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1. INTRODUCTION

While numerous studies document that value stocits tigh book-to-price ratios earn
abnormal positive returns, the interpretation whgyt do so is more controversial. Berk
(1995) relates size-related anomalies, such asvdlhee effect, to systematic risk that is
unmeasured by conventional asset pricing modelsaFand French (1992) postulate that
book-to-price ratios proxy for the relative disgdactor of Chan and Chen (1991), and Fama
and French (1998) find that a factor model thabiporates a risk factor for relative distress
captures the value premium in international equéturns. A large number of important
studies in the field of empirical finance also ddes the HML (High-Minus-Low) factor of
Fama and French (1993) to be a priced risk fasee,[e.g., Zhang (2005)]. And several asset
management companies point out that the highern®tthey expect to earn for their
investors through engaging in value strategies ditem taking increased levels of risk.
However, empirical evidence does not appear to biguously indicate that the value
anomaly is related to financial distress. In faleg literature reports inconsistent conclusions
on whether distress risk is a systematic risk fatttat is priced in the cross-section of stock
returns.

Dichev (1998) and Griffin and Lemon (2002) emplag@unting models to estimate
corporate bankruptcy risk and find reegativerelation between distress risk and equity
returns. The authors show that stocks with higleeels of distress risk as measured by
Altman’s model (1968) and Ohlson’s model (1980)neanomalously low returns and
conclude that distress risk is therefore unlikedyaiccount for the book-to-market effect.
Piotroski (2000) reports that financially healtiygh book-to-market firms generate higher
returns than firms that have less healthy finanstatements. And recently, Campbell,
Hilscher and Szilagyi (2008) use a comprehensiteofeaccounting and equity market

variables to measure distress risk and find thatkst with high risk of default deliver



abnormal low returns and that returns of growth @alde stocks are significantly negatively
related to default risk.

On the other hand, Vassalou and Xing (2004) emglogtructural approach to
measure distress risk and use Merton’s (1974) optricing model to compute individual
firms’ default probabilities. When the authors @&sséhe effect of distress risk on equity
returns, they conclude that default risk is poslinpriced in the stock market and that a large
portion of the book-to-price effect can be attrdalito default risk. Chava and Purnanandam
(2010) also use Merton’s (1974) model to measustradis risk and investigate its relation
with equity returns back to the early 1950s. Thag that the underperformance of distressed
stocks reported by Dichev (1998), Griffin and Lem@902), and Campbell, Hilscher and
Szilagyi (2008) is specific to the 1980s. Once targlude this decade from their sample, the
underperformance of high-risk stocks disappearsyTo not investigate if the value
anomaly is related to distress risk. And more rédgemvramov, Chordia, Jostova and
Philipov (2011) asses distress risk through creditngrades and argue that value strategies
derive their profitability from taking long positis in high credit risk firms that are prone to
distress risk.

The different conclusions that are drawn by thevabmentioned studies may be
attributed to the different measures that are tsguloxy for distress risk. Vassalou and Xing
(2004) express their concerns about the use ofuatiog models in estimating the default
risk of equities. They argue that accounting modsels backward-looking information from
financial statements, while the Merton (1974) mddely use in their study contains forward-
looking information that is better suited for cdéting the likelihood that a firm may default.
More recently, Anginer and Yildizhan (2010) alsii@se the use of estimated probabilities

of default to proxy for distress risk as done irctigv (1998), Griffin and Lemon (2002), and

! The negative relation between stock returns astiagis risk documented by Campbell, Hilscher anl@z
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Campbell, Hilscher and Szilagyi (2008). They arghat accounting models implicitly
assume that stocks with high probabilities of diséralso have high exposures to systematic
distress risk. The estimated probabilities of defswowever, do not take into account that
some portion of the distress risk may be diverdifgvay by investors and therefore may not
be priced. In addition, George and Hwang (2009ipout that a firm’s estimated probability
of default does not necessarily reflect the firmigosure to the costs of financial distress,
which is a better candidate for assessing the aalsy of financial distress risk to security
pricing. The authors argue that firms choose legsrhge if their operations expose them to
high financial distress costs.

Anginer and Yildizhan (2010) not only criticize thwse of accounting models to
predict firm defaults, but also the use of strumtumodels. According to the authors,
structural models make simplified assumptions abloeitcapital structure of a firm. And just
like the estimated probabilities of default deriviedim accounting models, the probabilities
resulting from structural models not necessarilyteee the systematic component of distress
risk; the only type of risk that should be rewardeith a premium. The authors propose
corporate credit spreads to proxy for distress aiskhese reflect the market consensus view
of the credit worthiness of the underlying firm acmihtain a risk-premium for systematic
risk. And although Elton, Gruber, Agrawal and Mg@001) find that credit spreads cannot
fully be explained by expected default losses, Aagiand Yildizhan (2010) provide
evidence that bond spreads contain default infaomaabove and beyond the measures
commonly used in the literature. Using credit sgeeahey find neither a positive, nor a
negative significant relation between distress @skl equity returns. The authors, however,
do not investigate the relation between the valtempim and distress risk measured by
credit spreads. It is currently unclear what relatwvill be found if credit spreads are used to

proxy for financial distress.



When we consider these results all together, inseat there is no consensus in the
literature on which measure best proxies distreds and that the findings regarding the
pricing of default risk are sensitive to the usistt measure. As a consequence, the literature
is also inconclusive as to whether the value premigia compensation for financial distress.
In the first part of this paper we aim to obtairitéeinsight into the sensitivity of the results
in the literature to the use of alternative riskaswes to ultimately come up with a
conclusion regarding the relation between the vaftect and distress risk.

We start with setting up a comprehensive data Betlternative proxies for firms’
distress risk for the 1,500 largest U.S. firms otrer period September 1991 to December
2009. From accounting data, we measure a firm'audefrisk by its financial leverage.
Probabilities of default are also obtained usirg dtructural model of Merton (1974). Given
the results of Anginer and Yildizhan (2010) tha&dir spreads are a good proxy for financial
distress, we additionally consider the differencetween the bond yield and the
corresponding maturity-matched treasury rate asasore for firms’ distress risk. Finally,
we consider credit ratings that have been used\bgprAov, Chordia, Jostova and Philipov
(2007, 2009, 2011) to proxy for distress risk. Werge our distress risk data with monthly
equity price data.

In our first empirical analysis we evaluate thedicBve power of the variables for
firms’ financial distress using Moody’s (2000) Acaay Profiles. While we do find some
differences between the variables, it appears dhavariables have predictive power for
firms’ financial distress. We find that structurabdels and credit ratings do a better job in
predicting financial distress than accounting measuand that credit spreads have some
predictive value over estimates resulting fromdtrieal models and credit ratings. Although

stock rankings based on these measures are pbsdoreelated, the correlations are not very



high. This result indicates that our different risieasures capture distinct dimensions of
financial distress.

Next, we construct double-sorted portfolios of k®ranked on book-to-market ratios
and distress risk to explore the relation betweenmeasures of distress risk and the value
premium. While we find above-average distress esgosures for value stocks, none of the
distress measures yields strong evidence that idefsluis a priced factor in the cross-section
of equity returns. We observe at most a weak pesitelation between default risk and the
returns of value stocks. Moreover, once we coffi@cthe size effect, there is no evidence of
a positive relation between value and distress fi$ks result holds irrespective of which
measure we use for distress risk.

Furthermore, we investigate if the seemingly catittary findings in the literature
can be attributed to the use of different methogiet® to test for the relation between value
and distress. The first alternative methodologisatup we employ is in the spirit of
Lakonishok, Shleifer and Vishny (1994). With thispaoach we investigate if value stocks
are riskier than growth stocks by testing if vagiecks underperform growth stocks in the
bad states of the world. As a measure for good lzdl states of the world we take the
NBER'’s Business Cycle indicators for economic exgiams and recessions, respectively. We
find that value stocks outperform growth stockshbdtiring expansions and recessions. At
the same time, we find that high-risk stocks basedall our different distress measures
exhibit large underperformance during recessiomsoborating our finding that our distress
proxies have predictive power for financial distre§he second alternative setup we
investigate is the use of cross-sectional Fama adBeth (1973) regressions at the
individual stock level to estimate if there is dueapremium above and beyond distress risk
effects. All regression results consistently intéca significant value premium and no

relation between stock returns and distress riglogxres.



In addition, we investigate the relation betweer #ize premium and financial
distress. The reason we address this issue is $eeae found some interaction between the
value premium, distress risk and the size effedtl@@cause it seems that the literature is not
conclusive about the explanations for the existevicéhe size anomaly. We also find no
evidence that the size effect can be attributettigwess risk. While small-cap stocks do have
a substantially higher probability to get into fireéal distress, it is not the case that small-cap
stocks only yield positive abnormal returns if thrap higher levels of distress risk. In fact, it
seems that the size premium is concentrated irrigkvsmall-cap stocks.

We extend our investigation on the relation betwtensize premium and distress
risk with an analysis of the premium during diffierstates of the business cycle. If small-cap
stocks are riskier than large-cap stocks they manderperform large-cap stocks in the bad
states of the world. However, it appears that fboar risk measure we find large positive
size premiums during recessions. In addition, flessssectional Fama and MacBeth (1973)
regressions at the individual stock level showrargfer size premium once corrected for
distress risk. Our results on the size premiumtlaeeefore inconsistent with the notion that
this premium is a compensation for distress risk.

Finally, we investigate if the large empirical exiphtory power of the Fama-French
(1993) SMB (Small-Minus-Big) and HML (High-Minus-k¢) factors for the size and value
effects can be attributed to these factors beinmpsed to distress risk. Because of the way
the SMB and HML factors are constructed, we mayeekghe factors to be prone to distress
risk. To investigate this issue we construct destresk neutral SMB and HML factors. We
observe that the premiums of the factors do notedse when distress-risk neutrality is
imposed. At the same time, the distress-risk-néutators exhibit lower risk levels.
Furthermore, we do not observe a deterioratiomefexplanatory power of the distress-risk-

neutral factors for the variation in returns of &t portfolios sorted on market capitalization



and book-to-price and the decile portfolios sorteddividend yield from the webpage of
Kenneth French.

Overall, based on our results we conclude thatréperted weak positive relation
between value and financial distress is fragilelaser inspection and sensitive to correction
for size effects. Once properly corrected for tiee sffect we find persuasive evidence
against a risk-based interpretation of the valusnaaly. Our results call for further research
on the development and testing of theories thaniially provide an explanation for the size
and value effects.

The remainder of this paper is organized as follo8ection 2 describes the
construction of our data set. Section 3 presentsr@ain empirical results, Section 4 reports
our results for tests that examine if there islati@n between the size effect and distress risk,
and Section 5 presents results for analyses thastigate if the empirical explanatory power
of the SMB and HML factors can be attributed toirtlexposures to distress risk. Finally,

Section 6 summarizes our main findings and concglude

2. DATA
Our sample covers the 1,500 largest stocks of itigr@ip US Broad Market Index (BMI)
over the period September 1991 until December 20B& universe roughly corresponds to
the CRSP universe excluding the 25 percent of stegth the smallest market capitalization
over this time period and covers more than 95 pero¢ the total U.S. equity market
capitalization. Our sample starts in 1991 becausecauld not obtain high-quality credit
spread data before this date. We intentionallydeawt micro-cap stocks from our sample to
ensure that our findings are not prone to marketaorstructure concerns.

