintile to D5 quintile. Most distressed stocks

are quite small with a mean market capitalization of only $113 million, which is an order

of magnitude smaller than that of least distressed stocks (mean market capitalization of

$2.4 billion). Interestingly, though, there does not seem to be much of a pattern in average

market-to-book ratios across distress-risk quintiles. This suggests that, in spite of small

size and higher riskiness, distressed stocks are accorded valuations in line with their less

distressed counterparts.

Distressed stocks are riskier than other stocks. This is manifested both in measures of

systematic risk (market beta) as well as total risk (volatility of returns). For instance, the

average market beta of a stock in D5 quintile is 1.30, well above one. The standard deviation

of daily returns of D5 stocks is 6.4% (annualized 102%), almost three times that of D1 stocks

at 2.4% (annualized 38%). Distressed stocks are also less liquid. Although this is not evident

in measures of share turnover, Amihud illiquidity is considerably higher for D5 stocks than

that for D1 stocks.

Partly reflecting their small size, average institutional ownership of most distressed stocks

(19%) is less than half that of least distressed stocks (48%). Distressed stocks also have

few analysts covering them. On average, there are only two analysts per D5 stock versus

almost five per D1 stock. At the same time, there is wide dispersion of opinion about

distressed stocks but relatively more homogeneity of opinion for least distressed stocks. The

standard deviation of analysts’ forecasts for earnings-per-share is 0.12 (0.03) for most (least)

distressed stocks. Finally, a vast majority of distressed firms also report negative earnings

in the calendar year prior to portfolio formation date. These facts about distressed stocks,

although not unsurprising, do suggest that distressed stocks are quite atypical.

We also compute value-weighted monthly returns for distress-risk sorted quintiles and

report statistics of these returns in the bottom of Table 1. In addition to reporting the

average return in excess of the risk-free rate, we also report the alphas from one-, three-, and

four-factor models. The one-factor model is the CAPM model. We use Fama and French

(1993) factors in the three-factor model. These factors are augmented with a momentum

factor in the four-factor model. All factor returns are downloaded from Ken French’s website.

All returns and alphas are in percent per month and numbers in parentheses denote the

corresponding t-statistics.7

7Whenever available from CRSP, we add delisting return to the last month traded return. If the delisting
return is not available, we use the last full month return from CRSP. This could, in principle, impart an
upward bias to portfolios returns (Shumway (1997)). However, CHS (2008) note, and we confirm, that this
has no material impact on our results. Note that our procedure implies that the proceeds from sales of
delisted stocks are reinvested in each portfolio in proportion to the weights of the remaining stocks in the
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Distress is inversely related to subsequent stock returns. Average monthly returns of the

least distressed stocks (0.75%) are statistically significantly different from those of the most

distressed stocks (−0.22%). The difference in returns at 0.96% is economically large and

statistically significant. Quintile D5 also has higher market beta (1.61) than that of quintile

D1 (0.88) (not reported in the table). This explains why the CAPM alpha of the long-short

D1−D5 portfolio (1.38%) is higher than the difference in excess returns.

Since stocks in D5 quintile are much smaller than those in D1 quintile, the SMB factor

loading of the long-short D1−D5 portfolio is large (−1.25). However, the size premium is

small during our sample period; average return to SMB factor is only 0.09% per month. The

net result is that the addition of size and value factors does not change much the magnitude

of alphas; three-factor alphas are similar to CAPM alphas. The addition of momentum

factor shows interesting patterns. The magnitude of four-factor alphas is lower than that of

three-factor alphas. This suggests that least distressed stocks perform well while the most

distressed stocks perform poorly over the holding period (the UMD factor loading of the long-

short D1−D5 portfolio is 0.77). Recall that one of the ingredients of our distress-risk CHS

measure is stock returns measured prior to the portfolio formation date. Since distressed

stocks typically have negative past returns, part of their poor subsequent performance is due

to the mechanical effects of momentum. This explains why four-factor alphas are lower than

three-factor alphas. However, momentum is unable to completely account for the excess

returns; the four-factor alpha at 0.74% is strongly statistically significant. Our results are

comparable to those in the extant literature. For example, CHS (2008) report three- and

four-factor annualized alphas of 22.65% and 12.07%, respectively.

3 Valuation model

We contend that distressed stocks are difficult to value. Most of the distressed companies

have had negative earnings in the past implying the unsuitability of the popular random-

walk model of earnings forecast (see Ball and Watts (1972) and Foster (1977)). Standard

valuation techniques such as multiples-valuation or DCF are, therefore, not well-suited for

distressed companies. This coupled with the fact that these firms have low analyst coverage

suggests that many investors are likely to face difficulties in valuing these stocks.

A key characteristic of distressed firms is the default option. One source of difficulty in

valuing these firms may come from the necessity of using an appropriate model to account

for the value of the option to default. Any valuation model that ignores the value of this

portfolio.
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option is going to produce values that are further away from fundamental value than a model

that explicitly accounts for this option.

Option pricing or structural models have been employed in the literature to gauge the

probability of default and to value corporate bonds given the value of equity (see, for ex-

ample, Merton (1974), Geske (1978), and Delianedis and Geske (2003), among others). Our

objective is to deploy an option pricing model to perform valuation of equity itself of dis-

tressed companies. As we explain later in this section, our option-pricing based approach

scores over the traditional approach on two fronts. First, we are better able to estimate

future cash flows that explicitly account for the exercise of the option to default by the eq-

uityholders. Thus, our model accounts for the truncation in cash flows—at sufficiently low

states of demand when cash flows are negative it is optimal to exercise the default option

rather than continue to incur negative cash flows. This optionality is missed by both DCF

and valuation by multiples. Second, the estimation of discount rate for distressed firms is a

difficult task especially as the risk of distressed firm can change drastically as the firm moves

in and out of distress. The option-pricing approach bypasses this problem by conducting the

valuation under a risk-neutral measure.

Of course, the central insight that the equity of a firm with debt in its capital structure is

analogous to a call option written on the assets of the firm dates back to the seminal paper

by Black and Scholes (1973). Today, nearly every corporate finance textbook discusses the

option-based approach to value equity and debt. However, academic research on using these

models to perform equity valuation is sparse. While some studies do perform valuation

of some specific types of companies, such as internet or oil companies, in a real options

framework (see Moon and Schwartz (2000) for a an example), we are not aware of any

academic research that uses a structural model to value default options and perform equity

valuation on a large cross section of companies. Financially distressed stocks are a natural

subset of firms to use this valuation approach as the substantial probability of default makes

the analogy between equity value and a call option particularly relevant. Our approach, thus,

also sheds light on whether investors incorporate insights from the option pricing theory when

they perform valuation of financially distressed stocks.

3.1 Model

We assume that the cash flows of the firm are driven by a variable x that reflects stochastic

demand for the firm’s products. The firm incurs fixed costs and uses debt and, therefore, has

contractual obligations to make coupon and principal payments to its debtholders. We also

assume that a firm with negative free cash flow incurs an additional proportional expense
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η. This extra cost reflects additional expenses that a financially distressed firm has to incur

in order to maintain healthy relationship with suppliers, retain its customer base, deal with

intensified agency costs like the underinvestment problem, or the additional costs of raising

new funds to cover for the short fall in cash flows. The free cash flow to equityholders is

then given by:

CFt = (xt − Ct − F )(1 − τ + η1x−C−F<0), (3)

where x is the state variable, Ct is the total contractual payments to debtholders due at

time t (interest payments as well as repayment of principal), F is the total fixed cost that

the company incurs per unit of time, τ is the tax rate, and 1{·} is an indicator variable. We

further assume that x follows a geometric Brownian motion under the physical measure with

a drift parameter µP and volatility σ:

dxt

xt

= µP dt + σdWt. (4)

Default is endogenous in our model (similar to the majority of structural models). The

equityholders are endowed with an option to default which they exercise optimally; they

default if the value of equity is zero and continuing to operate the firm results in a negative

value.8 The value of equity, V0, (given the intial state variable x0) is equal to the expected

present value of future cash flows under the risk-neutral measure discounted by the risk-free

rate r:

V0(x0) = sup
Txd

(t)

EQ
x0

∫ Txd
(t)

0

e−rtCFtdt, (5)

where xd(t) is the optimal default boundary and Txd
(t) is a first-passage time of the process

x to the boundary xd(t).
9 The default boundary is a function of time because debt has final

maturity and coupon and principal payments are allowed to vary over time. To be able to

use COMPUSTAT data in our analysis, we assume that firms issue two types of debt: short-

term and long-term debt, but the model can incorporate any arbitrary maturity structure

of debt. Note that in our model even a zero-debt firm will find it optimal to shut down

operations if fixed costs F are high enough and the cash flows falls below a certain negative

threshold.

Equation (5) shows two fundamental differences between our valuation approach and

traditional DCF analysis. First, we discount cash flows to equityholders only up until the

8Note that the equityholders of a firm with negative free cash flow may continue to inject cash into the
firm (unless they decide to default), but it is costly do so and this cost is reflected in the parameter η.

9We therefore make an implicit assumption that there exists a tradable asset in the economy whose price
is perfectly correlated with the stochastic process x(t).
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stopping time Txd
(t). This stopping time is determined as the outcome of the optimization

problem of the equityholders and results from the optimal exercise of the option to default.

By contrast, the DCF method implicitly assumes an infinite discounting horizon and ignores

that option. Second, we use the risk-free rate and discount payouts to shareholders under the

risk-neutral measure, while the DCF performs discounting under the physical measure and

uses a constant discount rate. This also distorts valuations because risk and the appropriate

discount rate under the physical measure varies significantly as the firm moves in and out of

financial distress. In other words, as is well-known, one cannot price an option by expectation

under the physical measure.

3.2 Implementation

We use both annual and quarterly COMPUSTAT data items as inputs to the model. Struc-

tural models typically use either earnings or the unlevered firm value as a state variable that

drives valuation.10 While both cash flows and earnings seem reasonable candidates, they

pose implementation issues. Earnings is an accounting variable which may not be directly

related to valuation. Cash flow data, on the other hand, is often missing from quarterly

COMPUSTAT data making it difficult to compute cash flow volatility. Furthermore, cash

flows are subject to one-time items such as lump-sum investments, and therefore the current

value of cash flows may not necessarily be representative of its evolution in the future. To

smooth out these potential short-term variations in cash flows, we use gross margin (defined

as sales less costs of goods sold) minus capital expenditures as a proxy for the state variable

x. Hence, our state variable for firm i at time t is defined as:

xi,t = Salesi,t − COGSi,t − Capexi,t, (6)

where Sales is the annual sales, COGS is the cost of goods sold, and Capex is the capital

expenditures. There is a lot of short-term variation in capital expenditures. In order to

reduce this noise, we compute the average Capex/Sales ratio for 3-digit SIC industry over

the last tree years, CSRt, and use this ratio and current sales for firm i to proxy for firm i

capital expenditures:

Capexi,t = Salesi,t × CSRt. (7)

We use selling, general, and administrative expenses (COMPUSTAT item XGNA) as a

proxy for the fixed costs, F . We use COMPUSTAT annual items DLT (long-term debt)

and DLCC (debt in current liabilities) as proxies for company’s long and short-term debt.

10However, see Goldstein, Ju, and Leland (2001) for a criticism of the use of unlevered firm value.
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We further assume that the short-term debt matures in one year, while the long-term debt

matures in five years and pays an 8% annual coupon. This yield is consistent with the return

on high-yield exchange traded bond funds. In this case C equals the total interest payment

due in a given year plus the repayment of principal one and five years in the future. We use

35% for the corporate tax rate, τ , while we set the distress costs, η, to 10%.11

To model the growth rate of x under the physical measure we use the standard approach

discussed in many corporate finance textbooks (see, for example, Brealey, Myers, and Allen

(2011)) and argue that:

µP = RR × RA = (1 − PR) × RA, (8)

where RR is the retention ratio, PR is the payout ratio, and RA is the return on assets, or

the weighted average of the cost of equity capital and the cost of debt. We estimate the cost

of equity by using the CAPM and estimating firms’ betas over the past three-year period

and then averaging across all firms in the same 3-digit SIC industry. We further assume

that the cost of debt is 8%. To make the model more realistic we assume that a financially

distressed firm does not pay any dividends over a five year period. After this period, the

payout ratio increases to 15% (unless the firm has defaulted before). The drift of x is then

given by µP = RA − DYP , while the growth rate under risk-neutral measure is given by

µQ = r−DYQ, where DY is the dividend yield and r is the risk-free rate. Since the dividend

yield is the same under both measures, DYP = DYQ, it follows that:

µQ = r −RA + µP = r − PR ×RA. (9)

We proxy σ by the annualized quarterly volatility of sales over the last eight quarters.