The first proxy we consider for distress risk twain a firm’s probability of default is

based on accounting data and measures risk thiituagfcial leverage, i.e., the firm’'s debt-



to-assets ratio. We use quarterly Compustat datarnstruct the debt-to-assets ratio, where
debt is defined as total debt including both shand long-term debt. In case Compustat data
are not available, we use annual data from Worlgsco

Our second proxy for distress risk is a firm’s pbliity to default derived from a
structural model. This probability is based on thistance-to-default measure, which we
compute using a similar approach as Moody’s KMVe[se.g., Crosbie and Bohn (2003)]
based on Merton’s (1974) option pricing model. Tipgut data we need to compute a firm’s
distance-to-default are the firm’s market valueeqtity, its equity volatility and its book
value of debt. Data on equity market values andtggaturns to estimate volatilities are
obtained from FactSet Prices. More specific, wangeé firm’s distance-to-default (DD) as

follows:

In(V, /K) +(u—r, —0502)T

(1) DD = e

whereV, is the market value of a firm’s asséfsjts default point (or the book value of the
debt for which we use total deby, the volatility of assetsy is the excess drift in the
underlying asset value which we proxy with 0.06lime with Campbell, Hilscher and
Szilagyi (2008),r¢ is the risk-free rate and we assuihéo be one year. The distance-to-
default measures how many standard deviationsitimeis away from default. The smaller
the difference between the asset valyand the default poiri, the larger the probability on
default.

As the market value of assets and the volatilitasdets are not directly observable, we
model these using Merton’s (1974) option pricing eloth this model, the equity value of a
firm is viewed as a European call option on thenTir assets where the strike price of the call

option is the book value of the firm’s debt. Asegult, we obtain:
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where Ve is the market value of equity ailis the cumulative distribution function of the
standard normal distribution. As this equation tvas unknowns, we use an iterative process
similar to that of KMV to obtain the market valueassetsv/, and the volatility of assets,.
First, we set the initial value for the volatiliof assets equal to the standard deviation of the
past 250 daily stock returns. Next, we back outrtizeket value of assets using Equation (2)
and compute monthly asset value returns. We cam tiidain a new estimate far, by
calculating the standard deviation of the pastye/@lsset value returns, which is used for the
next iteration. This procedure is repeated unté thifference between two subsequent
estimates foio, is less than 10E-4. With the resulting estimatgdndV,, we compute the
DD using Equation (1).

Our third measure for distress risk are credit agrdata which we obtained from
Barclays Capital (formally Lehman Brothers). Théadeover debt issues that are constituents
in the Barclays Capital Investment Grade Corpoaate High Yield bond indexes. For each
firm at each point in time we take the spread effirm’s debt issue with the largest amount
outstanding in the Barclays indexes. Our distresgypbased on credit spread is defined as
the difference between the option-adjusted bonddysnd the corresponding maturity-
matched treasury rate.

For our fourth proxy of distress risk, we use crediings issued by S&P. We merge
the data of the four proxies for distress risk witbnthly stock returns and book-to-market
ratios. Quarterly book values are obtained from @Gostat. In case Compustat data are not

available, we use annual data from Worldscope.
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3. EMPIRICAL ANALYSES

3.1 Predictive power of distress risk proxies

In our first empirical analysis we test the extéotwhich our proxies actually predict
financial distress. We consider a firm to be imaficial distress if it receives a CCC credit
rating or worsé.Under this definition, roughly 0.3 percent of firens in our sample get into
financial distress each year. This figure variesraume and peaks to 0.78 percent in 2001
and 1.36 percent in 2008 during the collapse of lfhebubble and the credit crisis,
respectively. The percentage of firms that gets firtancial distress in our sample seems to
be somewhat lower than the failure rates reporye@dmpbell, Hilscher and Szilagyi (2008).
This is not unexpected since our study includesefeamall-cap stocks that have been
reported to run higher risks to default than lacge-stocks.

To investigate the predictive power of our measwurfedistress risk, we employ so-
called Cumulative Accuracy Profiles [see, e.g., M6®d2000)]. To generate the Accuracy
Profiles we monthly compute what percentage offittmes that gets into financial distress in
the subsequent 12 months is ranked in the top gepéerof stocks on their probabilities to
default estimated using our four proxies for distrask. Here, x ranges from 1 to 100. Figure
1 shows the time-series averages of these perenfag our four proxies for distress risk.
The Accuracy Profile of a measure that has no ptedi power for financial distress follows
a line from the origin of the graph and has a slofpene. The Accuracy Profile of a measure
that does have predictive power for financial @istralso departs from the origin, but shows
a concave pattern indicating that firms are mdkelyi to get into financial distress if their
estimated probabilities of default are relativeigrhaccording to this measure.

[INSERT FIGURE 1 ABOUT HERE]

2 We also investigate the predictive power of owtreiss risk proxies where we consider a firm toirbe
financial distress if it receives a D rating. Tlesults of these tests are virtually identical tostresulting from
tests where we consider a firm to be in financiatrdss if it receives a CCC rating or worse. Far sake of
brevity, we do not report these results in tabtdam.
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When we consider the Accuracy Profiles of the fim@asures we use in this study, it
appears that all of them have significant predetower for financial distress. Roughly 35
percent of the firms that get into financial disseare ranked in the top quintile of firms
based on financial leverage. The other measuras dwe somewhat better job in predicting
financial distress than accounting measures, sifc® 75 percent of the firms that get into
financial distress are ranked in the top quintikesdd on their estimated probabilities of
default derived from credit ratings and the struatumodel, respectively. This figure is 85
percent when firms are ranked on their credit ghre@aicating that spreads appear to have
the highest predictive value.

We also investigate the extent to which a firm'kdo-market value proxies for
distress risk. To this end, we additionally compie Accuracy Profile for this measure. The
results of this analysis are also presented inrEidu It appears that a firm’s book-to-market
value has predictive power for financial distre&bout 45 percent of the firms that get into
financial distress are ranked in the top quintfiéirons based on book-to-market. However, at
the same time, the convex shape of the Accuracfil®at the bottom end of the book-to-
market spectrum (top right in Figure 1) indicathattgrowth stocks with a low book-to-
market ratio also have a higher probability to iggd financial distress. Approximately 30
percent of the firms that get into financial dissare ranked in the bottom quintile based on
book-to-market. So even though high book-to-markébs seem to pick up some form of
distress risk, it seems unlikely that value stoelsn higher returns than growth stocks
because value stocks are exposed to higher lefvdlsteess risk.

Finally, we consider the average rank correlatimmsstock rankings on the different
distress risk measures. While all measures ardiyelygi correlated, the correlations are not
very high ranging between 0.31 and 0.77. Finarlelrage yields the lowest correlations

with the other risk measures (i.e., 0.31 to 0.&B3tance-to-default, credit spread and credit
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rating show correlations ranging between 0.57 afdd.QAll in all, our results indicate that

our risk measures capture distinct dimensionsnafricial distress.

3.2 Distress risk characteristics of value stocks
We continue our empirical analysis by investigating distress risk characteristics of value
versus growth stocks. To this end, we monthly stwtks into quintile portfolios based on
their book-to-market ratio and evaluate the poidiil equally-weighted returns over the
subsequent month, as well as their median markpitatizations, debt-to-assets ratios,
distances-to-default, credit spreads and credingat The results of this analysis are
presented in Table 1. We first consider the retifferential between value and growth
stocks that are ranked in the first and fifth guénportfolio, respectively. Consistent with
most studies we observe a monotonically decreasitgn pattern from the top to the bottom
quintile portfolio and document a large value premiof 7.0 percent per annum.

[INSERT TABLE 1 ABOUT HERE]

We next consider the quintile portfolios’ distrassk characteristics. Irrespective of
the risk measure, it appears that value stocksmaye exposed to distress risk than the
average stock. The median debt-to-assets ratiovafue stock is 0.31 compared to 0.26 for
the average stock in our sample. Value stocks &€=17.3 minus 5.4) standard deviations
closer to their estimated point of default than @werage stocks. Also, the credit spreads of
firms with high book-to-market ratios are 51 (= 2@khus 151) basis points higher than those
of the average stock. And firms with high book-tasket ratios generally have less
favourably credit ratings, with a median rating responding to BBB versus an average
rating of BBB+ in our sample. Additionally we obserthat value stocks with a high book-
to-market ratio are smaller than the average stéé&.again conclude that high book-to-

market ratios are related to distress risk.
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However, the observation that value stocks havlatively higher probabilities to
default is not a sufficient condition to attribuke value premium to distress disk. If the value
premium indeed is a compensation for distress rgglwth stocks should have lower
probabilities to default to justify their below-aage returns. But when we consider the
results in Table 1, we find that growth stocks ao¢ substantially less exposed to distress
risk compared to the average stock. In fact, grastbicks appear to be more risky than stocks
ranked in the fourth quintile portfolio, as thewhahigher debt-to-assets ratios (0.23 versus
0.22); higher credit spreads (149 versus 132 hmmigs); and less favourable credit ratings
(BBB versus BBB+). These results corroborate owvimus finding that both stocks with
high and low book-to-market ratios have higher philities to get into financial distress and

are inconsistent with the notion that the value@ffs a compensation for distress risk.

3.3 The value premium and distress risk

To investigate the relation between distress risk &quity returns in more detail we

construct double-sorted portfolios of stocks rankedtheir book-to-market ratios and our
four measures of distress risk. This rank port®liapproach is the most common
methodology in the stream of literature on empiriegaset pricing to investigate the

interaction between stock characteristics and metuviore specifically, every month we sort
stocks into terciles based on their debt-to-asisate, distance-to-default, credit spread or
credit rating. Next, for each tercile portfolio vgert stocks further into quintiles based on
their book-to-market ratio. For the 15 resultingct portfolios we compute their median
values of the distress risk measures used to emtsthe portfolios and their equally-

weighted return over the subsequent month. In ehditve compute their median market
capitalization. The results are presented in Table

[INSERT TABLE 2 ABOUT HERE]
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We start by considering the portfolios’ distreisk icharacteristics in Panel 1 of Table
2. Subpanel 1A of Table 2 shows the risk charastiesi for double sorts on book-to-price
and debt-to-assets; Subpanel 1B for book-to-prige distance-to-default; Subpanel 1C for
book-to-price and credit spread; and Subpanel ITbémk-to-price and credit rating. Two
observations are apparent. First, there is a ldigpersion in distress risk characteristics
among the stocks in our sample for all four measwe use in our study: we observe debt-
to-assets ratios of 0.08 and 0.44 for low- and Hiigk stocks, respectively (see the “low risk”
and “high risk” portfolios in the third column wittmedian book-to-price ratios of Subpanel
1A); distance-to-default estimates of 12.8 and Be6pectively; credit spreads of 95 and 294
basis points, respectively; and credit ratings oamd BB, respectively. Second, it appears
that value stocks are only marginally more riskgrttgrowth stocks in terms of default risk:
mid-risk value stocks have a debt-to-assets rdtih28; a distance-to-default of 7.0; a credit
spread of 164 basis points; and a credit ratinBBB. These figures are 0.26, 7.3, 157 basis
points; and BBB+ for mid-risk growth stocks, resiesly.