If quarterly sales values are not available in COMPUSTAT, we use the average quarterly

volatility of sales of the firms in the same 3-digit SIC industry over the last eight-quarter

period. We use volatility of sales as opposed to volatility of xi,t in (6) because we believe

it better reflects the volatility of the underlying demand-driven stochastic process, which

drives valuation in structural models like ours. Using volatility of xi,t instead would capture

some short-term variations in the costs of goods sold and capital expenditures which are not

related to the underlying economic uncertainty and therefore should not affect the value of

the option to default.12

A potential problem with our approach is that some distressed companies have negative

11Weiss (1990) estimates the direct costs of financial distress to be of the order of 3% of firm value, Andrade
and Kaplan (1998) provide estimates between 10% and 23%, while Elkamhi, Ericsson, and Parsons (2011)
use the value of 16.5% in their analysis. Our valuation results are not significantly affected by reasonable
variations in the value of the distress cost parameter and the coupon yield.

12We get similar results using volatility of Salesi,t − COGSi,t − Capexi,t.
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current values of x. Since we cannot assume geometric growth for such companies, we

assume, instead, that x follows an arithmetic Brownian motion until the moment when it

reaches the value equal to its annualized standard deviation (of course, before the company

defaults), at which point we assume that x begins to grow geometrically. Finally, we employ

a standard binomial numerical algorithm to determine both the optimal default boundary

and the value of equity in equation (5). Further numerical details on the implementation of

our procedure are provided in Appendix A.

3.3 Characteristics of stocks sorted on distress and model valua-

tion

We start by performing our valuation on the entire universe of stocks. We proceed as follows.

As before, we sort all stocks into five quintiles (least distressed, D1, to most distressed, D5)

based on CHS distress-risk measure using current market data and quarterly accounting

data of the previous quarter. The sorting is done at the end of each calendar quarter and

the portfolios are held for the subsequent quarter. We further independently sort all stocks

into three equal-sized portfolios according to the ratio of the equity value implied by our

model and actual equity value. These portfolios are labeled R1 (most overvalued) to R3

(most undervalued). Stocks for which we cannot compute a model implied value are placed

in another portfolio entitled ‘No value.’13 We report characteristics on all these portfolios in

Table 2.

Across all distress risk quintiles, R1 stocks have, unsurprisingly, higher market-to-book

ratios than R3 stocks (Panel B). Interestingly, firm size declines as one goes from R1 to

R3 tercile (Panel A) suggesting that investors have more optimistic expectations for bigger

firms than those for smaller firms. Another reason for more optimistic expectations might be

overreaction (Lakonishok, Shleifer, and Vishny (1994)) to past performance (Panel C). For

example, average past returns for D1 stocks in R1 tercile (23.7%) are higher than those for

R3 tercile (13.5%). We also report equity issuance (in percent), measured by the difference

between the sale and purchase of common and preferred stock during the year, scaled by

equity market value at the beginning of the year. R1 stocks issue more equity than R3

stocks across all distressed risk groups (Panel D). These patterns are consistent with our

valuation model under the additional assumption that managers of these firms understand

true valuations and time the market in issuing equity.14

13We are unable to calculate model value for 63,160 firm-months of D5 quintile. This represents almost
21% of the entire sample of most distressed stocks. The primary reason we cannot do so is missing quarterly
sales data in COMPUSTAT, making it impossible to compute volatility.

14Park (2011) finds that distressed firms issue more equity than non-distressed firms, and the low returns
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Our valuation model is inspired by the option-like characteristics of distressed stocks. We

claim that the option value is significant fraction of the total value of equity for these stocks.

We verify this in Panel F by reporting the fraction of default option value in the total equity

value implied by our valuation model. To compute this fraction we run the model while

shutting down the default option (i.e. imposing a restriction that the firm is always run by

equityholders). The value of the option to default is then given by the difference in equity

values with and without this option. Option value is, on average, 30% of the total value of

equity for D5 stocks but only 11% of the total value of equity for D1 stocks.

3.4 Portfolio returns of stocks sorted on distress and model valu-

ation

We proceed by checking the efficacy of our valuation model by calculating returns of port-

folios in the previous section. We report excess returns and alphas from one-, three-, and

four-factor models in Table 3. Excess returns for R3−R1 terciles for all distressed stock

groups show unambiguous patterns consistent with our valuation model; portfolio returns

for R3 (most undervalued) are higher than those for R1 (most overvalued). At the same

time, the difference in returns is only 0.09% (t-statistic = 0.53) for D1 stocks and increases

monotonically to 1.51% (t-statistic = 3.60) for D5 stocks. This shows that our valuation

model does a good job of separating under- and overvalued distressed stocks but not for

stocks which are far from financial distress boundary.15

Factor model alphas display patterns consistent with excess returns and characteristics of

stocks shown previously in Table 2. For example, since R3 stocks are, on average, smaller and

have lower market-to-book ratios, than R1 stocks, three-factor alphas of R3−R1 portfolio in

Panel C are lower than CAPM alphas in Panel B. At the same time, since past returns for R3

stocks are lower than those for R1 stocks, the four-factor alphas of the long-short portfolio

in Panel D are higher than the corresponding three-factor alphas. Regardless of the risk

correction, the alphas of R3−R1 portfolio are economically large and statistically significant

for distressed D5 stocks and decline monotonically to be close to zero for non-distressed D1

stocks. For example, four-factor alpha is 0.11% (t-statistic = 0.79) for D1 stocks but 1.33%

of distressed firms are only found in firms that issue the most equity.
15Some readers have suggested that post-formation returns are not necessarily a sufficient test of the

goodness of our valuation model, especially if market valuation drifts even further away from our ‘fair’
valuation. We check this by computing value gap, the difference between market valuation and our valuation.
We calculate this value gap at portfolio formation (Panel E of Table 2) and one quarter after portfolio
formation (not reported). We verify that the value gap does indeed shrink one quarter after portfolio
formation. At the same time, the value gap does not decline to zero, suggesting that correction takes longer
than one quarter (see also robustness checks on long horizon returns in the next subsection).
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(t-statistic = 3.47) for D5 stocks.16 We also calculate a five-factor model with an additional

liquidity factor of Pástor and Stambaugh (2003). The alphas from this model are, however,

very close to four-factor alphas. For example, the five-factor alpha of R3−R1 portfolio for D5

quintile is 1.38% (t-statistic=3.53). We also check whether these returns can be explained by

a volatility factor. We find that the loading of R3−R1 portfolio for D5 quintile on changes

in VIX (proxy for volatility factor) is small and statistically insignificant.

We would like to emphasize that our valuation model is more than just a sort on tradi-

tional value measures such as market-to-book. Even though our sorts produce a ranking of

market-to-book that looks similar to a simple sort on market-to-book (Panel B of Table 2),

we pick up different aspects of misvaluation especially for distressed stocks. This is evident

in three-factor alphas discussed above which are significant for D5 stocks. To provide more

direct evidence on our claim, we also double-sort stocks independently on distress risk and

market-to-book. The spread in returns between value and growth stocks for D5 quintile is

only 0.51%; one-third of 1.51% spread generated by our sorts on relative model valuation.

It is also important to note that our valuation model does a good job of relative valuation

by separating under- and overvalued stocks amongst the subset of distressed securities. At

the same time, though, the average returns across R1 to R3 terciles (and the ‘No value’

portfolio) are still negative. Moreover, the average returns of stocks classified as fairly valued

by our model (in other words, stocks for which market value is close to our model implied

value; numbers not reported in the table) are also negative. This implies that our valuation

model still misses common factors that could explain the overall low/negative returns of

distressed stocks. We, therefore, urge caution in using our model as an absolute valuation

model and prefer to use it as a means of relative valuation. Finally, we reiterate that the

power of our model is in the valuation of the option to default. For stocks far from the

boundary of default, normal valuation techniques such as discounted cashflow could still be

adequate and not much may be gained by using our model for such stocks.

The long-short strategy based on our valuation model produces impressive performance

for the most distressed D5 stocks but performance deteriorates sharply for less distressed

stocks. The relative value of the option to default (or abandon the firm) also declines

significantly as one moves from D5 stocks to D1 stocks. This evidence, coupled with anecdotal

evidence from top equity analyst reports (see footnote 1) suggests that investors do not fully

incorporate the default option in their valuations when valuing distressed companies.

16Next quarter returns and alphas for stocks which we cannot value are similar to those of quintile R2. This
provides circumstantial evidence that the stocks excluded from our analysis are closer to being overvalued
rather than undervalued.
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3.4.1 Fama-MacBeth regressions on distress and model valuation

The portfolio sorts provide a simple view of the relation between returns and our variables

of interest. Another approach commonly used in the literature is that of Fama and MacBeth

(1973) regressions. Beyond serving as an additional diagnostic check, these regressions offer

the advantage that we can control of other well-known determinants of the cross-sectional

patterns in returns and thus check for the marginal influence of distress and relative model

valuation on our results. Accordingly, we run these cross-sectional regression and report the

results in Table 4. The dependent variable is the excess stock return while the independent

variables are (log) market capitalization, (log) market-to-book, past six-month return, CHS

distress-risk measure, and relative model value (ratio of the equity value implied by our

valuation model of to the actual equity value; higher numbers indicate undervaluation based

on our model). All reported coefficients are multiplied by 100 and we report Newey-West

corrected t-statistics (with six lags) in parentheses.

The first regression shows the usual patterns; returns are related to size, market-to-

book, and past return. The coefficient on size is positive but insignificant, indicating that

the size effect is not strong during our sample period. Specification (2) shows that the

coefficient on CHS is negative while specification (3) shows that relative model value is

positively associated with future returns. While these effects were present in portfolio sorts

too, the regressions show that these effects survive the inclusion of other stock characteristics.

Specification (4) includes all independent variables as well as an interaction term of CHS

and relative model value. The coefficient on this interaction term is positive implying that

the our relative model value does particularly well for the subset of distressed stocks. The

regression results thus corroborate the portfolio sort results.

3.5 Robustness checks

We conduct a variety of robustness checks in this subsection. Since the strength of the

valuation model lies in its ability to differentiate amongst distressed stocks, we report these

results for only D5 quintile of stocks. To further reduce the clutter in the tables, we report

only the excess returns and CAPM alphas for the three value gap terciles. The results of

this exercise are reported in Table 5. To facilitate comparison with the previous results, we

also report the full-sample results in the first row of the table.

We start by analyzing the robustness of our results in various subsamples. We consider

three different kinds of subsamples. The first simply tabulates results for the months of

January versus the rest of the months. The second considers different states of the economy.
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We use NBER recession dummy as an indicator of the health of the economy for this exercise.

Third, we consider calendar patterns in our results by separately tabulating the results for

the decades of 1980s, 1990s, and 2000s.17 Panel A shows R3−R1 returns are lower in January

than in non-January months. Our valuation model sorts produce a hedge portfolio return of

4.87% in recessions and only 1.04% in expansions, although both are statistically significant.

Returns are also higher this century (2.84%) than in the previous two decades with worst

performance of our strategy in 1990s (0.55%).

Our results are based on a holding period of three months. Avramov et al. (2009, 2010)

show that most of the credit risk effect prevails around credit rating downgrades. However,

CHS (2008) do not find that distressed stocks do particularly poorly around earnings an-

nouncements. In this section, we simply look at the horizon effects in our results. Specifically,

we consider holding periods of six, 12, and 18 months. This implies that we have overlapping

portfolios. We take equal-weighted average of these overlapping portfolios similar to the ap-

proach of Jegadeesh and Titman (1993). Panel B shows that R3−R1 returns are strong and

statistically significant for horizons up to 18 months, although they decline as we increase

the horizon. In untabulated results, we look at month by month returns and find that most

of the market value correction takes place in the first year after portfolio formation; there is

almost no difference in returns between R1 and R3 terciles in the 18th month after portfolio

formation.

We next explore whether our results are sensitive to the distress measure that we use

in the paper. We use three additional distress measures. The first is the standard KMV

measure calculated using quarterly data on short- and long-term liabilities. We classify

firms KMV’s probability of bankruptcy higher than 0.25 as distressed firms. The second is

credit rating based on S&P long-term bond rating. Data on these ratings are available only

from 1987 onwards and we classify all firms with a rating of BB+ and lower as distressed

firms. The third measure of distress is Altman (1968) Z-score calculated using quarterly

accounting data. All firms with a Z-score of lower than 1.81 are classified as distressed firms,

as suggested by Altman.18 Panel C shows that our results are not overly sensitive to the

exact measure of distress. At the same time, they are strongest for our baseline measure of

distress based on CHS most likely because this measure is the most effective in picking up

17Chava and Purnanandam (2010) argue that underperformance of high default risk stocks is due to
surprisingly low realized returns only during the 1980s.

18We explored variations on these measures as well. For example, we check our results for (i) KMV
measure calculated using annual data for liabilities, (ii) KMV measure that adds the present value of fixed
costs (measured by SG&A divided by 0.1) to total liabilities (intended to capture operating leverage), (iii)
Z-score using annual accounting data, and (iv) Z-score where all financial ratios are winsorized at the 5th and
the 95th percentile (as in CHS (2008)). The results of all these exercises are very similar to those reported
in the paper.
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financially distressed firms.

We conclude that our valuation model does well, in general, across various subsamples,

over longer horizons, and is robust to alternative measures of distress.

4 Anomalies

We next turn our attention to the analysis of stock return anomalies in distressed stocks. In

Section 4.1 we first verify the findings of prior literature that anomalies are most pronounced

in distressed stocks. Our conjecture is that anomalies are related to the investors’ inability

to correctly value distress stocks. Less distressed stocks have more predictable cash flows

and standard techniques are amenable to fundamental valuation. This coupled with the

facts that there are many analysts covering these stocks and that these stocks have high

institutional ownership implies that scope for systematic mispricing, viz. anomalies, is low.

Distressed stocks, however, have option-like features. These features pose valuation dif-

ficulties for investors. On the one hand, institutional investors tend to stay away from

distressed stocks. On the other, retail investors may not have the capability to value distress

stocks correctly and may, therefore, find it difficult to notice whether the market price has

deviated from fundamental value. This valuation uncertainty creates a fruitful ground for

return anomalies to persist. While we are silent on the exact mechanisms driving various

anomalies, we argue that anomalies are more widespread in distressed stocks.

Our valuation model of Section 3 separates fairly valued versus misvalued distressed

stocks. We expect that, within the subset of distressed stocks, anomalies are stronger in

stocks that are most misvalued. To verify our conjecture, we revisit anomalies in distressed

stocks controlling for their relative valuation in Section 4.2. Robustness of these results is

presented in Section 4.3. We discuss the relation of our results to the limits to arbitrage

hypothesis in Section 4.4.

4.1 Portfolio returns of stocks sorted on distress and firm charac-

teristics

The three main anomalies that we analyze in this paper are the size-premium, value-

premium, and momentum-premium. Accordingly, we use value-weighted portfolios sorted

independently on distress risk and these characteristics. As before, we independently sort

all stocks into quintiles based on CHS distress-risk measure and quintiles based on firm

characteristics. The sorting is done at the end of each calendar quarter and the portfolios
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are held for the subsequent quarter for the analysis of size- and value-premium. Given the

widely documented evidence that the momentum strategy is most profitable for a sorting

period of six months and a holding period of six months with a gap of one month, we follow

this in our analysis of momentum strategy. We, therefore, sort at the end of each month

(based on six-month returns by skipping the most recent month) and hold these 25 portfolios

for the next six-months for the analysis of momentum-premium (the resulting overlapping

portfolios are equally-weighted).

Table 6 reports the average excess returns (in excess of the risk-free rate) and the CAPM

alphas of these portfolios. To conserve space, we do not report three- or four-factor alphas

as our intention is to demonstrate the well-known departures from CAPM. These alternative

alphas, which are available upon request, follow the pattern expected from these alternative

factor models (for example, smaller three-factor alphas for size sorted and book-to-market

sorted stocks, and smaller four-factor alphas for past return sorted stocks).

Panel A shows the results of size and distress-risk sorted portfolios. The relation between

distress risk and stock returns is not explained by size; CAPM alphas of long-short D1−D5

portfolios are economically large and statistically significant for both small (1.50%) and large

(1.19%) stocks. Small stock returns are also higher than big stock returns in all distress-risk

quintiles. The size premium alphas are in the range of 0.55% to 0.86% and statistically

significant, except for the D5 quintile. We also find that there is bigger variation in market

betas across distress-risk quintiles than across size quintiles (not reported in the table). This

implies that the stock returns of corner portfolios show interesting patterns. In particular,

small least-distressed stocks (top left corner) have the highest alpha (1.08%) and the smallest

market beta (0.72) while large most-distressed stocks (bottom right corner) have the most

negative alpha (−0.97%) and second-largest beta (1.65).

The value anomaly is analyzed in Panel B. The D1−D5 portfolio alphas are again large for

all categories of stocks sorted by market-to-book. There is some evidence that the distress-

risk premium is stronger in growth stocks (CAPM alpha of 2.03%) than that for value stocks

(CAPM alpha of 1.50%). The value premium is also evident in all distress-risk category

stocks and, for our immediate purpose, stronger in most distressed stocks (CAPM alpha of

0.77%) than in least distressed stocks (CAPM alpha of 0.24%). Consistent with Griffin and

Lemmon (2002), we also find that alphas are the most negative (−1.81%) for growth stocks

in the most distressed category.

Finally, Panel C presents results for the relation between momentum and distress-risk.

Least distressed stocks have higher returns than most distressed stocks but the difference

declines monotonically as one goes from loser stocks (CAPM alpha of 1.90%) to winner
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stocks (CAPM alpha of 0.46%). Thus, the distress-risk premium is strong in loser stocks

but statistically insignificant for winner stocks. Conversely, we find that returns to the

winners−losers portfolio increase monotonically as one goes from least distressed to most

distressed stocks. Momentum anomaly is non-existent in least distressed stocks (CAPM

alpha of −0.13%) but strong in most distressed stocks (CAPM alpha of 1.31%). The latter

is consistent with Avramov et al. (2007) who show that momentum exists only in low credit-

rating firms.

To summarize, consistent with prior literature, we find that distress risk is inversely

related to stock returns and that many of the anomalies are more pronounced in more

distressed stocks than they are in less distressed stocks.

4.2 Portfolio returns of distressed stocks sorted on relative valu-

ation and firm characteristics

We now take another look at anomalies in distressed stocks controlling for their relative

valuation. As our valuation model allows us to measure the degree of misvaluation for

distress stocks, we can use the model to study the relation between return anomalies and

misvaluation. We conjecture that, within the subset of distressed stocks, anomalies are

stronger in stocks that are most misvalued. Since our conjecture is more directly related

to misvaluation rather than under- or overvaluation, we classify stocks as fairly valued and

misvalued, in contrast to the previous sections where we considered under- and overvalued

stocks separately.

The exact procedure is as follows. We sort all stocks into five quintiles (least distressed,

D1, to most distressed, D5) based on distress-risk CHS measure. We further double-sort

all stocks in the D5 quintile based on two variables. The first sorting variable is value gap,

defined as the absolute value of the log of the ratio of the equity value implied by our valuation

model and the actual equity value (stocks for which we cannot compute a model value are

excluded from this analysis). We label these portfolios VG1 to VG3; VG1 has the least

value gap (most fairly valued stocks) while VG3 has the highest value gap (most misvalued

stocks). The second sorting variable is a stock characteristic. We use market capitalization,

market-to-book ratio, and past six-month returns in turn for the second sorting variable.

The double-sorting is done independently into terciles to obtain a total of nine portfolios (we

sort into terciles rather than quintiles to have reasonably populated portfolios). As before,

sorting is done at the end of each calendar quarter and we hold these portfolios for one

subsequent quarter for size- and value-premium; sorting is done at the end of each month

and the holding period is next six-months for momentum.
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Table 7 reports the excess returns and CAPM alphas to these triple-sorted portfolios.

We report returns only for the nine portfolios of the most distressed quintile. We also report

returns for the long-short VG1−VG3 tercile. Since VG3 includes both under- and overvalued

stocks, these long-short returns are hard to interpret but are provided for completeness

sake. The portfolios of the most interest to us are the long-short portfolios sorted on firm

characteristic for each value-gap tercile (the last row in each panel).

Panel A considers firm size as the stock characteristic sorting variable. The difference

between returns to small and big firms increases monotonically from 0.66% for VG1 tercile to

1.29% for VG3 tercile. Alphas show a similar pattern and are slightly higher in magnitude

than excess returns. It is worth noting that small fairly valued stocks (top left corner

portfolio) have alphas that are fairly close to zero. However, big stocks have large and

negative alphas in all value-gap categories. This means that most of the returns to this

anomaly are due to the underperformance of big stocks. It is of interest to examine further

the source of large negative alphas for big stocks. Our valuation model also implies that,

within the large stocks, the alphas should be more negative for overvalued stocks than those

for undervalued stocks. This is precisely what we find in unreported results. CAPM alpha for

big overvalued stocks is −1.76% but only −0.25% for big undervalued stocks suggesting that

a large part of the underperformance of big VG3 stocks is accounted for by big overvalued

stocks.

The value anomaly in distressed stocks is explored in Panel B. Across value gap ter-

ciles, there is very little difference in returns to value stocks (CAPM alpha of −0.01%) but

economically and statistically large difference to growth stocks (CAPM alpha of −1.35%).

Focusing on the difference between value and growth stock returns across value gap ter-

ciles, we find, once again, that value−growth portfolio return increases monotonically from

−0.19% for VG1 tercile to 1.29% for VG3 tercile; the pattern is replicated in CAPM alphas.

We also find that growth stocks in VG3 tercile have the most negative alpha (−2.58%). In

unreported results, we find that this underperformance of growth stocks is most pronounced

in overvalued growth stocks and less so in undervalued growth stocks. These facts highlight

that our valuation model that accounts for option value does a good job of separating fairly-

valued and misvalued stocks in the category of growth stocks, presumably stocks that are

the most difficult to value.

Finally, we analyze momentum in Panel C. Here we find that, across value gap terciles,

there is a bigger difference in returns to loser stocks (CAPM alpha of −1.08%) than those

of winner stocks (CAPM alpha of −0.50%). Looking at the winner−loser portfolio, we find

that the momentum anomaly is also stronger in misvalued stocks than it is in fairly valued

stocks. The winner−loser portfolio alphas are 1.06% for VG3 tercile but only 0.48% for
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the VG1 tercile. And once again, there is evidence, not reported in tables, that momentum

profits are higher in overvalued stocks (CAPM alpha of 1.25%) than in undervalued stocks

(CAPM alpha of 0.88%), although both are economically large and statistically significant.

Figure 1 illustrates the performance, measured by cumulative CAPM alpha, over time of

the firm’s characteristics long-short portfolios within the VG1 to VG3 terciles. The size and

value effects show clear patterns from the very early years consistent with our conjecture;

both effects are strongest amongst the VG3 firms and weakest amongst the VG1 firms. The

cumulative momentum effect seems similar across the VG terciles for a longer period, until

1999; from that point it exhibits a clear separation, where momentum is significantly weaker

for VG1 firms than that for VG2 and VG3 firms.

To summarize, in this subsection, we refine the analysis presented in Section 4.1. We show

that not only are the anomalies pronounced in distress stocks but within the subgroup of

distressed stocks, these anomalies are the strongest in misvalued stocks (with some evidence

that they are even stronger in overvalued stocks than in undervalued stocks).19 The evidence

thus lends credence to our belief that these anomalies are related to investors’ inability to

properly value these stocks and, in particular, to not account for the value of the option to

default by the distressed stocks.