Continuing our analysis further, we consider thefpbos’ returns in Panel 2 of Table
2. If the value premium is a compensation for dsdrrisk we should observe the following
two return patterns: (i) high-default-risk stocKsosld earn higher returns than low-risk
stocks and (ii) the high (low) returns of valuedigth) stocks should be concentrated in the
high-default-risk (low-default-risk) segment, i.¢he “high-risk/high book-to-price” (“low-
risk/low book-to-price”) portfolio. However, for me of our four distress risk measures we
find strong evidence that default risk is a pri¢ackor in the cross-section of equity returns.
In fact, the annualized return of stocks with habt-to-assets ratios (i.e., stocks in the “high
risk/median book-to-price” portfolio) is only 0.2gent higher than stocks with low debt-to-
assets ratios. For the three other measures, tilmaseeven appear to be negatively related to

distress risk. When distress risk is measured usimg distance-to-default measure we
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observe a negative relation between distress ndkeguity returns, as the difference between
the returns of high- and low-risk stocks is negatt 2.2 percent per annum. Stocks with the
highest credit spreads earn a 3.4 percent lowarrrgter annum than stocks with the lowest
credit spreads. And also when we use credit ram@ proxy for distress risk we find that
high-risk stocks earn a 4.2 percent lower retuamttow-risk stocks. In addition, we do not
observe a consistent pattern that the high retirnalue stocks are concentrated in the high-
default-risk segment. In fact, when debt-to-assetssed as measure for distress risk, it
appears that high-risk value stocks earn lowemrmstthan low-risk value stocks. And while
we observe that high-risk value stocks earn a higkteirn than low-risk value stocks when
distance-to-default, credit spread or rating areduas measures for distress risk, the return
differentials of 0.9, 0.3 and 2.1 percent, respetyi are only small and statistically
insignificant. Furthermore, low-risk growth stocle not earn the lowest return. In fact, for
three out of our four risk measures we find up3@ percent lower returns for the high-risk
growth stocks compared to low-risk growth stockkede results are difficult to reconcile
with the risk-based explanation that has beenquidrd in the literature to explain the value
anomaly.

We finally consider the portfolios’ market caflitgations in Panel 3 of Table 2. It
appears that there are large differences in mackeitalizations when distress risk is
measured through distance-to-default, credit sgresad credit ratings. More specifically,
high-distress-risk portfolios contain more smalpcatocks. For example, the market
capitalizations of portfolios of stocks with highedit spreads or ratings are more than seven
times smaller than those with low credit spreadsatings. Moreover, consistent with our
findings in Table 1, we find that value stocks gailg have a smaller market capitalization
than growth stocks. All together, we observe thaialscap (large-cap) stocks have a

substantially higher probability to end up in thigharisk value (low-risk growth) portfolios.
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As small-cap stocks on average earn higher retharslarge-cap stocks [see, e.g., Fama and
French (1992)], this effect could potentially impacir conclusions on the relation between
the value anomaly and distress risk. In the foltaysubsection we investigate this issue in

detail.

3.4 The value premium and distress risk correctedHe size effect
To investigate the impact of the size effect in pugvious analysis, we conduct a second
analysis where we evaluate the relation betweetmneds risk and equity returns for size-
neutral risk portfolios. To this end, we constrtrgqtle-sorted portfolios of stocks ranked on
their market capitalization, book-to-market rateosd each of our four measures of distress
risk. More specifically, every month we sort stodks$o terciles based on their market
capitalization. Then, for each size portfolio wetstocks into terciles based on their debt-to-
assets ratio, distance-to-default, credit spreactimg. Next, we merge the small-, mid- and
large-cap portfolios of high-risk stocks. We alserge the three market cap portfolios of
low- and mid-risk stocks. Finally, for each aggreghtercile portfolio we sort stocks further
into quintiles based on their book-to-market ratidhis triple sort ensures that the three
resulting risk portfolios exhibit only minor diffences in their market capitalizations and is in
spirit similar to the approach used by Fama anadfr§1993) to construct the HML (High-
Minus-Low) factor orthogonal to the size factork&iin our previous analysis, we compute
the equally-weighted returns over the subsequemttimof the 15 portfolios, as well as the
portfolios’ median distress risk characteristicee Tesults are listed in Table 3.
[INSERT TABLE 3 ABOUT HERE]

We first consider the portfolios’ distress riskachicteristics in Panel 1 of Table 3 to

investigate if the portfolios still exhibit a largspersion in their distress risk characteristics

after correcting for the size effect. We observat ththe dispersion in distress risk
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characteristics for the size-corrected portfol®saughly as large as for the portfolios in the
previous analysis where the size effect was nagrtakto account: the debt-to-assets ratios
and the distance-to-default estimates for the hagid low-risk stock portfolios are nearly
identical for the double- and triple sorted stopkstfolios in Table 2 and 3, respectively. The
differences in credit spreads and ratings betwieermigh- and low-risk portfolios are slightly
smaller for the size-neutral stock portfolios. Nibredess, the dispersion in distress risk
exposures remains large: the difference in cregiiead between the high- and low-risk
median book-to-price portfolios is 162 basis poifts the size-neutral portfolios and 198
basis points for the portfolios without size cotres. While the median credit rating for the
low-risk book-to-price portfolio is A for both thgortfolios with and without size correction,
for the high-risk median book-to-price portfoliobese ratings are BB+ and BB for
respectively the size-corrected portfolio versues portfolio without size correction. Because
the stock portfolios still exhibit a large dispersiin their distress risk characteristics after
correcting for the size effect, we ensure thatrretdifferences between the double- and
triple-sorted portfolios cannot be attributed tee ttriple-sorted portfolios reflecting less
variation in exposures to distress risk.

Next, we consider the portfolios’ returns in Pa2elf Table 3. If the value premium is
a compensation for distress risk we should obsarpesitive relation between default risk
and returns; in particular for value and growthckt However, once corrected for the size
effect, stock returns appear to be negatively edldb distress risk as we observe negative
returns for most of the high-minus-low portfolids. particular, this result holds for the
average book-to-market portfolio irrespective ofislhmeasure we use for distress risk. The
differences between the returns of the high- amdrisk stock portfolios range from -0.2
percent per annum when distressed risk is measisiad our debt-to-assets measure to -4.8

percent using credit spreads as a measure foeskstisk. Moreover, we observe that once
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corrected for the size effect, the relation betwaisiress risk and returns for value stocks has
become weaker. When we measure distress risk usst@nce-to-default, the high-minus-
low-risk value return spread turns negative frofhf@ercent to -0.9 percent. For credit spread
this difference also turns negative from 0.3 per¢en3.2 percent. And when credit ratings
are used as a measure for distress risk, the highsnfow-risk value return spread decreases
from 2.1 percent to 0.4 percent. The previouslyntbumegative relation between high- and
low-risk value stocks based on the debt-to-assdis remains negative once corrected for
size effects. Furthermore, returns of growth stagkmain negatively related to distress risk
for three out of four distress risk measures whih size correction. We conclude that once
size effects are taken into account, absolutelyvidence is found that the value premium
can be attributed to distress risk related to deféufact, once corrected for the size effect,

the return of value stocks seems to be negatietyad to distress risk in most of the cases.

3.5 The value premium and distress risk during states of the world

So far, we constructed double- and triple-sortedfplos to investigate the interaction of
book-to-price ratios and distress risk charactesswith stock returns. When we consider the
literature on the economic origin of the value anbnwe see that several other frameworks
have been employed. In the following sections weestigate if the different conclusions
drawn regarding the relation between the value premand distress risk can be attributed to
the use of different methodologies.

We start our analyses with a methodological setupe spirit of Lakonishok, Shleifer
and Vishny (1994). This setup relies on the prentiisg value stocks must underperform
growth stocks in the bad states of the world when rharginal utility of wealth is high if
value stocks are indeed fundamentally riskier tpawth stocks. As a measure for good and

bad states of the world we take the NBER’s Busin€ysle indicators for economic
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expansions and recessions, respectively. This measdicates two recessions during our
sample period: the first one from March to NovemB&01 and the second one from
December 2007 to June 2009. We evaluate the reldt@ween distress risk and equity
returns for size-neutral risk portfolios that aomstructed using the procedure outlined in the
previous section. For all portfolios we compute itheeturns during expansions and
recessions. The results are listed in Table 4.

[INSERT TABLE 4 ABOUT HERE]

When we consider the portfolio returns during exgdams and recessions in Panels 1
and 2 of Table 4, respectively, it appears thatksteturns are highly positive on average
during expansions and negative during contractidigs result clearly indicates that the
NBER’s Business Cycle indicators differentiate begw good and bad states of the economy.
Next, we consider the return differential betweaiue and growth stocks during expansions
and recessions. It appears that value stocks datpergrowth stocks during expansions,
irrespective of which distress risk measure is usedonstruct the portfolios. The average
return in expansions of value stocks with mediastrdss risk compared to growth stocks
with median distress risk ranges from 3.5 (= 191%-0) percent per annum in case distance-
to-default is used to construct the portfolios t# 20.9 — 13.5) percent in case debt-to-assets
is used. Value stocks, however, also show a bp#gormance than growth stocks during
recessions. In fact, in three out of four casesq@ots using debt-to assets, distance-to-default
and credits ratings in Panels 2A, 2B and 2D, respayg) there is a large positive value
premium during recessions. These results are vi#figult to reconcile with the risk-based
explanation for the value premium that predictsapposite.

At the same time, we do not observe a particulaurmepattern for stocks with
different distress risk characteristics during engyans. High-risk stocks with a relatively

high debt-to-assets ratio earn somewhat highernetilhan stocks with a low debt-to-assets
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ratio, but for our other risk measures we do naieobe such a pattern. Interestingly, we
observe a clear return pattern for stocks withed#ht levels of distress risk during economic
recessions in Panel 2 of Table 4. For all risk raesss we see that high-risk stocks earn
lower returns than low-risk stocks during recessioifhen distance-to-default, credit spreads
and ratings are used as risk measures, the reifiemedtials between high- and low-risk

stocks are over 10 percent per annum. These rasditate that all our risk measures capture

some form of distress risk.

3.6 Cross-sectional Fama-MacBeth regressions
Proceeding further, we perform cross-sectional FsfaaBeth regressions [see Fama and
MacBeth (1973)] using individual stock returns tovestigate if the magnitude of the
estimated value premium is affected by includingcktexposures to distress risk in the
regressions. The primary attractive feature of FiaaBeth regressions compared to the
rank portfolio approaches we employed in our presi@nalyses is that Fama-MacBeth
regressions enable us to control for multiple ote#ects that might affect the relation
between stock returns, valuation and distress fisk.example, in our earlier analyses we
only control for size when investigating the redatibetween value and distress risk. This
requires us to construct triple-sorted portfoliiswould not be feasible to correct for an
additional factor and construct quadruple-sortedfplios because the number of stocks
ending up in the resulting portfolios would becomo® small. With the Fama-MacBeth
regressions on the other hand, we can easily iechadltiple factors when estimating the
value premium.

In our first analysis we monthly regress stock metuon book-to-price ratios while
controlling for market beta, intermediate-term rattmomentum, short-term return reversal

and industries:
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(3) r,, =& +bl,BM,, +b2, BETA, +b3,MOM,, +b4, REV, +3,Z +¢,

wherer;; is the return of stockin montht, BM;; is the normalized book-to-market ratio of

stocki in montht, BETA; is the normalized market beta of stoch montht estimated using

a thee-year rolling window using weekly returns déimel BMI index as proxy for the market

return, MOM;; is the normalized 11-month one-month lagged petsirm of stock in month

t, REV(; is the normalized return of stoclover the past month in monthandz is a vector

containing industry dummies for stockased on the MSCI/S&P GICS level 1 classification

of ten industrie. Next, we augment our base case regression in BquéB) with the

normalized probabilities of our four alternativeoyies for distress risk and rerun the

regressions. Panel 1 of Table 5 presents the aveweféicient estimates of the different

regression models together with théivalues computed using Fama-MacBeth standard

errors. In addition, the table shows the averageséetl R-squared values of the regressions.
[INSERT TABLE 5 ABOUT HERE]

When we consider the resulting coefficient estimai€ our base case regression in
column (1), we observe a large and significant @gluiemium: the coefficient estimate of
0.13 percent foBM indicates that stocks earn an additional retur@.d8 percent per month
for a one-standard deviation increase in their bmeprice ratio. The large negative
coefficient estimate foREV indicates a negative autocorrelation in stock rretuWe find
only weak evidence supporting an intermediate-teromentum effect in stock returns using
the Fama-MacBeth regressions. Columns (2) to (Painel 1 of Table 5 show the coefficient
estimates when we augment our base case regressitel with our normalized measures of
distress risk. If the value premium can be atteduto distress risk, we should observe that

augmenting the cross-sectional regressions of gteitkns on book-to-price ratios with our

® We normalize the explanatory variables in the FafaaBeth regressions by substracting the crossesedt
median from each observation and by dividing thffeence by the cross-sectional standard deviatibthe
observations in each month. In addition, we wirmorthe resulting normalized variables by imposing a
maximum of 3 and a minimum of -3.
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measures of distress risk should lead to a sigmficdecrease of the estimated value
premium. At the same time the measures for distisksshould encompass the explanatory
power of stocks’ book-to-price ratios and their flicent estimates should become positive
and significant. However, in all cases we obselme the coefficient estimate f8M remains
nearly unchanged. Moreover, none of the coefficestimates for our distress risk measures
turns out significantly positive. In fact, in thremt of four cases we observe a negative
coefficient estimate for distress risk. These rasate consistent with our earlier findings that
there is no distress risk premium and that theevaliomaly cannot be attributed to distress
risk.

Given our earlier results that firm size has an angnt impact on the relation
between stock returns, valuation and distress vigk,run additional regressions where we
augment the five regression models we estimatetienprevious analysis with normalized
market capitalizations. The results of these resypes are presented in Panel 2 of Table 5.
Two observations are apparent: first, the value pramseems to become somewhat smaller,
although still statistically significant, once firsize in taken into account. Second, the
relation between stock returns and distress riglofmes more negative once the regressions
are augmented with the logarithm of market cagigdions (normalized). This finding is
consistent with our earlier finding that some hajbtress-risk stocks earn higher returns
because they are small cap stocks.

Overall, the results of our Fama-MacBeth regressioalysis are consistent with our
results based on rank portfolios and conditionaletiseries analyses. It appears that the
results we documented in the previous sectionsaraffected by market beta, momentum,
reversal and industry effects and that our findihgt the value premium is unrelated to
distress risk is robust to the method that is useihvestigate the relation between the two

variables.
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4. THE SIZE PREMIUM AND DISTRESS RISK

We now turn to addressing the question if the pmium is related to financial distress.
We believe that there are at least two good reasvirs/estigate this issue. First, we found
that there is some interaction between the valaenjum, distress risk and the size effect. In
particular, we found that there is a weak posite@tation between value and distress risk if
we do not control for size effects. If our aim ashketter understand the interaction between
value and distress risk, it is therefore of impoce to understand how the size effect and
distress risk relate as well. Second, it seems tthatliterature is not conclusive about the
explanations for the existence of the size anontatythe one hand side, a strand of literature
attributes the size effect to a common risk fac@ran, Chen and Hsieh (1985), Chan and
Chen (1991), Petkova (2006), and Hwang, Min, McDonKim, and Kim (2010) examine
the correlation between the return differentialwestn small- and large-cap stocks and
several risk factors over time. Chan, Chen and iH§1®85) find evidence that the default
spread and other factors that are related to clsamgethe economic environment are
positively related to the small-cap premium. Chamd &€hen (1991) find that small-cap
portfolios contain a disproportional large amoumtnmarginal firms with low production
efficiency and high financial leverage. PetkovaO@Q and Hwang, Min, McDonald, Kim,
and Kim (2010) find that the SMB (Small-Minus-Bifgctor of Fama and French (1993) is
positively correlated with innovations in variabldsat describe investment opportunities,
such as the default spread. And Vassalou and >2804) employ a cross-sectional approach
to investigate the relation between size and distrisk and show that the small-cap premium
is fully concentrated in high-risk stocks. On ttiees hand, there are also several papers that
argue that the size effect is unrelated to riske,[geg., Daniel and Titman (1997), Knez and

Ready (1997), Ferson, Sarkissian and Simin (198@yk (2000)]. The comprehensive
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framework we use in this study can shed new lighttlee interaction between size and
distress risk.

We start our analysis by investigating the sizeaffn our sample of the largest 1,500
U.S. stocks by monthly ranking the stocks on tiedrket capitalization, sorting them into
quintile portfolios and computing the equally-wetiggh returns over the subsequent month.
Our results show that the 20 percent smallest stockperform the 20 percent largest stocks
with 2.0 percent per annum over the period Septerhb8l to December 2009. Consistent
with evidence in the academic literature, the prmium is of significant smaller magnitude
than the value premium we found in our sample 6fpercent per annum. In fact, several
studies even suggest that the size effect disapgedter 1980 [e.g. Horowitz, Loughran and
Savin (2000) and Hirshleifer (2001)].

To investigate if the higher returns of small capcks are indeed concentrated in
stocks with high distress risk, we construct pditk of stocks ranked on their market
capitalization and each of our four measures dfesls risk. Since we noted earlier that high-
risk stocks typically have a smaller market cajatdlon than low-risk stocks, we form triple-
sorted portfolios of stocks to ensure that the mtadapitalizations of the high- and low-risk
portfolios are in the same order of magnitude amak @any return differences between
portfolios in the same size segment cannot be bated to differences in market
capitalization. More specifically, every month watsstocks into quintile portfolios based on
their market capitalization. Then, within each petfolio we further sort stocks into terciles
based on their market capitalization. Then, for esizke sub-portfolio we sort stocks into
terciles based on their debt-to-assets ratio, mistdo-default, credit spread and credit rating.
Finally, we merge the small-, mid- and large-cap-partfolios of high-risk stocks within
each size quintile portfolio. We also merge thee¢hmarket cap sub-portfolios of mid- and

low-risk stocks within each size sub-portfolio. \W@mpute the equally-weighted returns over
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the subsequent month for the resulting 15 portéolas well as the portfolios’ median distress
risk characteristics. The results are listed in Téble
[INSERT TABLE 6 ABOUT HERE]

We first consider the portfolio’s distress riskachcteristics in Panel 1 of Table 6. We
observe a strong relation between the market degaition of stocks and their distress risk
characteristics: small-cap stocks exhibit highestrdss risk than large-cap stocks. The
median distance-to-default is 5.3 for mid-risk drgalp stocks, while 10.1 for mid-risk large-
cap stocks. Also for credit spread and credit cpive observe large differences between
small- and large cap stocks. The median credit dpmed credit rating for mid-risk small-cap
stocks are 281 basis points and BB+, respectivaiyg, 96 basis points and A for mid-risk
large-cap stocks, respectively. Only when we carsitbbt-to-assets as distress risk measure
it appears that small-cap stocks are only margimalbbre risky with a debt-to-assets ratio of
0.26 for small-cap stocks and 0.25 for large-cagld. At the same time we observe that
there are also large differences in distress rislcacteristics between the high- and low-risk
portfolios within each size quintile. For examplee difference between high- and low-risk
debt-to-assets portfolios is 0.43 within the snealp portfolio. These findings indicate that
not all small cap stocks exhibit equally high expes to distress risk.

We continue our analysis by investigating the fotid’s returns in Panel 2 of Table 6.
Indeed we observe a size effect in the sense libagrmall-cap portfolios earn higher returns
than the large-cap portfolios. If small-cap stoeksn higher returns because they have more
distress risk, we should observe a positive ratabietween default risk and returns of small-
cap stocks. However, for three out of our fourrdiss risk measures, we do not observe that
the high returns of small-cap stocks are concesdrat the high-default-risk segment. In fact,
when distance-to-default, credit spread and credihg are used as measures for distress

risk, it appears that high-risk small-cap stocksheg to 5.5 percent lower returns than low-
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risk small-cap stocks. Additionally, if the sma#g premium is a compensation for distress
risk, large-cap stocks earn lower returns becdausg have less distress risk and we should
also observe a positive relation between defask @nd returns of large-cap stocks.
Conversely, we find that for all four distress risleasures the low returns of large-cap stocks
are concentrated in the high-default-risk segmeéherefore, it seems unlikely that distress-
risk drives the small-cap premium.

We also evaluate the performance differential ketwsmall- and large-cap stocks
over different states of the business cycle. If Isoap stocks run more distress risk than
large-cap stocks, they must underperform largestagks in the bad states of the world. As
with our business cycle analysis in the previougise, we take the NBER’'s Business Cycle
indicators for economic expansions and recessindsesaluate the relation between distress
risk and equity returns for our triple-sorted poliis on market capitalization and distress
risk. For all portfolios we compute their returngidg expansions and recessions. The results
are listed in Table 7.

[INSERT TABLE 7 ABOUT HERE]

When we consider the portfolio returns during e)geams and recessions in Panels 1 and 2 of
Table 7, respectively, it appears that stock retwares highly positive on average during
expansions and negative during recessions. Ussigrdie-to-default, credit spread and credit
ratings as measures for distress risk, we obséatehigh-risk stocks earn lower returns than
low-risk stocks during recessions. When credit agseare used to measure distress risk, the
return differential between high- and low-risk #eds more than 25 percent per annum. At
the same time, however, it appears that small-tagks do not only outperform large cap
stocks during expansions, but also during recessitm fact, for all four different risk
measures we find a large positive size effect durégcessions. These results corroborate our

earlier result that it seems unlikely that the sifect can be attributed to distress risk.
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Finally, we turn back to our regression resultshi@ previous section to analyze the
relation between the size effect and distress tskg cross-sectional Fama-MacBeth
regressions. If a portion of the size effect isired to distress risk, we should observe that the
coefficient estimate fokMarket capin Panel 2 of Table 5 should become less significane
the regression model is augmented with our distiskssariables. However, in all four cases
it appears that the coefficient estimate fdarket capbecomes more negative once our
distress risk variables are added to the moddhdt we find an insignificant size premium
which becomes significant once distress risk iduithed in the regression. These results
indicate that small-cap stocks with high distrask earn lower returns than small-cap stocks
with a more healthy financial status and are agaionsistent with the notion that small-cap

stocks earns higher returns because of increasedss risk.