4.2.1 Fama-MacBeth regressions

We check the strength of our results via cross-sectional Fama-MacBeth regressions similar

to those in Section 3.4.1. These regressions are run only for the subset of distressed stocks

(stocks in D5 quintile). The independent variables include, as before, (log) market capital-

ization, (log) market-to-book, past six-month return, CHS distress-risk measure, and value

gap. Value gap is defined as the absolute value of the log of the ratio of the equity value

implied by our valuation model and the actual equity value. We winsorize all independent

variables at the 1% and 99% level to reduce the impact of outliers. The results are reported

in Table 8.

Specification (1) shows that size effect and momentum are strong and statistically sig-

nificant in distressed stocks while the value premium has the right sign but statistically

19One interesting pattern in Table 7 is the apparent inverse U-shaped pattern of returns across VG1,
VG2, and VG3 terciles for each of the characteristic portfolio (for example, returns of 0.49%, 1.04%, and
0.32% for S1 stocks in Panel A). This pattern is explained by recalling that the VG terciles are based on the
absolute value of the log of the relative value. Thus, each VG tercile can contain both under- and overvalued
stocks. The average returns, therefore, depend on the proportions of under- and overvalued firms within
each VG tercile. The proportion of firms that are undervalued is 41%, 71%, and 60% in VG1, VG2, and
VG3, respectively (of course, the level of undervaluation is lower in VG1 than that in VG3 stocks). The
U-shaped pattern, therefore, just indicates that VG2 contains more undervalued firms than VG1 and VG3.
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insignificant.20 Specifications (2) to (4) add the value gap and its interaction with a stock

characteristic one at a time. The interaction effects show that size, value, and momentum

effect are indeed stronger in firms with higher value gap, consistent with the portfolio results

of Table 7. At the same time, though, statistical significance is reduced. When we include

all the interaction effects in specification (5), we find that the the anomalies are stronger in

bigger value gap firms, albeit at 10% statistical significance level.

4.3 Robustness checks

We again conduct a variety of robustness checks in this subsection similar to those in Sec-

tion 3.5.

4.3.1 Subsamples

We start by analyzing the robustness of our results in various subsamples in Table 9. Panel

A shows that the size effect is strong in January but non-existent in other months, consistent

with the prior literature. However, even within the months of January, size effect is stronger

in VG3 tercile (CAPM alpha of 10.25%) than that in VG1 tercile (CAPM alpha of 6.16%).

The average returns to the long-short portfolio are higher during expansions than during

recessions. In fact, there is no economically or statistically significant size effect in VG1

and VG2 terciles during recessions. For our interest, though, the size effect is the strongest

in VG3 tercile in all states of the economy. Finally, calendar patterns reveal that the size

effect was weak in the 1980s, which is consistent with other documented evidence (see, for

example, Fama and French (1992)), but made a strong comeback in the 1990s and is also

strong in the first decade of this century. Even in the 1980s, however, the size effect is again

the strongest in VG3 tercile.

Panel B for the value effect echoes many of the results on Panel A; value effect does

not exist for January for VG1 tercile but is strongest in January for VG3 tercile. The

January effect for value/growth stocks is consistent with Hawawini and Keim (1999). There

is also some weak evidence that value effect is stronger in recessions than in expansions

(average long-short portfolio return across the three terciles is 1.05% in recessions but only

0.58% in expansions). However, the difference in the long-short portfolio return between the

VG3 and the VG1 tercile is lower in recessions (1.49 − 0.85 = 0.64%) than in expansions

(1.26 − (−0.33) = 1.61%). Finally, the value effect is strong in VG3 tercile in the 1980s and

20The results of the first regression in Table 8 are similar, but not exactly the same, as those in Table 6 be-
cause we sort independently in portfolios while the regressions are performed only on the subset of distressed
firms.
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1990s but weak, and statistically insignificant, in the 2000s.

Finally, Panel C analyzes the momentum effect in subsamples. Jegadeesh and Titman

(1993) show that momentum returns are negative during January and we replicate that

finding for our sample and show that most of these negative returns are concentrated in the

VG3 tercile. Asness, Moskowitz, and Pedersen (2009) report a business cycle component to

momentum returns. We also find that momentum returns are stronger in expansions than

during recessions. However, they are stronger for VG3 tercile than for VG1 tercile in all

states of the economy. The calendar patterns reveal, though, that difference in momentum

returns across the value gap terciles is present only during 2000s.

In sum, our earlier results on the relative strength of anomalies in various value gap

terciles of distressed stocks are robust across various subsamples,with occasional exceptions.

4.3.2 Different horizons

Table 10 reports the results of increasing the holding period. Specifically, we consider holding

periods of six, 12, and 18 months for size- and value-effects. Since the holding period is six

months for momentum anomaly in our main results, we consider holding periods of only

12 and 18 months for this anomaly in this section. All overlapping portfolios are equally-

weighted.

As before, we report only the excess returns and CAPM alphas for long-short portfolios

sorted on firm characteristics for the three value gap terciles. Panel A shows that the size

anomaly is robust across longer horizons. CAPM alpha for the small−big portfolio declines

slightly from 1.74% for three-months to 1.45% for six-months and 1.22% for one-year holding

period. For each horizon, however, the excess returns and the CAPM alpha are larger for

VG3 tercile than those for VG1 tercile.

Panel B shows very similar results for value anomaly. Here the decline in excess returns/

alphas is economically less significant for longer horizons. For example, the CAPM alpha

for the value−growth portfolio for horizons of three, six, 12, and 18 months is 1.24%, 1.23%,

1.03%, and 1.09% respectively. In each case, again, the returns are higher for VG3 tercile

than those for VG1 tercile.

Panel C shows that momentum strategy weakens considerably at longer horizons, as

expected. For instance, the CAPM alpha for winner−loser portfolio halves from 1.06% for

six-month horizon to only 0.52% for 12-month horizon and economically insignificant 0.13%

for 18-month horizon. In each case, however, the magnitude is still higher for VG3 tercile

than that for VG1 tercile. We conclude that our results are robust to different horizons.
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4.3.3 Different distress measures

We finally explore the sensitivity of results to the distress measure in Table 11. Panels A

and B show that the size-effect and the value-effect are strongest for VG3 tercile regardless

of which measure we use. At the same time, the absolute magnitude of long-short portfolio

returns varies depending on the distress measure. In fact, the returns are, in general, highest

for the CHS measure. This underscores the efficacy of the CHS measure (using accounting

and market data) to best identify distressed firms. For our goal in this section of documenting

robustness of our results to various risk measures though, this has no material effect. Panel C

shows again that the momentum returns are highest for VG3 tercile for all distress measures.

The biggest difference between VG3 and VG1 tercile is, however, obtained for credit rating

based distress measure. We conclude that our results are robust to different measures of

distress.

4.4 Discussion

Arbitrage risk has been frequently suggested in the literature to explain anomalies (Shleifer

and Vishny (1997)). The idea is that trading impediments, such as short selling, limited

capital, and/or poor liquidity prevent arbitrageurs from exploiting the anomalous return

patterns. Empirical evidence on the limits to arbitrage is mixed. For example, Doukas, Kim,

and Pantzalis (2010) find that arbitrage risk is positively related to mispricing, while Brav,

Heaton, and Li (2010) reject this argument for both under- and overvaluation anomalies.

We believe that arbitrage risk is not enough to explain our results. It is true that dis-

tressed stocks are small, illiquid, have low institutional ownership, fewer analyst coverage,

and higher beta and idiosyncratic risk (Table 1), all proxies for higher arbitrage risk. How-

ever, we have reported in this paper that anomalies are located only in a subset of distressed

stocks, namely the misvalued stocks. The real test of the limits of arbitrage argument to

explain anomalies in distressed stocks is, therefore, whether there are cross-sectional differ-

ences, vis-à-vis arbitrage risk proxies, between different groups of distressed stocks.

We explore this issue further in this section. We sort all stocks into five quintiles (least

distressed, D1, to most distressed, D5) based on CHS distress-risk measure using current

market data and quarterly accounting data of the previous quarter. All stocks in the D5

quintile (most distressed firms) are further sorted into three equal-sized portfolios based on

our valuation model. The second sorting is done based on the value gap.

Table 12 reports the characteristics of these portfolios. The table shows the mean and

median for a set of variables. Both VG1 and VG3 stocks are illiquid but there is no appre-
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ciable difference in illiquidity across these groups of stocks. There is also no economically or

statistically significant difference in standard deviation of returns, institutional ownership, or

number of analysts across stocks sorted by value gap. For example, institutional ownership

is 17% and standard deviation of returns is 6.5%-7.0% for both VG1 and VG3 terciles. Thus

common proxies of arbitrage risk do not suggest any differences between fairly valued and

misvalued stocks. We, thus, find little evidence to support the limits to arbitrage argument

but more suggestive evidence to support misvaluation story.

5 Conclusion

Distressed equities are embedded with a default option giving rise to a striking similarity

between equity value and the value of a financial call option. We believe that a meaning-

ful valuation model should take this optionality into account. We build such a model by

explicitly accounting for the value of the option to default. Our model does a good job

separating over- and undervalued stocks. The long-short strategy that buys stocks classified

as undervalued by our model and shorts overvalued stocks generates an annual CAPM alpha

of about 19%. This performance is robust to various sample splits and holding periods.

Furthermore, a similar strategy produces significantly worse results for less distressed stocks

articulating the importance of the option to default as the key ingredient of our model. This

together with anecdotal evidence from examining various analyst reports suggests that in

general investors do not recognize the option-like nature of distressed equities and do not

value them accordingly.

We also argue that investors’ inability to value distressed equities is related to the fact

that return anomalies are concentrated among financially distressed stocks. We posit that

distressed stocks are inherently hard to value and have characteristics that render standard

valuation techniques like DCF or valuation by multiples inappropriate. In particular, the

majority of distressed stocks have negative earnings, and extremely volatile sales and cash

flows. Furthermore, these firms have low analyst coverage and high dispersion of analyst

forecasts. These valuation difficulties create valuation uncertainty and provide a fruitful

ground for return anomalies to persist.

To support this view, we deploy our valuation model to further classify stocks into fairly

priced versus mispriced based on their relative valuation (market value versus our valuation

measure). If anomalies are driven by investors’ inability to value distressed stocks correctly,

we expect anomalies to be stronger amongst most misvalued stocks. The results support

our conjecture. We find that size, value, and momentum anomalies are all concentrated
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among most misvalued stocks (as classified by our model). The results are robust to various

subsamples, return horizons, and alternative distress measures. We also find that difficulty

to arbitrage alone cannot account for our findings. Overall, our evidence suggests that

investors’ inability to value distressed securities gives rise to the documented anomalies.
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Appendix A: Numerical Details on the Valuation Model

In this appendix we summarize the numerical algorithm that we use to compute the value
of equity of a distressed firm as well the optimal default boundary.

For convenience we introduce a new variable yt = log(xt), that follows an arithmetic
Browninan motion under the risk-neutral measure:

dyt =

(

µQ − σ2

2

)

dt + σdWt. (A1)

We then discretize the problem by using a two-dimensional grid Ny×Nt with the correspond-
ing increments of y and t given by dy and dt, where dy = (ymax − ymin)/Ny and dt = T/Nt,
where T is some terminal value. In our model the firm becomes debt-free after five years
(when the long-term debt is repaid) but continues to pay the fixed cost (so the firm has a
positive probability of abandoning operations even after debt is repaid) and is still subject
to the distress cost η (which kicks in whenever the net cash flow to equityholders falls below
zero). At time T we approximate the value of equity by the corresponding value of an un-
levered firm with no financing constraints but still subject to the fixed cost payment F . It
is straightforward to show that this value is given by:

E(yT ) =







eyT

r−µQ
− F

r
−

(

eyT

xl

)β (

xl

r−µQ
− F

r

)

if yT > log(xl)

0 otherwise,
(A2)

where xl is the optimal exit boundary of an unconstrained firm given by xl = β

β−1

F (r−µQ)

r
,

and β = 1
2
− µQ

σ2 −
√

(

1
2
− µQ

σ2

)2
+ 2r

σ2 . The term eyT

r−µQ
− F

r
in (A2) is the present value of

running an unlevered firm forever, while the term that follows is the value of the option to
exit operation. (This value is still positive as long as F > 0.)

We then iterate backwards using a binomial approximation of the Brownian motion (see,
for example, Dixit and Pindyck (1994)). At each node the equityholders have an option to
default. They will default if the present value (under Q) of running the firm for one more
period is negative:

E(n dy, m dt) = max {(1 − rdt) [puE((n + 1)dy, (m + 1)dt) + pdE((n − 1)dy, (m + 1)dt]

+PR(en dy − Ct − F )(1 − τ + η1en dy−Ct−F<0)dt, 0
}

, (A3)

where

pu = 0.5 +

(

µQ − σ2

2

)

√
dt

2σ
, pd = 1 − pu, dy = σ

√
dt,

and PR is the payout ratio.

Equation (A3) shows that at each node the value of equity is given by the discounted
present value of equity the next time period plus the cash flows that equityholders receive
over the time period dt. If this value is negative, then the firm is below the optimal default
boundary so it is optimal for equityholders to default, in which case the value of equity is
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zero. (We assume that the absolute priority rule is enforced if bankruptcy occurs and the
residual payout to equityholders is zero.)

To get a reasonable balance between execution speed and accuracy we set dt = 0.1,
ymin = −5, ymax = 10, and T = 30 in implementing this algorithm.

Table A1 provides summary statistics on the inputs to our model for distressed stocks.
Wherever possible, we contrast these statistics with those for the least distressed firms (not
reported in the table). The average capital expenditure to sales ratio for distressed stocks is
8.4%, which is not significantly different from that least distressed firms (7.3%). However,
distressed firms exhibit very high volatility of sales; the average annualized volatility of sales
during our sample is 67% (versus 31% for least distressed firms). Perhaps unsurprisingly,
the distressed firms have fairly high leverage (average short-term plus long-term debt as a
fraction of the sum of the short and long term debt and common equity is 37%, which is
much higher than that of a typical firm (10%) over this sample period. At the same time,
fixed costs are very high for distressed firms averaging 49% of sales, which is more than twice
that of least distressed firms (23%). This highlights the fact that our model captures both
economic and financial distress. A zero-leverage firm can continue operating for some time
with negative cash flows but the equityholders have the option to optimally exit (‘default’)
– this option value is accounted for by our model. Finally, consistent with the evidence in
Table 1, distressed firms have negative gross margin, on average. The overall median gross
margin is, however, positive at 27%. We, thus, use the geometric version of our model for
the majority of distressed stocks.
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Table 1: Characteristics of Distress-Risk Sorted Portfolios
Each calendar quarter, we sort all stocks into five equal-sized quintiles (least distressed, D1, to most

distressed, D5) based on CHS (2008) distress-risk measure using current market data and quarterly
accounting data of the previous quarter. The table presents descriptive statistics for each portfolio,

where for all variables, observations outside the top and the bottom percentiles are excluded. For
each characteristic, we first calculate the cross-sectional mean and median across stocks for each
portfolio. The table then reports the time-series averages of these means and medians. Size is

equity value (in millions of dollars). Market-to-book ratio is equity market value divided by equity
book value. Market beta is measured by regression of stock return on market return over the

past 60 months. Standard deviation of daily stock returns (reported in percent) is based market-
adjusted stock return in the past year. Share turnover is trading volume scaled by total shares

outstanding. Amihud’s illiquidity is the monthly average of daily ratios of absolute return to dollar
trading volume (in millions). Percent of firms with negative earnings is based on the net income

in the previous calendar year. Number of analysts covering the firm is measured by the number
of forecasts appearing in IBES. Standard deviation of analysts’ forecasts is also calculated from

IBES data. Equity issuance (reported in percent) is measured by the difference between the sale
and purchase of common and preferred stock during the year, scaled by equity market value at
the beginning of the year. Institutional ownership (reported in percent) is the sum of all shares

held by institutions divided by total shares outstanding. The table also shows the portfolios’ mean
excess monthly returns (in excess of the riskfree rate) and alphas from factor models. The CAPM

one-factor model uses the market factor. The three factors in the 3-factor model are the Fama
and French (1993) factors. The four factors in the 4-factor model are the Fama-French factors

augmented with a momentum factor. All returns and alphas are in percent per month and the
corresponding t-statistics are in parentheses. The sample period is 1983 to 2009.
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D1 D2 D3 D4 D5 D1–D5

Size Mean 2,447.6 2,026.3 1,300.5 472.8 113.0
Median 520.7 445.1 220.6 79.7 26.2

Market-to-book ratio Mean 2.20 2.06 1.78 1.75 1.93
Median 1.98 1.75 1.46 1.28 1.23

Market beta Mean 1.00 1.03 1.02 1.06 1.30
Median 0.93 0.95 0.92 0.93 1.22

Stdev of stock returns Mean 2.4 2.6 2.9 3.9 6.4
Median 2.2 2.4 2.6 3.6 6.0

Share turnover Mean 0.11 0.11 0.09 0.08 0.09

Median 0.07 0.07 0.06 0.04 0.05

Amihud’s illiquidity Mean 0.84 1.08 2.12 5.68 17.76

Median 0.03 0.04 0.11 0.58 3.27

% of negative earnings Mean 3.2 8.5 17.8 38.1 79.3

Median 0.0 0.0 0.0 8.6 98.5

Number of analysts Mean 4.74 4.50 3.71 2.95 2.30

Median 3.46 3.36 2.72 2.04 1.54

Stdev of analysts’ forecasts Mean 0.03 0.04 0.06 0.07 0.12

Median 0.02 0.02 0.03 0.05 0.09

Equity issuance Mean -0.2 0.6 1.3 2.6 7.2

Median -0.1 0.1 0.1 0.1 0.4

Institutional ownership Mean 48.0 45.4 37.2 27.8 19.1
Median 50.3 46.7 35.0 22.1 13.0

Excess return 0.75 0.55 0.49 0.31 -0.22 0.96

(3.26) (2.22) (1.64) (0.78) (-0.41) (2.27)

CAPM alpha 0.25 0.00 -0.15 -0.47 -1.13 1.38

(3.66) (0.05) (-1.52) (-2.38) (-3.23) (3.58)

3-factor alpha 0.29 0.01 -0.28 -0.64 -1.16 1.46

(4.35) (0.22) (-3.19) (-3.51) (-3.97) (4.44)

4-factor alpha 0.16 0.04 -0.11 -0.19 -0.58 0.74

(2.73) (0.72) (-1.39) (-1.35) (-2.30) (2.74)
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Table 2: Characteristics of Portfolios Sorted on Distress Risk and Relative Model

Value
Each calendar quarter, we sort all stocks into five quintiles (least distressed, D1, to most distressed,

D5) based on CHS (2008) distress-risk measure using current market data and quarterly accounting
data of the previous quarter. All stock are also independently sorted into three equal-sized portfolios

according to the ratio of the equity value implied by our valuation model to the actual equity
value (R1=most overvalued, R3=most undervalued). The holding period for all portfolios is three

months. Column with heading ‘No value’ reports statistics on stocks for which we are unable to
compute model value. We report size (in millions of dollars), market-to-book ratio (equity market

value divided by equity book value), past six-month returns, and equity issuance of stocks in these
quintiles. Equity issuance (reported in percent) is measured by the difference between the sale
and purchase of common and preferred stock during the year, scaled by equity market value at

the beginning of the year. Value gap in Panel E is defined as the percentage difference between
the equity value implied by our valuation model and the actual equity value. Panel F reports the

proportion (in percentage) of default option value in the equity value implied by our valuation
model. The sample period is 1983 to 2009.

No value R1 R2 R3 No value R1 R2 R3

Panel A: Size Panel B: Market-to-book
D1 3,185.7 3,363.3 2,480.4 1,190.7 2.71 3.99 2.89 2.00

D2 2,989.2 2,332.1 1,983.7 1,085.8 2.35 4.06 2.77 1.95
D3 2,525.1 1,303.6 1,147.5 545.3 2.29 3.45 2.19 1.55

D4 1,055.5 510.6 424.9 200.7 2.97 3.85 2.00 1.35
D5 145.8 142.2 117.0 54.2 3.65 4.15 2.48 1.29

Panel C: Past return Panel D: Equity issuance
D1 17.5 23.7 16.0 13.5 0.10 0.60 -0.38 -0.99

D2 11.3 16.1 9.6 9.4 0.98 1.56 0.42 -0.48
D3 9.1 11.2 7.5 6.5 1.74 2.43 1.26 0.18

D4 6.0 7.1 3.8 2.0 3.48 4.04 2.28 1.05
D5 -0.8 0.7 -0.8 -7.2 9.68 9.35 6.70 4.78

Panel E: Value gap Panel F: % Default option value
D1 — -52 19 205 — 12 9 13

D2 — -62 24 278 — 17 12 15
D3 — -70 35 368 — 22 13 16
D4 — -77 50 515 — 28 17 18

D5 — -85 70 866 — 35 30 25
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Table 3: Portfolio Returns of Sorts on Distress Risk and Relative Model Value
Each calendar quarter, we sort all stocks into five quintiles (least distressed, D1, to most distressed,

D5) based on CHS (2008) distress-risk measure using current market data and quarterly accounting
data of the previous quarter. All stock are also independently sorted into three equal-sized portfolios

according to the ratio of the equity value implied by our valuation model to the actual equity value
(R1=most overvalued, R3=most undervalued). The holding period for all portfolios is three months.
Column with heading ‘No value’ reports statistics on stocks for which we are unable to compute

model value. The table shows the portfolios’ mean excess monthly returns (in excess of the riskfree
rate) and alphas from factor models. The CAPM one-factor model uses the market factor. The

three factors in the 3-factor model are the Fama-French factors (market, size and book-to-market).
The four factors in the 4-factor model are the Fama-French factors augmented with a momentum

factor. All returns and alphas are in percent per month and the corresponding t-statistics are in
parentheses. The sample period is 1983 to 2009.

No value R1 R2 R3 R3−R1 No value R1 R2 R3 R3−R1

Panel A: Excess return Panel B: CAPM alpha

D1 0.53 0.79 0.77 0.88 0.09 0.12 0.26 0.34 0.42 0.17
(2.33) (2.78) (3.32) (3.41) (0.53) (0.90) (2.23) (3.38) (3.23) (0.95)

D2 0.64 0.35 0.65 0.89 0.54 0.23 -0.28 0.16 0.39 0.67
(2.93) (1.08) (2.46) (3.16) (2.41) (2.01) (-2.34) (1.35) (2.65) (3.10)

D3 0.44 0.21 0.85 1.17 0.97 -0.14 -0.45 0.30 0.61 1.06
(1.46) (0.59) (2.73) (3.45) (3.99) (-1.00) (-3.27) (1.92) (3.06) (4.38)

D4 0.55 -0.17 0.26 0.80 0.97 -0.16 -0.99 -0.39 0.21 1.20
(1.37) (-0.35) (0.65) (2.04) (2.92) (-0.66) (-3.95) (-1.58) (0.77) (3.79)

D5 -0.35 -0.85 -0.09 0.66 1.51 -1.23 -1.75 -0.90 -0.14 1.61
(-0.55) (-1.43) (-0.16) (1.10) (3.60) (-2.49) (-4.29) (-2.29) (-0.30) (3.82)

Panel C: 3-factor alpha Panel D: 4-factor alpha
D1 0.08 0.37 0.28 0.27 -0.09 0.00 0.19 0.24 0.30 0.11

(0.62) (3.30) (2.81) (2.24) (-0.61) (-0.01) (1.94) (2.40) (2.46) (0.79)

D2 0.17 -0.16 0.04 0.20 0.36 0.13 -0.15 0.12 0.32 0.48
(1.74) (-1.42) (0.36) (1.50) (1.91) (1.30) (-1.34) (1.06) (2.50) (2.55)

D3 -0.33 -0.44 0.08 0.28 0.72 -0.20 -0.30 0.27 0.53 0.84
(-2.70) (-3.20) (0.59) (1.73) (3.40) (-1.68) (-2.25) (2.20) (3.67) (3.91)

D4 -0.42 -0.91 -0.63 -0.14 0.78 -0.11 -0.53 -0.13 0.33 0.86
(-1.85) (-3.89) (-2.72) (-0.62) (2.76) (-0.50) (-2.53) (-0.74) (1.92) (3.03)

D5 -1.24 -1.63 -0.87 -0.54 1.09 -0.76 -1.12 -0.32 0.21 1.33
(-2.78) (-4.79) (-2.69) (-1.39) (2.86) (-1.77) (-3.61) (-1.12) (0.66) (3.47)

37



Table 4: Fama-MacBeth Regressions on Distress Risk and Relative Model Value

We run cross-sectional Fama and MacBeth (1973) regressions each month on excess stock returns.