5. THE FAMA-FRENCH (1993) SMB AND HML FACTORSAND DISTRESS RISK
The typical approach in the stream of literatureeampirical asset pricing to correct for the
size and value effects is using the Fama-Frenc8@3)lthree factor model that augments the
one-factor market model with the SMB (Small-MinugtBand HML (High-Minus-Low)
factors. Perhaps the most important reason why rmasgarchers adopted the use of the
SMB and HML factors is because of the factors’ éampirical explanatory power for
differences in the cross-section of stock retuBwcause of the way the SMB and HML
factors are constructed, we may expect the fattobe prone to distress risk (we refer to the
webpage of Kenneth French for a detailed documientan the construction of the SMB and
HML factors and to the recent work of Cremers, ff&ta and Zitzewitz (2011) for an in-
depth analysis of the impact of small cap stockgherreturns of the SMB and HML factors).
In this section we investigate if the large empgiriexplanatory power of the Fama-

French (1993) factors can be attributed to thestifa being exposed to distress risk. More
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specifically, we investigate if the empirical expéaory power of the SMB and HML factors
is negatively affected when distress-risk neuyalis imposed when the factors are
constructed. To conduct our analysis we use the dodble-sorted portfolios on market
capitalization and book-to-price and the deciletfptios sorted on dividend yield from the
webpage of Kenneth French as test assets. Priciogsere estimated using the one-factor
CAPM model

(4) r,, =a+bRMRE + ¢,

and the three-factor Fama-French model

(5) r,, =a+bRMRFE +sSMB +hHML, +¢,, .

In these equations;, is the return of portfolia at timet in excess of the risk-free rate.

RMRFE, SMB, and HML, are the returns on Fama and French (1993) fadiors

respectively market, size, and value at timReturn data for the risk-free rate and the market
factor are from the webpage of Kenneth French. Wesituct the SMB and HML factors
using our sample covering the 1,500 largest stotkbe Citigroup US Broad Market Index
(BMI) over the period September 1991 until DecemB809 and the methodology as
outlined on the webpage of Kenneth French. Moreifipally, following Fama and French
(1993) we first construct six value-weighted pditfe on market capitalization and book-to-
price. These portfolios, which are constructed atehd of each month, are the intersections
of two portfolios formed on market capitalizatiaand three portfolios formed on book-to-
price. The size breakpoint for morttks the median market capitalization at the enthofth

t. The book-to-price for monthis the book equity for the most recent fiscal ¢geradivided

by market capitalization at the end of montithe book-to-price breakpoints are the 33th and
66th percentiles for month SMB is the average value-weighted return on theettsmall

portfolios minus the average value-weighted returrthe three big portfolios,
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SMB =1/3(SmallValue+ SmallNeutral+ SmallGrowth)

5
®) -1/3(Big Value+ Big Neutral+ Big Growth)

and HML is the average value-weighted return ontt@evalue portfolios minus the average
value-weighted return on the two growth portfolios,
(6) HML =1/2(SmallValue+ Big Value)-1/2(SmallGrowth+ Big Growth).

Additionally, we construct return series for SMBdaHML imposing distress-risk
neutrality. To impose distress-risk neutrality werfprm a triple sort where we first sort
stocks into distress risk terciles and next perfirendouble sort on market capitalization and
book-to-price as outlined above. The six base plot that are used to construct the SMB
and HML factors are now the average value-weighttdrn series for the distress risk
terciles. For example, Small Value is now the ageraf the return series for the Low
Risk/Small Value, Mid Risk/Small Value, and HighskRiSmall Value portfolios. And Big
Growth, for example, is the average of the retwmes for the Low Risk/Big Growth, Mid
Risk/Big Growth, and High Risk/Big Growth portfofioThe distress risk breakpoints are the
33th and 66th percentiles for monthWe construct distress-risk neutral SMB and HML
factors using our four measures for distress risk.

[INSERT TABLE 8 ABOUT HERE]

Before testing the empirical explanatory powerhaf EMB and HML factors with and
without distress-risk neutrality imposed, we firsbnsider the summary statistics and
investigate the distress risk exposures of the SMB HML factors, the differential
premiums after neutralization, the factors’ risked their correlations. Panel 1 of Table 8
shows the summary risk and return statistics ofntaeket factor and the SMB and HML
factors with and without distress-risk neutralitpposed. When we consider the last four
rows in Panel 1, we observe that the SMB fact@xigosed to distress risk as the negative

distance-to-default and the credit spread of 14fshaoints indicate that small caps are more
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exposed to distress risk than large caps. Als®@Be rating for small caps is worse than the
A- rating for large caps. Only based on debt-tetsssmall caps do not seem to be more
risky than large caps. These findings are condistéh our earlier results. When we consider
the exposures of the HML factor, we observe thatftttor is only marginally exposed to
distress risk as the debt-to-assets ratios, cspogads and credit ratings are almost equal for
stocks with a high and low book-to-market ratio.ly{Obased on the distance-to-default
measure we observe that value stocks are more tigky growth stocks. These results
already indicate that it is unlikely that the HMactor picks up distress risk and the factor's
explanatory power is driven by distress risk expesdrurthermore, we observe that the
distress-risk neutral SMB and HML factors are, lmpstruction, generally less exposed to
distress risk than the standard SMB and HML factdre distress-risk neutral SMB factors
have distances-to-default and credit spreads closeero and a smaller difference in credit
rating between small and large caps. And also ik&eds-risk neutral HML factor has
distances-to-default closer to zero.

Interestingly, we observe that the premiums of 8B and HML factor are still
present when distress-risk neutrality is imposdtke Tisk premiums of the SMB and HML
distress-risk neutral factors range from 2.16 #®3ercent and from 3.16 to 3.67 percent per
annum, respectively, compared to a 2.00 percent $k&Bnium and a 3.40 percent HML
premium without neutrality being imposed. When vemgider the risks of the factors, we
find in almost all cases that the distress-risktradactors exhibit substantially lower levels
of risk as measured by lower return standard deviatand lower extreme negative returns
(i.e., 8" and 2%' percentile returns). The same return levels tagetlith the lower risk levels
result in higher Sharpe ratios for our distresk-risutral factors. These results indicate that
distress risk is not driving the premiums of the EBnd HML factors. We additionally

estimate correlations between the return seriegtwhre presented in Panel 2 of Table 8.
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Correlations between the Fama and French SMB fatdr the distress-risk neutral SMB
factors range between 0.43 and 0.96. For the Fandd&eench HML factor the correlations
range between 0.86 and 0.94. Although the coroglatiare high as expected, the results
indicate that the regressions in Equation 4 andighnresult in different outcomes. This
raises the question which factors are better abéxplain the variability in returns of our test
assets.

We continue our empirical analysis by estimatingipg errors for the CAPM and the
Fama-French (1993) three-factor model using the S8 HML factors with and without
distress-risk neutrality. We consider average aratlian pricing errors and adjusted R-
squared values of the regressions to measure Hueipteve power of the factors. The results
of our analysis using the 5x5 double-sorted pddfobn market capitalization and book-to-
price as test assets are presented in Table ®dédbr of the 25 portfolios, the table presents
annualized returns, annualized constamsand associatettvalues, and the adjusted R-
squared values of the different regression modelsddition, the table shows the average
and median pricing errors of the models for thep@gfolios based on the absolute values of
the constants artevalues.

[INSERT TABLE 9 ABOUT HERE]

We first consider the results of the CAPM. Cormsistwith a size and value anomaly,
we find that the market factor does not sufficelégcribe the cross-section of stock returns of
portfolios sorted on market capitalization and bémlprice. The average adjusted R-squared
value of the CAPM model is only 66 percent. Alse wbserve large average and median
absolute pricing errors of, respectively, 3.97 &hd4 percent. When we consider the
empirical explanatory power of the three-factor Bafnench model, we observe a

significantly better performance. The average adpiR-squared value is 85 percent and
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both the average and median pricing errors of, eesgely, 2.39 and 1.71 percent are
substantially lower than those of the CAPM.

We continue by investigating the explanatory poafthe distress-risk neutral SMB
and HML factors. If the large empirical explanatpwer of the Fama-French (1993) factors
can be attributed to the factors being exposedstoeds risk we should observe an increase in
pricing error when the returns of the test assetseszaluated using the SMB and HML
factors that are constructed imposing distress-nisltrality. However, we do not observe
deterioration in explaining the variation in retsiof the 25 portfolios. In fact, in three out of
four cases the average and median pricing errocsedse when imposing distress risk
neutrality. More specifically, the average (medipnging error of the Fama-French model is
2.39 (1.71) percent and ranges between 2.00 (pdiZent and 2.57 (2.13) percent for the
risk-neutral models. In addition, we still obseststantial higher adjusted R-squared values
compared to the CAPM. We can therefore concludeiths not necessary to be exposed to
distress-risk to be able to explain the differernioagturns of the 25 Fama-French portfolios.

[INSERT TABLE 10 ABOUT HERE]

Next, we perform a similar test where we use thald portfolios sorted on dividend
yield from the webpage of Kenneth French as testtas The results are presented in Table
10. When we compare the results of the CAPM fortémedividend yield portfolios with the
results for the 25 portfolios sorted on value amd as in Table 9, we observe that the pricing
errors are smaller, although the average and mextans are still substantial with 2.15 and
2.06 percent, respectively. We find that the Famem€h (1993) model is again better
capable in describing the cross-section of dividgiettl portfolio returns, as the median and
average pricing errors are smaller and the adjuRtsduared values are larger than those
resulting from the CAPM. Again, if distress risk e$fective in explaining cross-sectional

return differences, then neutralizing this riskhie SMB and HML factors should lead to an
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increase in pricing errors. However, we observe thaalmost all cases the average and
median pricing errors become smaller when distrisgsneutrality is imposed, corroborating
our previous finding that distress risk-exposurentd the driving force behind the large

empirical explanatory power of the SMB and HML farst

6. CONCLUDING COMMENTS
Following the work of Fama and French (1992, 19@3Jarge stream of literature has been
developed on the value anomaly and numerous atseinape been made to better understand
the economic origin of this anomaly. In particulseyeral papers attribute the value anomaly
to a common risk factor and contend that the vaheenium is a compensation for investors
bearing distress risk. Notably, there are alsoralbver of papers that dispute this assertion and
document that it is unlikely that the value premioan be attributed to distress risk. At first
sight, it seems that these contradictory findingshie literature may be attributed to the use
of different measures and methodologies. In thislar we contribute to the extant literature
by shedding new light on the sensitivity of theadpd results to the use of alternative risk
measures and methodologies and try to come up avitimified conclusion regarding the
relation between the value effect and distress risk

Consistent with most studies we find that valuwlss are prone to somewhat higher
levels of distress risk than the average stock. él@m, at the same time we find that the
value premium cannot be attributed to distress. riglespective of whether we measure
stocks’ probabilities on financial distress usirgg@unting models, structural models, credit
spreads or credit ratings, we find that the valteempum cannot be absorbed by distress risk.
In fact, we find no evidence whatsoever that defask is a priced factor in the cross-section
of equity returns. The results are also robustht rhethod that is used to investigate the

relation between the two variables. Irrespectivavbéther we use rank portfolios, business
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cycle analyses a la Lakonishok, Shleifer and Visl{h994), or cross-sectional Fama-
MacBeth (1973) regressions, we find no positivatieh between value and distress. Only if
we do not properly control for the size effect vimdfa weak positive relation between the
two variables for some of our risk measures. Irstimgly, we also find no evidence that the
size effect can be attributed to distress risk. [&/lsmall cap stocks do have a higher
probability to get into financial distress, it istnthe case that small cap stocks only yield
positive abnormal returns if they run higher leveldistress risk. In fact, it seems that the
size premium is concentrated in low-risk small séqcks. Finally, our results indicate that
the empirical explanatory power of the Fama-Fre(idd®93) SMB and HML factors cannot

be attributed to these factors being exposed toedis risk. Overall, our results are difficult to
reconcile with a risk-based interpretation of tledue anomaly and call for further research

on the development and testing of theories thargtlly provide an explanation for the size

and value effects.
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FIGURE 1. Cumulative Accuracy Profiles.