The independent variables are (log) market capitalization, (log) market-to-book, past six-month
return, CHS (2008) distress-risk measure, and relative model value. Market-to-book ratio is calcu-

lated as the ratio of current market value divided by book value of the previous quarter. We skip
one month in calculating the six-month returns. Relative model value is the ratio of the equity

value implied by our valuation model to the actual equity value. All coefficients are multiplied by
100 and Newey-West corrected t-statistics (with six lags) are in parentheses. The sample period is

1983 to 2009.

(1) (2) (3) (4)

Cnst 0.364 -1.242 1.165 0.228
(0.46) (-1.16) (0.95) (0.13)

Log(size) 0.013 -0.113 -0.070 -0.255
(0.27) (-3.51) (-0.66) (-1.66)

Log(MB) -0.106 -0.172 -0.008 -0.062
(-1.81) (-2.93) (-0.14) (-0.95)

Past return 0.658 0.365 0.860 0.364
(3.10) (1.98) (2.79) (1.91)

CHS -0.422 -0.394
(-4.59) (-4.36)

Relative model value 0.138 0.221

(5.37) (4.10)

CHS×Relative model value 0.020

(2.59)
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Table 5: Robustness Checks on Portfolio Returns of Distressed Stocks Sorted

on Relative Model Value
Each calendar quarter, we sort all stocks into five quintiles (least distressed, D1, to most distressed,

D5) based on CHS (2008) distress-risk measure using current market data and quarterly accounting
data of the previous quarter. All stock are also independently sorted into three equal-sized portfolios

according to the ratio of the equity value implied by our valuation model to the actual equity value
(R1=most overvalued, R3=most undervalued). The holding period for all portfolios is three months.

The table shows the mean excess monthly returns (in excess of the riskfree rate) and CAPM alphas
of only the D5 portfolio. All returns and alphas are in percent per month and the corresponding

t-statistics are in parentheses. The full sample period is 1983 to 2009. The full sample period
is broken up three different ways into subsamples in Panel A. Recession and expansion periods
are based on NBER recession dummy. The holding period is increased to six, 12, and 18 months

in Panel B. Panel C considers alternative measures of distress. These are (i) KMV measure using
quarterly data on short- and long-term liabilities (distressed firms are those with KMV’s probability

of bankruptcy higher than 0.25), (ii) Credit rating based on S&P long-term bond rating (distressed
firms are those with rating of BB+ and lower), and (iii) Z-score based on Altman (1968) using

quarterly accounting data (distressed firms are those with Z-score lower than 1.81). The first row
of the table provides the base results (same as those in Table 3).
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R1 R2 R3 R3−R1 R1 R2 R3 R3−R1

Excess return CAPM alpha

Full sample -0.85 -0.09 0.66 1.51 -1.75 -0.90 -0.14 1.61

(-1.43) (-0.16) (1.10) (3.60) (-4.29) (-2.29) (-0.30) (3.82)

Panel A: Sub-samples

January 6.53 7.33 7.45 0.92 5.48 6.15 6.03 0.55

(3.16) (3.29) (2.98) (0.54) (2.84) (3.00) (2.67) (0.32)

Non-January -1.52 -0.76 0.04 1.56 -2.37 -1.51 -0.68 1.69

(-2.51) (-1.38) (0.07) (3.62) (-6.08) (-4.13) (-1.53) (3.88)

Recession -4.07 -0.80 0.80 4.87 -2.03 0.96 3.06 5.09
(-1.78) (-0.38) (0.29) (2.90) (-1.65) (0.74) (1.67) (2.97)

Expansion -0.40 0.01 0.64 1.04 -1.65 -1.15 -0.40 1.25
(-0.68) (0.02) (1.13) (2.56) (-3.77) (-2.81) (-0.88) (3.01)

1980s -1.49 -1.18 -0.59 0.90 -2.40 -2.05 -1.50 0.90
(-1.68) (-1.44) (-0.66) (1.87) (-4.17) (-4.43) (-2.73) (1.77)

1990s 0.00 0.56 0.56 0.55 -1.37 -0.79 -0.54 0.83
(0.00) (0.74) (0.75) (0.97) (-2.58) (-1.32) (-0.82) (1.41)

2000s -1.32 -0.07 1.52 2.84 -1.12 0.10 1.70 2.82
(-1.04) (-0.06) (1.21) (3.20) (-1.41) (0.13) (1.92) (3.19)

Panel B: Longer Horizon

6 months -0.63 0.06 0.73 1.36 -1.59 -0.85 -0.12 1.47
(-1.02) (0.10) (1.22) (3.35) (-3.67) (-2.10) (-0.26) (3.62)

12 months -0.59 0.14 0.66 1.25 -1.55 -0.77 -0.18 1.37
(-0.95) (0.24) (1.12) (3.23) (-3.50) (-1.87) (-0.40) (3.54)

18 months -0.41 0.15 0.52 0.93 -1.29 -0.69 -0.26 1.03
(-0.64) (0.25) (0.84) (2.43) (-2.82) (-1.60) (-0.56) (2.71)

Panel C: Alternative Measures of Distress

KMV -0.54 0.51 0.21 0.75 -1.22 -0.05 -0.28 0.94
(-0.79) (0.83) (0.34) (1.55) (-3.50) (-0.13) (-0.60) (2.04)

Credit rating 0.39 0.68 0.89 0.50 -0.29 0.05 0.26 0.55
(0.95) (1.92) (2.32) (1.42) (-1.59) (0.23) (1.03) (1.82)

Z-score 0.01 0.34 0.93 0.92 -0.67 -0.23 0.31 0.98
(0.03) (1.03) (2.34) (3.13) (-3.57) (-1.37) (-0.37) (3.33)
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Table 6: Returns of Portfolios Sorted on Distress Risk and Firm Characteristics
We sort all stocks independently into distress-risk quintiles (least distressed, D1, to most distressed, D5) and quintiles based on another

stock characteristic. The distress-risk measure is based on CHS (2008) using current market data and quarterly accounting data of the
previous quarter. The stock characteristic is market capitalization (S1=small, S5=big) in Panel A, market-to-book ratio (MB1=value,

MB5=growth) in Panel B, and past six-month returns (MO1=losers, MO5=winners) in Panel C. Market-to-book ratio is calculated as
the ratio of current market value divided by book value of the previous quarter. We skip one month in calculating the six-month returns.
Sorting is done at the end of each calendar quarter and the holding period is three months for Panels A and B. Sorting is done at the

end of each month and the holding period is six months in Panel C (the resulting overlapping portfolios are equally-weighted). The table
shows the value-weighted 25 portfolios’ mean excess monthly returns (in excess of the riskfree rate) and CAPM alphas. All returns and

alphas are in percent per month and the corresponding t-statistics are in parentheses. The sample period is 1983 to 2009.

D1 D2 D3 D4 D5 D1−D5 D1 D2 D3 D4 D5 D1−D5
Excess return CAPM alpha

Panel A: Distress-risk and size sorted portfolios

S1 (small) 1.48 1.27 0.84 0.85 0.24 1.24 1.08 0.85 0.42 0.40 -0.42 1.50

(5.45) (4.27) (2.95) (2.75) (0.45) (3.32) (5.31) (3.69) (1.97) (1.72) (-0.95) (4.19)

S2 1.23 1.16 0.71 0.42 -0.34 1.58 0.81 0.66 0.24 -0.14 -1.13 1.94
(4.84) (3.91) (2.49) (1.26) (-0.63) (4.23) (4.81) (3.42) (1.26) (-0.62) (-2.77) (5.74)

S3 1.03 0.85 0.75 0.38 -0.22 1.25 0.52 0.29 0.18 -0.31 -1.11 1.64
(3.68) (2.78) (2.43) (0.97) (-0.39) (3.12) (3.26) (1.69) (1.06) (-1.31) (-2.76) (4.48)

S4 0.90 0.76 0.74 0.42 0.00 0.90 0.35 0.17 0.14 -0.33 -0.97 1.32
(3.16) (2.53) (2.43) (1.03) (0.00) (2.13) (2.51) (1.24) (1.03) (-1.49) (-2.52) (3.46)

S5 (big) 0.70 0.59 0.47 0.28 -0.06 0.76 0.22 0.06 -0.15 -0.49 -0.97 1.19
(3.03) (2.41) (1.56) (0.68) (-0.09) (1.48) (2.98) (1.14) (-1.40) (-2.19) (-2.20) (2.50)

S1−S5 0.78 0.69 0.37 0.56 0.30 0.86 0.79 0.58 0.90 0.55
(3.38) (2.68) (1.40) (1.78) (0.64) (3.76) (3.12) (2.34) (3.21) (1.23)
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D1 D2 D3 D4 D5 D1−D5 D1 D2 D3 D4 D5 D1−D5
Excess return CAPM alpha

Panel B: Distress-risk and market-to-book sorted portfolios

MB1 (value) 0.83 0.75 0.82 0.38 -0.15 0.99 0.45 0.32 0.29 -0.37 -1.05 1.50
(3.46) (2.84) (2.68) (0.85) (-0.27) (1.97) (2.67) (1.79) (1.52) (-1.28) (-2.59) (3.36)

MB2 0.89 0.75 0.91 0.48 0.04 0.85 0.45 0.33 0.35 -0.19 -0.83 1.28
(3.65) (3.10) (2.96) (1.21) (0.07) (1.83) (3.18) (2.21) (2.00) (-0.74) (-2.08) (3.02)

MB3 0.91 0.66 0.67 0.30 0.45 0.46 0.47 0.17 0.10 -0.41 -0.38 0.85
(3.83) (2.66) (2.20) (0.77) (0.85) (1.02) (3.60) (1.52) (0.61) (-1.85) (-0.97) (2.02)

MB4 0.67 0.59 0.59 0.26 -0.47 1.15 0.19 0.07 -0.01 -0.42 -1.36 1.55
(2.79) (2.31) (1.90) (0.64) (-0.80) (2.21) (1.86) (0.72) (-0.09) (-1.63) (-3.06) (3.16)

MB5 (growth) 0.72 0.42 0.15 0.08 -0.93 1.65 0.21 -0.20 -0.56 -0.83 -1.81 2.03
(2.85) (1.38) (0.42) (0.16) (-1.63) (3.50) (2.04) (-1.88) (-3.40) (-2.82) (-4.43) (4.58)

MB1−MB5 0.12 0.34 0.67 0.30 0.78 0.24 0.52 0.85 0.46 0.77
(0.57) (1.36) (2.50) (0.73) (1.98) (1.22) (2.22) (3.26) (1.13) (1.94)

Panel C: Distress-risk and past return sorted portfolios

MO1 (losers) 0.99 0.54 0.46 -0.17 -0.61 1.60 0.36 -0.13 -0.24 -1.00 -1.54 1.90
(2.91) (1.53) (1.24) (-0.37) (-1.08) (4.24) (1.93) (-0.68) (-1.24) (-3.77) (-4.05) (5.36)

MO2 0.84 0.64 0.44 0.16 -0.14 0.98 0.33 0.10 -0.18 -0.58 -0.97 1.30
(3.25) (2.37) (1.41) (0.41) (-0.29) (2.75) (2.82) (0.88) (-1.31) (-3.03) (-3.20) (4.00)

MO3 0.74 0.55 0.51 0.37 0.17 0.57 0.27 0.04 -0.07 -0.32 -0.61 0.88
(3.26) (2.30) (1.76) (1.04) (0.36) (1.54) (3.44) (0.65) (-0.53) (-1.87) (-2.00) (2.54)

MO4 0.70 0.57 0.54 0.40 0.32 0.38 0.23 0.06 -0.02 -0.22 -0.46 0.69

(3.04) (2.36) (1.97) (1.24) (0.70) (1.07) (2.74) (0.87) (-0.23) (-1.27) (-1.58) (2.06)

MO5 (winners) 0.80 0.70 0.67 0.54 0.58 0.22 0.23 0.09 0.00 -0.21 -0.24 0.46

(2.68) (2.25) (1.96) (1.34) (1.20) (0.66) (1.54) (0.62) (0.00) (-0.95) (-0.75) (1.45)

MO5−MO1 -0.19 0.16 0.21 0.71 1.19 -0.13 0.21 0.24 0.80 1.31

(-0.71) (0.60) (0.76) (2.21) (3.60) (-0.50) (0.78) (0.85) (2.48) (3.98)
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Table 7: Returns of Distressed Stock Portfolios Sorted on Relative Model Value

and Firm Characteristics
We sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS

(2008) distress-risk measure using current market data and quarterly accounting data of the previ-
ous quarter. All stock in the D5 quintile (most distressed firms) are further sorted independently

into three portfolios based on value gap and three portfolios based on a stock characteristic. Value
gap is defined as the absolute value of the log of the ratio of the equity value implied by our valua-

tion model and the actual equity value. Portfolio VG1 has the least value gap while portfolio VG3
has the highest value gap. The stock characteristic is market capitalization (S1=small, S3=big) in

Panel A, market-to-book ratio (MB1=value, MB3=growth) in Panel B, and past six-month returns
(MO1=losers, MO3=winners) in Panel C. Market-to-book ratio is calculated as the ratio of current
market value divided by book value of the previous quarter. We skip one month in calculating

the six-month returns. Sorting is done at the end of each calendar quarter and the holding period
is three months for Panels A and B. Sorting is done at the end of each month and the holding

period is six months in Panel C (the resulting overlapping portfolios are equally-weighted). We
calculate value-weighted monthly return of each of the resulting nine portfolios. The table shows

the portfolios’ mean excess monthly returns (in excess of the riskfree rate) and CAPM alphas. All
returns and alphas are in percent per month and the corresponding t-statistics are in parentheses.

The sample period is 1983 to 2009.
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VG1 VG2 VG3 VG3−VG1 VG1 VG2 VG3 VG3−VG1

Excess return CAPM alpha

Panel A: Distress-risk and size sorted portfolios

S1 (small) 0.49 1.04 0.32 -0.17 -0.09 0.45 -0.20 -0.11
(0.85) (1.90) (0.58) (-0.46) (-0.18) (0.96) (-0.41) (-0.29)

S2 -0.27 0.19 -0.63 -0.36 -0.97 -0.49 -1.33 -0.37

(-0.48) (0.36) (-1.07) (-1.24) (-2.06) (-1.13) (-2.74) (-1.26)

S3 (big) -0.17 0.16 -0.97 -0.80 -1.01 -0.70 -1.94 -0.93

(-0.29) (0.26) (-1.52) (-2.43) (-2.54) (-1.62) (-4.43) (-2.84)

S1−S3 0.66 0.88 1.29 0.91 1.15 1.74

(1.51) (2.12) (2.51) (2.19) (2.89) (3.72)

Panel B: Distress-risk and market-to-book sorted portfolios

MB1 (value) -0.52 0.27 -0.38 0.14 -1.33 -0.55 -1.33 -0.01

(-0.76) (0.41) (-0.52) (0.25) (-2.39) (-1.02) (-2.40) (-0.01)

MB2 0.42 0.52 -0.36 -0.77 -0.33 -0.29 -1.23 -0.90

(0.72) (0.85) (-0.53) (-1.58) (-0.72) (-0.60) (-2.34) (-1.85)

MB3 (growth) -0.33 -0.54 -1.66 -1.34 -1.23 -1.45 -2.58 -1.35

(-0.52) (-0.83) (-2.60) (-3.30) (-2.77) (-2.99) (-5.56) (-3.29)

MB1−MB3 -0.19 0.81 1.29 -0.09 0.90 1.24

(-0.41) (1.44) (2.37) (-0.20) (1.57) (2.28)

Panel C: Distress-risk and past return sorted portfolios

MO1 (losers) -0.22 -0.17 -1.24 -1.02 -1.22 -1.15 -2.30 -1.08

(-0.32) (-0.25) (-1.67) (-2.53) (-2.39) (-2.23) (-4.06) (-2.65)

MO2 0.11 0.25 -0.52 -0.63 -0.74 -0.58 -1.46 -0.72

(0.18) (0.44) (-0.83) (-2.00) (-1.73) (-1.41) (-3.21) (-2.30)

MO3 (winners) 0.13 0.70 -0.30 -0.43 -0.74 -0.14 -1.24 -0.50

(0.23) (1.25) (-0.52) (-1.46) (-1.79) (-0.33) (-3.15) (-1.67)

MO3−MO1 0.35 0.87 0.94 0.48 1.02 1.06

(0.95) (2.45) (2.25) (1.30) (2.88) (2.54)

44



Table 8: Fama-MacBeth Regressions of Distressed Stock Returns on Relative

Model Value and Firm Characteristics
We sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS

(2008) distress-risk measure using current market data and quarterly accounting data of the previ-
ous quarter. We run cross-sectional Fama and MacBeth (1973) regressions each month on excess

stock returns of stocks in the D5 quintile (most distressed firms). The independent variables are
(log) market capitalization, (log) market-to-book, past six-month return, CHS (2008) distress-risk

measure, and value gap. Market-to-book ratio is calculated as the ratio of current market value
divided by book value of the previous quarter. We skip one month in calculating the six-month

returns. Value gap is defined as the absolute value of the log of the ratio of the equity value implied
by our valuation model and the actual equity value. All coefficients are multiplied by 100 and
Newey-West corrected t-statistics (with six lags) are in parentheses. The sample period is 1983 to

2009.

(1) (2) (3) (4) (5)

Intercept 3.399 2.465 3.100 3.219 2.442

(3.76) (2.37) (3.22) (3.38) (2.37)

Log(size) -0.358 -0.260 -0.328 -0.338 -0.259

(-5.18) (-3.06) (-4.09) (-4.24) (-3.02)

Log(MB) -0.076 -0.060 -0.004 -0.063 0.007

(-1.35) (-1.13) (-0.08) (-1.18) (0.14)

Past return 0.492 0.397 0.392 0.217 0.180
(3.55) (2.78) (2.77) (1.28) (1.06)

Value gap 0.217 -0.123 -0.132 0.218
(1.20) (-3.49) (-4.06) (1.22)

Log(size)×Value gap -0.037 -0.035
(-1.95) (-1.92)

Log(MB)×Value gap -0.031 -0.037
(-1.42) (-1.65)

Past return×Value gap 0.102 0.123
(1.54) (1.82)

45



Table 9: Sub-Sample Returns of Distressed Stock Portfolios Sorted on Relative

Model Value and Firm Characteristics
We sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS

(2008) distress-risk measure using current market data and quarterly accounting data of the previ-
ous quarter. All stock in the D5 quintile (most distressed firms) are further sorted independently

into three portfolios based on value gap and three portfolios based on a stock characteristic. Value
gap is defined as the absolute value of the log of the ratio of the equity value implied by our valua-

tion model and the actual equity value. Portfolio VG1 has the least value gap while portfolio VG3
has the highest value gap. The stock characteristic is market capitalization (S1=small, S3=big) in

Panel A, market-to-book ratio (MB1=value, MB3=growth) in Panel B, and past six-month returns
(MO1=losers, MO3=winners) in Panel C. Market-to-book ratio is calculated as the ratio of current
market value divided by book value of the previous quarter. We skip one month in calculating

the six-month returns. Sorting is done at the end of each calendar quarter and the holding period
is three months for Panels A and B. Sorting is done at the end of each month and the holding

period is six months in Panel C (the resulting overlapping portfolios are equally-weighted). We
calculate value-weighted monthly return of each of the resulting nine portfolios. The table shows

the portfolios’ mean excess monthly returns (in excess of the riskfree rate) and CAPM alphas. All
returns and alphas are in percent per month and the corresponding t-statistics are in parentheses.

We report the returns for only the long-short portfolio sorted on the firm characteristic. The full
sample period of 1983 to 2009 is broken up three different ways into subsamples. Recession and

expansion periods are based on NBER recession dummy.

VG1 VG2 VG3 VG1 VG2 VG3
Excess return CAPM alpha

Panel A: S1(small)−S3(big) portfolio

Full sample 0.66 0.88 1.29 0.91 1.15 1.74
(1.51) (2.12) (2.51) (2.19) (2.89) (3.72)

January 5.45 5.93 9.50 6.16 6.43 10.25
(3.02) (3.07) (4.11) (3.49) (3.27) (4.42)

Non-January 0.22 0.42 0.54 0.45 0.67 0.97
(0.50) (1.04) (1.09) (1.08) (1.75) (2.20)

Recession 0.07 -0.96 3.59 -0.14 -1.51 2.82
(0.05) (-0.50) (1.79) (-0.10) (-0.80) (1.47)

Expansion 0.74 1.14 0.97 1.20 1.55 1.64

(1.62) (2.91) (1.89) (2.76) (4.17) (3.50)

1980s 0.25 0.22 0.30 0.53 0.48 0.65

(0.36) (0.30) (0.41) (0.80) (0.65) (0.92)
1990s 0.45 1.41 1.37 1.02 2.05 2.14

(0.71) (2.50) (1.76) (1.61) (3.81) (2.83)
2000s 1.10 0.75 1.79 1.06 0.70 1.70

(1.32) (0.93) (1.82) (1.32) (0.91) (2.00)
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VG1 VG2 VG3 VG1 VG2 VG3

Excess return CAPM alpha

Panel B: MB1(value)−MB3(growth) portfolio

Full sample -0.19 0.81 1.29 -0.09 0.90 1.24

(-0.41) (1.44) (2.37) (-0.20) (1.57) (2.28)

January -1.35 1.14 5.37 -1.26 1.47 5.58

(-0.67) (0.52) (2.21) (-0.60) (0.65) (2.20)
Non-January -0.08 0.79 0.92 0.01 0.85 0.87

(-0.18) (1.34) (1.68) (0.02) (1.45) (1.58)

Recession 0.85 0.82 1.49 0.75 0.71 2.17

(0.48) (0.39) (0.58) (0.42) (0.33) (0.85)
Expansion -0.33 0.81 1.26 -0.18 0.95 1.33

(-0.72) (1.41) (2.48) (-0.38) (1.62) (2.57)

1980s -1.43 -0.73 1.64 -1.48 -0.64 1.57
(-1.86) (-1.03) (1.80) (-1.89) (-0.88) (1.69)

1990s -1.11 -0.06 1.75 -0.95 0.35 1.91
(-1.88) (-0.07) (2.21) (-1.56) (0.43) (2.33)

2000s 1.47 2.61 0.61 1.45 2.61 0.63
(1.61) (2.28) (0.59) (1.59) (2.27) (0.61)

Panel C: MO3(winners)−MO1(losers) portfolio

Full sample 0.35 0.87 0.94 0.48 1.02 1.06
(0.95) (2.45) (2.25) (1.30) (2.88) (2.54)

January 0.15 -1.46 -2.70 0.65 -1.00 -2.92
(0.09) (-1.18) (-1.90) (0.38) (-0.80) (-1.97)

Non-January 0.37 1.08 1.27 0.48 1.21 1.39
(0.98) (2.93) (2.94) (1.27) (3.28) (3.24)

Recession -1.36 1.11 0.36 -2.01 0.56 -0.73
(-0.96) (0.93) (0.18) (-1.54) (0.51) (-0.43)

Expansion 0.60 0.84 1.02 0.71 0.98 0.99
(1.62) (2.26) (2.64) (1.88) (2.60) (2.49)

1980s 0.63 0.39 0.63 0.51 0.62 0.54

(1.37) (0.75) (1.15) (1.09) (1.22) (0.96)
1990s 0.89 1.51 1.06 1.01 1.47 0.81

(2.27) (3.40) (2.04) (2.50) (3.20) (1.52)
2000s -0.33 0.48 0.98 -0.38 0.44 0.92

(-0.41) (0.66) (1.12) (-0.49) (0.63) (1.12)
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Table 10: Longer Horizon Returns of Distressed Stock Portfolios Sorted on Rel-

ative Model Value and Firm Characteristics
We sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS

(2008) distress-risk measure using current market data and quarterly accounting data of the previ-
ous quarter. All stock in the D5 quintile (most distressed firms) are further sorted independently

into three portfolios based on value gap and three portfolios based on a stock characteristic. Value
gap is defined as the absolute value of the log of the ratio of the equity value implied by our valua-

tion model and the actual equity value. Portfolio VG1 has the least value gap while portfolio VG3
has the highest value gap. The stock characteristic is market capitalization (S1=small, S3=big)

in Panel A, market-to-book ratio (MB1=value, MB3=growth) in Panel B, and past six-month re-
turns (MO1=losers, MO3=winners) in Panel C. Market-to-book ratio is calculated as the ratio of
current market value divided by book value of the the previous quarter. We skip one month in

calculating the six-month returns. Sorting is done at the end of each calendar quarter and the
holding period is six, 12, and 18 months for Panels A and B. Sorting is done at the end of each

month and the holding period is 12 and 18 months in Panel C (the resulting overlapping portfolios
are equally-weighted). We calculate value-weighted monthly return of each of the resulting nine

portfolios. The table shows the portfolios’ mean excess monthly returns (in excess of the riskfree
rate) and CAPM alphas. All returns and alphas are in percent per month and the corresponding

t-statistics are in parentheses. We report the returns for only the long-short portfolio sorted on the
firm characteristic. The sample period is 1983 to 2009.