This figure presents the Cumulative Accuracy Pesfibf the book-to-market ratio (B/M),
debt-to-assets ratio, distance-to-default, crqui¢ad and credit rating. We monthly compute
what percentage of the firms that gets into finahdistress in the subsequent 12 month is
ranked in the top x percent of stocks on their pholities to default estimated using our four
proxies for distress risk, with x ranging from 1 100. The curves show the time-series

averages.
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TABLE 1. Risk characteristics of portfolios sorted on the book-to-market ratio.

This table presents the annualized returns of dgiiportfolios based on the book-to-market
ratio (B/M) for the 1,500 largest U.S. stocks fr@@eptember 1991 until December 2009.
Portfolios are formed monthly and their returns @mputed by equally weighting the firms.
In addition, the table presents the following medimm characteristics of these portfolios:
book-to-market ratio (B/M), debt-to-assets ratigstahce-to-default, credit spread, credit
rating, and market capitalization (in billion U.8liars).

High B/M 2 3 4 Low B/M High-Low

Return (annualized) 14.9% 11.8% 9.0% 7.8% 7.4% 7.0%
B/M 0.85 0.56 0.41 0.28 0.14 0.72
Debt-to-assets 0.31 0.30 0.26 0.22 0.23 0.08
Distance-to-default 5.4 6.7 7.3 8.5 8.5 -3.1
Credit spread 202 152 151 132 149 53

Credit rating BBB BBB+ BBB+ BBB+ BBB -

Market capitalization 1265 1399 1577 1886 1940 -675
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TABLE 2. Value effect controlled by distressrisk

This table reports statistics of double-sorted fpbds of stocks ranked on their book-to-
market ratios and distress risk for the 1,500 IstrgeS. stocks from September 1991 until
December 2009. Stocks are sorted monthly into lesrdbased on their distress risk as
measured by debt-to-assets ratio, distance-to-tietaadit spread and credit rating . Next,
for each tercile portfolio, stocks are further edrtinto quintiles based on their book-to-
market ratio (B/M). Portfolio returns are computsdweighting equally the firms. Panels 1-3
report respectively median risk characteristicsnuatized returns and median market
capitalizations (in billion U.S. dollars).

High B/M 2 3 4 Low B/M

Panel 1. Risk

Panel 1A. Debt-to-assets

Low risk 0.10 0.10 0.08 0.07 0.04
Mid 0.28 0.27 0.26 0.26 0.26
High risk 0.42 0.42 0.44 0.44 0.55
High-Low 0.33 0.33 0.36 0.38 0.51

Panel 1B. Distance-to-default

Low risk 11.8 12.2 12.8 13.2 14.1
Mid 7.0 7.1 7.2 7.4 7.3
High risk 3.1 3.5 3.6 3.7 3.4
High-Low -8.7 -8.7 -9.2 -95 -10.8

Panel 1C. Credit spread

Low risk 103 99 95 89 79

Mid 164 158 157 157 157
High risk 328 287 294 284 320
High-Low 226 188 198 195 241

Panel 1D. Credit rating

Low risk A A A A A+
Mid BBB BBB BBB+ BBB+ BBB+
High risk BB+ BB BB BB BB-
High-Low - - - - -
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TABLE 2 (Continued). Value effect controlled by distressrisk

High B/M 2 3 4 Low B/M

Panel 2. Annualized returns

Panel 2A. Debt-to-assets

Low risk 13.4% 10.0% 9.9% 3.7% 5.3%
Mid 15.8% 10.6% 9.8% 7.8% 9.4%
High risk 12.5% 10.8% 10.4% 7.2% 9.9%
High-Low -1.0% 0.7% 0.4% 3.5% 4.6%

Panel 2B. Distance-to-default

Low risk 12.7% 11.4% 11.6% 8.1% 8.0%
Mid 15.6% 10.6% 10.8% 8.5% 11.2%
High risk 13.6% 13.1% 9.5% 6.1% 6.3%
High-Low 0.9% 1.7% -2.2% -2.0% -1.6%

Panel 2B. Credit spread

Low risk 13.7% 9.0% 10.8% 9.5% 8.8%
Mid 13.5% 13.0% 12.9% 10.0% 10.6%
High risk 14.0% 11.7% 7.4% 8.1% 5.6%
High-Low 0.3% 2.7% -3.4% -1.4% -3.2%

Panel 2D. Credit rating

Low risk 14.7% 11.9% 11.4% 10.8% 8.7%
Mid 16.2% 15.6% 10.5% 9.9% 9.5%
High risk 16.8% 11.4% 7.1% 7.6% 8.3%
High-Low 2.1% -0.4% -4.2% -3.2% -0.3%

Panel 3. Market capitalization

Panel 3A. Debt-to-assets

Low risk 1173 1305 1639 2023 2188
Mid 1262 1512 1714 2315 3329
High risk 1269 1492 1620 1729 1606
High-Low 97 187 -19 -294 -582

Panel 3B. Distance-to-default

Low risk 2033 2241 2758 3857 6358
Mid 1450 1508 1788 2064 2085
High risk 1037 1092 1187 1218 1260
High-Low -996 -1149 -1571 -2639 -5098

Panel 3C. Credit spread

Low risk 6493 8072 10381 13354 19592
Mid 2791 2689 3373 3849 4966
High risk 1142 1343 1401 1493 1482
High-Low -5351 -6728 -8980 -11861 -18110

Panel 3D. Credit rating

Low risk 3799 4232 6549 9857 16290
Mid 1564 1759 2162 2705 3691
High risk 1000 1092 1176 1452 1532
High-Low -2799 -3140 -5373 -8405 -14758
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TABLE 3. Value effect controlled by distressrisk and size

This table reports statistics of triple-sorted fmivs of stocks ranked on their market
capitalization, book-to-market ratios and distrask for the 1,500 largest U.S. stocks from
September 1991 until December 2009. Each montbkstare sorted into terciles based on
their market capitalization. Then, for each sizetfpbo, stocks are sorted into terciles based
on their distress risk as measured by debt-to-ssatb, distance-to-default, credit spread or
credit rating. Next, the small-, mid- and large-qagtfolios with similar risk are merged.
Finally, for each tercile portfolio stocks are fgt sorted into quintiles based on their book-
to-market ratio (B/M). Portfolio returns are compaitoy weighting equally the firms. Panel 1
reports median risk characteristics and Panel Raimed returns.

High B/M 2 3 4 Low B/M

Panel 1. Risk

Panel 1A. Debt-to-assets

Low risk 0.10 0.10 0.08 0.07 0.04
Mid 0.28 0.27 0.27 0.26 0.26
High risk 0.43 0.43 0.44 0.44 0.55
High-Low 0.33 0.33 0.35 0.37 0.51

Panel 1B. Distance-to-default

Low risk 11.2 11.9 12.8 13.5 145
Mid 6.5 6.8 7.1 7.5 7.5
High risk 3.0 35 3.7 3.8 3.5
High-Low -8.2 -8.5 -9.1 -9.6 -11.0

Panel 1C. Credit spread

Low risk 129 118 106 88 77
Mid 200 161 158 150 149
High risk 336 274 268 231 292
High-Low 207 156 162 143 215

Panel 1D. Credit rating

Low risk A- A- A A+ A+
Mid BBB BBB BBB BBB+ BBB+
High risk BB BB+ BB+ BB BB
High-Low - - - - -
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TABLE 3 (Continued). Value effect controlled by distressrisk and size

High B/M 2 3 4 Low B/M

Panel 2. Annualized returns

Panel 2A. Debt-to-assets

Low risk 12.8% 9.7% 10.2% 3.3% 5.0%
Mid 16.2% 10.9% 10.5% 8.0% 9.6%
High risk 12.4% 10.5% 10.1% 7.3% 9.8%
High-Low -0.5% 0.7% -0.2% 4.0% 4.7%

Panel 2B. Distance-to-default

Low risk 13.8% 11.5% 11.1% 8.2% 7.1%
Mid 16.1% 10.5% 11.0% 8.6% 12.0%
High risk 12.9% 12.5% 8.3% 8.0% 5.6%
High-Low -0.9% 1.1% -2.8% -0.2% -1.5%

Panel 2C. Credit spread

Low risk 16.0% 12.4% 10.2% 10.4% 9.3%
Mid 13.0% 13.3% 11.5% 10.0% 10.7%
High risk 12.8% 11.0% 5.4% 6.1% 6.7%
High-Low -3.2% -1.4% -4.8% -4.4% -2.6%

Panel 2D. Credit rating

Low risk 14.7% 15.9% 9.6% 11.5% 9.0%
Mid 15.9% 15.5% 10.9% 9.7% 9.1%
High risk 15.1% 9.1% 6.9% 6.9% 8.4%
High-Low 0.4% -6.9% -2.7% -4.6% -0.6%
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TABLE 4. Value effect during different states of the business cycle

This table reports return characteristics of stabsng economic expansions (Panel 1) and
recessions (Panel 2) based on the NBER’s Busingske Ghdicator. The size-neutral risk
portfolios are constructed using the procedureirmed! in Table 3. Portfolio returns are
computed by weighting equally the firms.