VG1 VG2 VG3 VG1 VG2 VG3

Excess return CAPM alpha

Panel A: S1(small)−S3(big) portfolio

6 months 0.44 0.70 1.02 0.71 0.96 1.45

(1.06) (1.81) (2.21) (1.77) (2.59) (3.44)
12 months -0.04 0.60 0.83 0.23 0.84 1.22

(-0.11) (1.60) (1.88) (0.62) (2.35) (2.99)
18 months -0.19 0.42 0.55 0.08 0.64 0.88

(-0.49) (1.15) (1.23) (0.21) (1.81) (2.12)

Panel B: MB1(value)−MB3(growth) portfolio

6 months 0.06 1.03 1.26 0.17 1.09 1.23

(0.15) (2.33) (2.62) (0.41) (2.47) (2.53)
12 months 0.21 1.05 1.07 0.31 1.12 1.03

(0.58) (2.84) (2.50) (0.84) (3.01) (2.38)
18 months 0.29 0.97 1.14 0.39 1.05 1.09

(0.87) (2.76) (2.65) (1.14) (3.01) (2.52)

Panel C: MO3(winners)−MO1(losers) portfolio

12 months 0.01 0.40 0.44 0.09 0.48 0.52

(0.04) (1.56) (1.38) (0.35) (1.86) (1.61)
18 months -0.19 -0.14 0.05 -0.14 -0.09 0.13

(-0.83) (-0.64) (0.18) (-0.61) (-0.40) (0.49)
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Table 11: Returns of Distressed Stock Portfolios Sorted on Relative Model Value

and Firm Characteristics for Different Distress Measures
We separate distress firms from the rest of stocks based on four different distress risk measures.

These are (i) CHS (2008) distress-risk measure using current market data and quarterly accounting
data of the previous quarter (distress firms are those in the quintile with the highest measure), (ii)

KMV measure using quarterly data on short- and long-term liabilities (distressed firms are those
with KMV’s probability of bankruptcy higher than 0.25), (iii) Credit rating based on S&P long-

term bond rating (distressed firms are those with rating of BB+ and lower), and (iv) Z-score based
on Altman (1968) using quarterly accounting data (distressed firms are those with Z-score lower

than 1.81). All distressed stocks are further sorted independently into three portfolios based on
value gap and three portfolios based on a stock characteristic. Value gap is defined as the absolute
value of the log of the ratio of the equity value implied by our valuation model and the actual equity

value. Portfolio VG1 has the least value gap while portfolio VG3 has the highest value gap. The
stock characteristic is market capitalization (S1=small, S3=big) in Panel A, market-to-book ratio

(MB1=value, MB3=growth) in Panel B, and past six-month returns (MO1=losers, MO3=winners)
in Panel C. Market-to-book ratio is calculated as the ratio of current market value divided by book

value of the previous quarter and we skip one month in calculating the six-month returns. Sorting
is done at the end of each calendar quarter and the holding period is three months for Panels A

and B. Sorting is done at the end of each month and the holding period is six months in Panel C
(the resulting overlapping portfolios are equally-weighted). We calculate value-weighted monthly

return of each of the resulting nine portfolios. The table shows the portfolios’ mean excess monthly
returns (in excess of the riskfree rate) and CAPM alphas. All returns and alphas are in percent per
month and the corresponding t-statistics are in parentheses. The table reports returns for only the

long-short portfolio sorted on the firm characteristic. The sample period is 1983 to 2009, except
for credit rating based measures, where it is 1987 to 2009.

VG1 VG2 VG3 VG1 VG2 VG3

Excess return CAPM alpha

Panel A: S1(small)−S3(big) portfolio

CHS 0.66 0.88 1.29 0.91 1.15 1.74
(1.51) (2.12) (2.51) (2.19) (2.89) (3.72)

KMV 0.19 0.13 0.66 0.32 0.27 0.90
(0.47) (0.37) (1.59) (0.79) (0.75) (2.25)

Credit rating -0.33 -0.25 0.30 -0.36 -0.13 0.43

(-0.90) (-0.65) (0.65) (-0.98) (-0.34) (0.93)

Z-score -0.05 0.37 0.75 -0.26 0.33 0.64

(-0.14) (0.95) (1.88) (-0.70) (0.84) (1.60)
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VG1 VG2 VG3 VG1 VG2 VG3
Excess return CAPM alpha

Panel B: MB1(value)−MB3(growth) portfolio

CHS -0.19 0.81 1.29 -0.09 0.90 1.24
(-0.41) (1.44) (2.37) (-0.20) (1.57) (2.28)

KMV 0.01 0.43 0.99 -0.07 0.47 0.95
(0.03) (1.15) (2.40) (-0.20) (1.25) (2.29)

Credit rating 0.19 0.10 0.50 0.15 0.15 0.52
(0.52) (0.22) (1.16) (0.40) (0.34) (1.19)

Z-score 0.11 0.29 0.37 0.08 0.33 0.55
(0.23) (0.69) (0.73) (0.16) (0.79) (1.09)

Panel C: MO3(winners)−MO1(losers) portfolio

CHS 0.35 0.87 0.94 0.48 1.02 1.06
(0.95) (2.45) (2.25) (1.30) (2.88) (2.54)

KMV 0.59 0.71 0.62 0.68 0.80 0.75
(1.96) (2.20) (1.68) (2.25) (2.46) (2.01)

Credit rating 0.52 0.76 1.27 0.66 0.81 1.44
(1.61) (1.70) (3.06) (2.10) (1.80) (3.55)

Z-score 0.46 0.32 0.92 0.65 0.53 1.18
(1.32) (0.88) (2.25) (1.91) (1.47) (3.00)
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Table 12: Characteristics of Fairly Valued and Misvalued Distressed Stocks
Each calendar quarter, we sort all stocks into five quintiles (least distressed, D1, to most distressed,

D5) based on CHS (2008) distress-risk measure using current market data and quarterly accounting
data of the previous quarter. All stock in the D5 quintile (most distressed firms) are further sorted

into three equal-sized portfolios based on our valuation model. The second sorting is done based on
value gap (VG1=most fairly valued, VG3=most misvalued). Value gap is defined as the absolute
value of the log of the ratio of the equity value implied by our valuation model and the actual

equity value. Number of observations is the number of firm-months in the respective quintiles.
Share turnover is trading volume scaled by total shares outstanding. Amihud illiquidity is the

monthly average of daily ratios of absolute return to dollar trading volume (in millions). Standard
deviation of daily stock returns (reported in percent) is based market-adjusted stock return in the

past year. Institutional ownership (reported in percent) is the sum of all shares held by institutions
divided by total shares outstanding. Number of analysts covering the firm is measured by the

number of forecasts appearing in IBES. Standard deviation of analysts’ forecasts is also calculated
from IBES data. Percent of firms with negative earnings is based on the net income in the previous

calendar year. For each characteristic, we first calculate the cross-sectional mean and median
across stocks for each portfolio. The table then reports the time-series averages of these means and
medians. The sample period is 1983 to 2009.

VG1 VG2 VG3

NumObs 65,843 66,170 64,709

Share turnover Mean 0.09 0.08 0.09

Median 0.05 0.04 0.05

Amihud illiquidity Mean 22.62 28.58 31.68
Median 3.24 4.62 4.32

Stdev of stock returns Mean 6.46 6.55 6.78
Median 5.96 6.03 6.25

Institutional ownership Mean 17.71 18.08 17.45
Median 11.48 12.44 11.69

Number of analysts Mean 2.48 2.20 2.20
Median 1.90 1.73 1.74

Stdev of analysts’ forecasts Mean 11.81 11.72 14.44
Median 9.48 9.18 11.53

% of negative earnings Mean 79.94 76.03 81.49
Median 100.00 100.00 100.00
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Table A1: Inputs to the Valuation Model
Each calendar quarter, we sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS (2008) distress-risk

measure using current market data and quarterly accounting data of the previous quarter. We calculate equity values of stocks in the
most distressed quintile using the valuation model of Section 3. This table reports the input parameters used in this valuation model.

There are three categories of parameters. The parameters in the first category are kept constant for all firms and all months. Those in
the second category are 3-digit SIC industry averages over the last three years. Finally, parameters in the third category are firm-month
specific. Further details on the valuation model are provided in the text. The sample period is 1983 to 2009.

Input variable Value used in the model Mean Median StDev

Coupon rate 8.0%

Distress cost, η 10.0%
Corporate tax rate, τ 35.0%

Risk-free rate, r Short term rate from Ken French’s website 4.64% 4.80% 2.41%
RWACC Average industry WACC in the last three years 8.84% 8.77% 2.60%

Payout ratio, PR Zero for the first five years then 15%
Capex to sales ratio, CSR Average industry CSR in the last three years 0.084 0.063 0.089

Volatility, σ (annualized) Quarterly volatility of sales 0.668 0.430 0.744

As a percentage of total value
Short term debt Annual COMPUSTAT item DLC 0.122 0.040 0.180

Long term debt Annual COMPUSTAT item DLTT 0.245 0.128 0.273

As a percentage of sales

Fixed Cost Annual COMPUSTAT item XSGA 0.489 0.271 0.622
Gross Margin SALE−COGS from annual COMPUSTAT -0.047 0.271 1.096
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Figure 1: Cumulative CAPM Alphas for Value Gap Sorted Portfolios
We sort all stocks into five quintiles (least distressed, D1, to most distressed, D5) based on CHS

(2008) distress-risk measure using current market data and quarterly accounting data of the previ-
ous quarter. All stock in the D5 quintile (most distressed firms) are further sorted independently

into three portfolios based on value gap and three portfolios based on a stock characteristic. Value
gap is defined as the absolute value of the log of the ratio of the equity value implied by our valua-
tion model and the actual equity value. Portfolio VG1 has the least value gap while portfolio VG3

has the highest value gap. The stock characteristic is market capitalization (S1=small, S3=big) in
Panel A, market-to-book ratio (MB1=value, MB3=growth) in Panel B, and past six-month returns

(MO1=losers, MO3=winners) in Panel C. Market-to-book ratio is calculated as the ratio of current
market value divided by book value of the previous quarter. We skip one month in calculating

the six-month returns. Sorting is done at the end of each calendar quarter and the holding period
is three months for Panels A and B. Sorting is done at the end of each month and the holding

period is six months in Panel C (the resulting overlapping portfolios are equally-weighted). We
calculate value-weighted monthly return of each of the resulting nine portfolios. The figure shows

the cumulative CAPM alphas for the long-short portfolio sorted on the firm characteristic. The
sample period is 1983 to 2009.

Panel A: S1(small)−S3(big) portfolio
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Panel B: MB1(value)−MB3(growth) portfolio

Panel C: MO3(winners)−MO1(losers) portfolio
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