High B/M 2 3 4 Low B/M

Panel 1. Expansions

Panel 1A. Debt-to-assets

Low risk 17.9% 13.6% 13.6% 7.8% 10.2%
Mid 20.9% 14.6% 14.7% 12.3% 13.5%
High risk 16.7% 14.9% 14.4% 11.9% 14.4%
High-Low -1.2% 1.2% 0.7% 4.1% 4.2%

Panel 1B. Distance-to-default

Low risk 17.6% 14.9% 14.7% 12.2% 11.1%
Mid 19.5% 13.9% 15.5% 12.6% 16.0%
High risk 17.9% 17.9% 13.6% 13.2% 11.8%
High-Low 0.3% 3.0% -1.1% 0.9% 0.7%

Panel 1C. Credit spread

Low risk 19.3% 16.5% 14.4% 15.4% 13.1%
Mid 18.8% 18.4% 16.7% 14.7% 14.9%
High risk 18.4% 16.7% 12.9% 12.1% 13.6%
High-Low -0.9% 0.2% -1.5% -3.3% 0.5%

Panel 1D. Credit rating

Low risk 19.4% 19.5% 13.7% 16.2% 12.3%
Mid 19.9% 19.4% 16.4% 14.1% 13.5%
High risk 20.0% 14.9% 12.6% 13.0% 14.4%
High-Low 0.6% -4.6% -1.1% -3.2% 2.1%
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TABLE 4 (Continued). Value effect during different states of the business cycle

High B/M 2 3 4 Low B/M

Panel 2. Recessions

Panel 2A. Debt-to-assets

Low risk -16.3% -13.4% -10.4% -22.7% -24.5%
Mid -11.6% -11.0% -14.5% -17.4% -13.9%
High risk -13.3% -15.4% -15.2% -19.4% -17.4%
High-Low 3.1% -1.9% -4.8% 3.3% 7.1%

Panel 2B. Distance-to-default

Low risk -9.2% -9.2% -11.0% -15.8% -16.9%
Mid -4.6% -10.1% -15.2% -15.5% -11.9%
High risk -15.8% -18.1% -22.3% -21.7% -28.4%
High-Low -6.6% -8.9% -11.3% -6.0% -11.5%

Panel 2C. Credit spread

Low risk -4.5% -12.1% -15.1% -18.4% -13.6%
Mid -19.7% -16.1% -18.4% -17.2% -13.9%
High risk -19.4% -21.2% -34.2% -27.4% -30.3%
High-Low -14.8% -9.1% -19.1% -9.1% -16.7%

Panel 2D. Credit rating

Low risk -12.9% -5.8% -14.6% -15.8% -11.3%
Mid -8.1% -8.0% -20.2% -16.0% -16.9%
High risk -13.7% -23.8% -25.0% -26.7% -25.2%
High-Low -0.8% -18.0% -10.4% -10.9% -13.9%
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TABLE 5. Fama-MacBeth regression resultsfor the relation value effect and distress

risk characteristics

This table reports Fama-MacBeth regression resdltstock returns regressed on book-to-
market ratios while controlling for market betateirmediate-term return momentum, short-
term return reversal and industries for the 1,51@dst U.S. stocks from September 1991
until December 2009. Each month the following regren is performed:

(3) 1, =a, +b1, BM, +b2 BETA, +b3 MOM,, +b4,REV, +5.Z, +&,,

wherer;; is the return of stockin montht, BM;; is the normalized book-to-market ratio of
stocki in montht, BETA; is the normalized market beta of staégk montht estimated using

a three-year rolling window using weekly returnsl dne BMI index as proxy for the market
return, MOM;; is the normalized 11-month one-month lagged petstm of stock in month

t, REV; is the normalized return of stoclover the past month in monthandz; is a vector
containing industry dummies for stotbased on the MSCI/S&P GICS level 1 classification
of ten industries. The base case regression in tequ#é3) is augmented with our four
alternative proxies for distress risk. Panel 1 ablé 5 presents the average coefficient
estimates of the different regression models tagethith their t-values computed using
Fama-MacBeth standard errors. In addition, theetablows the average adjusted R-squared
values of the regressions. Panel 2 presents thdtgesf regressions where the regression
models are augmented with the logarithm of markeitalizations (normalized).

(@) ) ) (4) (©)

Panel 1. Excluding market capitalization as control variable

Constant 0.84% 0.86% 0.83% 0.82% 0.83%
2.69 2.82 2.62 2.59 2.60
BM 0.13% 0.13% 0.13% 0.13% 0.13%
2.42 2.19 2.58 2.55 2.58
MOM 0.07% 0.07% 0.07% 0.07% 0.07%
0.67 0.66 0.69 0.68 0.70
BETA -0.03% -0.05% -0.04% -0.05% -0.05%
-0.27 -0.43 -0.43 -0.49 -0.46
REV -0.19% -0.20% -0.21% -0.21% -0.21%
-3.22 -3.36 -3.52 -3.51 -3.54
Z yes yes yes yes yes
Debt-to-assets -0.03%
-0.52
Distance-to-default 0.02%
0.32
Credit spread -0.03%
-0.43
Credit rating -0.02%
-0.24
Adj. R2 17.25%  17.55%  18.08%  18.06%  18.08%
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TABLE 5 (Continued). Fama-MacBeth regression results for the relation value effect
and distressrisk characteristics

()] 2 3 4 ®)

Panel 2. Including market capitalization as control variable
Constant 0.85% 0.89% 0.86% 0.84% 0.85%

2.68 2.89 2.72 2.67 2.68
BM 0.10% 0.08% 0.10% 0.10% 0.10%

1.96 1.55 2.03 1.95 1.98
Market cap -0.09% -0.12% -0.17% -0.16% -0.18%

-1.39 -1.84 -3.11 -2.77 -2.98
MOM 0.05% 0.05% 0.06% 0.07% 0.07%

0.54 0.55 0.58 0.69 0.72
BETA -0.06% -0.07% -0.04% -0.04% -0.04%

-0.57 -0.63 -0.38 -0.44 -0.37
REV -0.20% -0.20% -0.21% -0.21% -0.21%

-3.47 -3.50 -3.46 -3.51 -3.51
z yes yes yes yes yes
Debt-to-assets -0.06%

-1.37
Distance-to-default -0.03%
-0.66
Credit spread -0.12%
-1.81
Credit rating -0.13%
-1.81

Adj. R2 17.92%  18.09% 18.34% 18.27%  18.31%
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TABLE 6. Size effect controlled by distressrisk

This table reports statistics of triple-sorted fmivs of stocks ranked on their market

capitalization and each of our four measures dfess risk for the 1,500 largest U.S. stocks
from September 1991 until December 2009. Each mastiticks are sorted into quintiles

based on their market capitalization. Then, forhesize portfolio, stocks are further sorted
into terciles based on their market capitalizatibinen, for each size sub-portfolio stocks are
sorted into terciles based on their debt-to-ass#ts, distance-to-default, credit spread or
credit rating. Finally, the small-, mid- and largap portfolios with similar risk are merged.

Portfolio returns are computed by weighting equdtlg firms. Panel 1 reports median risk
characteristics and Panel 2 annualized returns.

Small 2 3 4 Large

Panel 1. Risk

Panel 1A. Debt-to-assets

Low risk 0.04 0.06 0.08 0.10 0.10
Mid 0.26 0.27 0.28 0.27 0.25
High risk 0.47 0.46 0.46 0.43 0.40
High-Low 0.43 0.40 0.38 0.33 0.30

Panel 1B. Distance-to-default

Low risk 10.2 10.8 11.5 13.1 15.9
Mid 5.3 6.0 6.8 8.0 10.1
High risk 2.5 2.9 3.4 43 6.1
High-Low -7.6 -7.9 -8.1 -8.8 -9.7

Panel 1C. Credit spread

Low risk 176 133 112 91 68
Mid 281 202 162 130 96
High risk 450 333 252 198 134
High-Low 274 200 140 107 66

Panel 1D. Credit rating

Low risk BBB+ A- A A AA-
Mid BB+ BBB- BBB BBB+ A
High risk BB- BB BB+ BBB- BBB+
High-Low - - - - -
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TABLE 6 (Continued). Size effect controlled by distressrisk

Small 2 3 4 Large
Panel 2. Annualized returns
Panel 2A. Debt-to-assets
Low risk 9.8% 4.9% 7.6% 12.2% 9.0%
Mid 10.4% 12.6% 10.6% 10.5% 9.5%
High risk 12.6% 11.4% 11.0% 8.6% 8.0%
High-Low 2.8% 6.5% 3.4% -3.6% -1.0%
Panel 2B. Distance-to-default
Low risk 11.5% 9.6% 10.9% 11.2% 9.7%
Mid 13.4% 12.0% 12.5% 11.4% 9.4%
High risk 10.6% 11.6% 8.2% 9.2% 7.4%
High-Low -0.9% 2.0% -2.7% -2.0% -2.3%
Panel 2C. Credit spread
Low risk 11.9% 13.8% 12.6% 11.5% 8.2%
Mid 15.9% 13.0% 11.6% 11.5% 8.9%
High risk 6.4% 9.4% 7.2% 10.2% 7.3%
High-Low -5.5% -4.4% -5.4% -1.3% -0.9%
Panel 2D. Credit rating
Low risk 15.5% 12.6% 13.0% 11.8% 9.4%
Mid 13.3% 14.4% 10.9% 13.1% 10.7%
High risk 11.5% 8.1% 10.7% 5.8% 7.6%
High-Low -4.0% -4.5% -2.3% -5.9% -1.8%
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TABLE 7. Size effect during different states of the business cycle

This table reports return characteristics of statiisng economic expansions (Panel 1) and
recessions (Panel 2) based on the NBER'’s Busingske Ghdicator. The size-neutral risk
portfolios are constructed using the procedureirmed! in Table 6. Portfolio returns are
computed by weighting equally the firms.

Small 2 3 4 Large

Panel 1. Expansions

Panel 1A. Debt-to-assets

Low risk 13.6% 8.5% 12.4% 17.0% 14.2%
Mid 14.2% 17.0% 14.2% 14.5% 14.3%
High risk 16.4% 16.1% 15.4% 14.0% 12.4%
High-Low 2.9% 7.6% 3.0% -3.0% -1.9%

Panel 1B. Distance-to-default

Low risk 15.0% 13.1% 14.9% 14.6% 13.6%
Mid 16.8% 15.8% 16.3% 16.2% 14.5%
High risk 15.4% 17.4% 13.0% 14.7% 13.1%
High-Low 0.4% 4.4% -1.9% 0.2% -0.5%

Panel 1C. Credit spread

Low risk 16.5% 16.5% 16.1% 15.6% 12.0%
Mid 21.4% 18.0% 17.5% 17.2% 13.5%
High risk 10.8% 15.6% 15.0% 16.9% 13.7%
High-Low -5.6% -0.9% -1.1% 1.3% 1.7%

Panel 1D. Credit rating

Low risk 18.8% 16.2% 16.7% 17.0% 14.1%
Mid 16.2% 19.0% 15.4% 18.3% 15.8%
High risk 18.3% 13.1% 16.1% 12.4% 13.1%
High-Low -0.5% -3.1% -0.5% -4.5% -0.9%
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TABLE 7 (Continued). Size effect during different states of the business cycle

Small 2 3 4 Large

Panel 2. Recessions

Panel 2A. Debt-to-assets

Low risk -12.6% -16.9% -20.1% -15.4% -20.9%
Mid -12.2% -13.5% -11.2% -13.4% -18.3%
High risk -10.3% -16.1% -14.9% -21.7% -17.8%
High-Low 2.3% 0.8% 5.2% -6.3% 3.1%

Panel 2B. Distance-to-default

Low risk -9.6% -11.3% -13.3% -9.3% -13.7%
Mid -7.1% -10.8% -10.7% -16.3% -19.8%
High risk -17.4% -21.0% -19.6% -22.0% -24.8%
High-Low -7.8% -9.6% -6.4% -12.7% -11.1%

Panel 2C. Credit spread

Low risk -14.9% -3.2% -8.3% -13.2% -14.6%
Mid -15.8% -15.8% -21.7% -20.7% -17.8%
High risk -19.2% -25.1% -33.5% -26.5% -27.6%
High-Low -4.3% -21.9% -25.2% -13.4% -13.0%

Panel 2D. Credit rating

Low risk -4.6% -9.3% -9.4% -18.1% -17.8%
Mid -4.5% -12.6% -15.4% -16.7% -18.8%
High risk -25.5% -20.7% -20.3% -30.0% -23.4%
High-Low -20.9% -11.5% -11.0% -11.8% -5.6%
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TABLE 8. Summary statisticsand correlations of SMB and HML distress-risk neutral factors

This table presents return and risk characterigResel 1) of the market factor and of the SMB B factor with and without distress risk
neutrality imposed for each of our four measuredisiress risk (Panel 1). The SMB and HML factaes eonstructed on the 1,500 largest US
stocks over the period September 1991 until Decer®®@9 using the methodology as outlined on thepagb of Kenneth French. The risk-

neutral factors are constructed by performingdrsort, where stocks are first sorted into dsstnésk terciles and next on market capitalization
and book-to-price. Panel 2 shows the correlati@aéen factors.

SMB SMB SMB SMB HML HML HML HML
Debt-to-assets Distance-to- Credit spread Credit rating Debt-to-assets Distance-to- Credit spread Credit rating

RMRF SMB neutral default neutral neutral neutral HML neutral default neutral neutral neutral
Panel 1. Summary statistics
Return (annualized) 4.75% 2.00% 2.16% 2.99% 3.29% 3.70% 3.40% 3.58% 3.49% 3.16% 3.67%
Volatility (annualized) 15.46% 8.71% 9.05% 7.01% 6.67% 8.15% 14.49% 11.71% 11.20% 10.79% 10.75%
Sharpe ratio 0.31 0.23 0.24 0.43 0.49 0.45 0.23 0.31 0.31 0.29 0.34
5th Percentile -7.78% -3.82% -3.80% -2.63% -2.74% -3.04% -5.15% -4.83% -4.55% -4.87% -4.46%
25th Percentile -2.20% -1.60% -1.46% -1.10% -0.85% -1.03% -1.37% -1.04% -1.08% -0.90% -1.14%
Debt-to-assets 0.00 0.00 -0.04 0.04 0.03 0.09 0.00 0.04 -0.01 0.00
Distance-to-default -2.8 -2.7 -0.5 -1.8 -1.6 -2.2 -1.8 -0.8 -1.3 -1.6
Credit spread 145 145 85 31 48 -9 -14 -15 7 19
Credit rating (top / bottom) BB+ /A- BB+/BBB+ BBB-/BBB+ BBB/BBB+ BBB/BBB+ BBB/BBB- BBB /BBB BBB/BBB BBB+/BBB+ BBB/BBB
Panel 2. Correlations
RMRF 1.00
SMB 0.26 1.00
SMB Debt-to-assets neutral 0.34 0.96 1.00
SMB Distance-to-default neutral 0.05 0.83 0.86 1.00
SMB Credit spread neutral -0.17 0.51 0.53 0.71 1.00
SMB Credit rating neutral -0.21 0.43 0.47 0.72 0.81 1.00
HML -0.08 -0.12 -0.03 0.17 0.39 0.60 1.00
HML Debt-to-assets neutral 0.04 0.02 0.09 0.19 0.35 0.51 0.92 1.00
HML Distance-to-default neutral -0.15 -0.13 -0.07 0.12 0.37 0.56 0.94 0.93 1.00
HML Credit spread neutral 0.06 0.00 0.08 0.21 0.32 0.55 0.86 0.83 0.82 1.00
HML Credit rating neutral 0.04 0.04 0.12 0.26 0.37 0.61 0.91 0.89 0.88 0.92 1.00
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TABLE 9. Pricing errorsfor 5x5 portfolios sorted on size and value

This table reports regression results of the 5x&htssorted portfolios on market capitalization dodk-to-price from the webpage of Kenneth
French on the one-factor CAPM model

(4) r,, =a+bRMRFE + ¢,

and the three-factor Fama-French model

(5) r,, =a+bRMRFE +sSMB + hHML, +¢, .

wherer,, is the return of portfolio at timet in excess of the risk-free ratRMRFE, SMB, and HML, are the returns on Fama and French

(1993) factors for respectively market, size, aatlig at time. The SMB and HML factors are constructed on tfa®Q@ Jargest US stocks over
the period September 1991 until December 2009 ubimgnethodology as outlined on the webpage of KdnRrench. The risk-neutral factors
are constructed by performing a triple sort, whstoeks are first sorted into distress risk tercilad next on market capitalization and book-to-
price. The table reports the average annualizadngt regression intercepts and their associatedue and adjusted R-squared values. In
addition the average and median absolute interegypts-values are shown (pricing errors) and a€fuR-squared values.
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Fama-French risk-neutral Fama-French risk-neutral Fama-French risk-neutral Fama-French risk-neutral

CAPM Fama-French (Debt-to-assets) (Distance-to-default) (Credit spread) (Credit rating)
Return a t(@) Adj. R2 a t(a) Adj. R2 a t(@) Adj. R2 a t(@) Adj. R2 a t(@) Adj. R2 a t(@) Adj. R2
Small / Low B/M -0.56% -7.69% -1.71  54% -71.42% -2.75  80% -751% -2.22  75% -8.29% -2.46 70% -7.13% -1.46  57% -757% -1.66 58%
Small / Value2 11.15% 3.44% 0.89 51% 2.79% 1.09 81% 2.99% 1.05 7% 156% 0.55 72% 2.48% 0.56 54% 1.85% 0.47 56%
Small / Value3 12.87% 5.09% 1.59 57% 3.60% 1.67 81% 3.94% 1.93 81% 2.21% 1.16 78% 2.90% 0.90 61% 2.22% 0.85 65%
Small / Value4 15.93% 8.28% 2.29 53% 6.20% 2.40 7% 6.70% 2.62 76% 4.65% 2.10 75% 527% 1.61 59% 456% 1.68 65%
Small / High B/M 17.17% 9.12% 2.28 56% 5.90% 2.37 80% 6.45% 2.57 80% 4.34% 1.77 76% 5.03% 1.62 66% 4.49% 1.67 70%
Size2 | Low B/M 4.37% -3.71% -1.17  65% -3.70% -2.22  90% -3.66% -1.57 86% -456% -1.95 82% -4.26% -1.34  70% -4.03% -1.33  70%
Size2 / Value2 9.52% 1.46% 0.54 68% -0.28% -0.20 91% 0.05% 0.03 89% -1.65% -1.09 88% -1.43% -0.63  76% -1.33% -0.63  77%
Size2 / Value3 13.61% 5.66% 1.98 66% 3.09% 2.36 91% 3.61% 2.35 89% 1.60% 1.23 90% 151% 0.79 81% 1.62% 0.98 82%
Size2 / Value4 12.46% 470% 151 62% 1.71% 0.94 86% 2.25% 1.14 84% 0.14% 0.08 86% 0.18%  0.09 78% 0.03% 0.02 82%
Size2 / High B/M 13.06% 5.14% 1.30 58% 1.31% 0.53 85% 2.02% 0.75 83% -0.49% -0.20 83% -0.56% -0.21  78% -0.60% -0.23  80%
Size3 / Low B/M 5.21% -3.06% -1.13  70% -2.42% -2.08 93% -2.35% -1.50 90% -2.75% -1.64 87% -3.24% -1.36 76% -2.65% -1.16 77%
Size3 / Value2 10.48% 2.17% 0.94 7% 0.30% 0.23 90% 0.62%  0.45 89% -0.71% -0.50 89% -1.06% -0.63 86% -0.71% -0.42  86%
Size3 / Value3 13.09% 5.10% 1.92 71% 257% 1.63 87% 3.04% 1.79 85% 1.37% 0.85 87% 1.19% 0.73 86% 1.46% 0.83 85%
Size3 / Value4 12.07% 441% 1.42 63% 1.49% 0.95 81% 1.99% 1.09 79% 0.31% 0.18 81% 0.14% 0.08 80% 0.23% 0.13 81%
Size3 / High B/IM 17.54% 9.53% 257 60% 5.98% 274 81% 6.44% 2.82 78% 4.69% 2.14 79% 4.79%  2.00 7% 4.87% 212 78%
Size4 | Low B/M 9.04% 0.31% 0.12 78% 1.30% 0.95 93% 1.25% 0.67 90% 1.30% 0.69 90% 0.86% 0.34 84% 1.17% 0.48 84%
Size4 /| Value2 11.22% 2.95% 1.22 80% 1.04% 0.71 88% 1.34% 0.88 87% 0.14% 0.10 88% -0.07% -0.05 88% 0.27% 0.17 87%
Size4 / Value3 10.41% 2.42% 0.82 2% -0.22% -0.14 87% 0.12% 0.07 85% -1.19% -0.73  86% -1.26% -0.72  85% -1.06% -0.68 85%
Size4 / Value4 12.69% 4.75% 1.64 70% 2.46% 140 82% 2.77% 1.48 80% 1.69% 0.93 80% 1.63% 0.85 80% 1.69% 0.96 81%
Size4 / High B/M 10.28% 2.62% 0.77 61% -0.83% -0.45 83% -0.38% -0.18 80% -1.82% -0.92 81% -1.35% -0.69  80% -1.66% -0.88 82%
Large / Low B/M 7.86% -0.29% -0.18 87% 1.07% 0.94 93% 0.87% 0.76 92% 156% 1.27 91% 1.42% 1.07 90% 153% 121 91%
Large / Value2 10.43% 2.66% 1.63 79% 197% 1.57 88% 2.13% 1.54 85% 1.82% 1.40 84% 1.92% 141 82% 1.73% 1.29 82%
Large / Value3 8.58% 0.97% 0.45 73% -0.58% -0.47 88% -043% -0.29 84% -0.94% -0.67 83% -0.54% -0.39 82% -0.75% -0.53 83%
Large / Value4 8.13% 1.11% 0.37 58% -1.16% -0.78  84% -0.85% -043 77% -1.73% -091 77% -1.29% -0.67  75% -1.55% -0.79  76%
Large / High B/M 9.79% 2.60% 0.80 52% 0.42% 0.17 68% 0.43% 0.18 68% -0.12% -0.05 68% 0.49% 0.20 65% 0.47% 0.20 68%
Average abs pricing error 3.97% 1.25 66% 2.39% 1.27 85% 257% 1.21 83% 2.07% 1.02 82% 2.08% 0.82 76% 2.00% 0.85 7%
Median abs pricing error 3.44% 1.22 65% 1.71% 0.95 86% 2.13% 1.09 84% 1.60% 0.92 83% 1.42% 0.72 78% 1.55% 0.83 81%
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TABLE 10. Pricing errorsfor decile portfolios sorted on dividend yield
This table reports regression results of the dgmilfolios sorted on dividend yield from the webgpaof Kenneth French on the one-factor

CAPM model

(4) r,, =a+bRMRE + ¢,
and the three-factor Fama-French model
(5) r,, =a+bRMRFE +sSMB + hHML, +¢, .

wherer,, is the return of portfolio at timet in excess of the risk-free ratRMRFE, SMB, and HML, are the returns on Fama and French

(1993) factors for respectively market, size, aatlig at time. The SMB and HML factors are constructed on tfa®Q@ Jargest US stocks over
the period September 1991 until December 2009 ubimgnethodology as outlined on the webpage of KdnRrench. The risk-neutral factors
are constructed by performing a triple sort, whstoeks are first sorted into distress risk tercilad next on market capitalization and book-to-
price. The table reports the average annualizadngt regression intercepts and their associatedue and adjusted R-squared values. In
addition the average and median absolute interegmts-values are shown (pricing errors) and a€fuR-squared values.

Fama-French risk-neutral

Fama-French risk-neutral

Fama-French risk-neutral Fama-French risk-neutral

CAPM Fama-French (Debt-to-assets) (Distance-to-default) (Credit spread) (Credit rating)
Return a t(a) Adj. R2 a t(a) Adj. R2 a t(a) Adj. R2 a t(a) Adj. R2 a t(a) Adj. R2 a t(a) Adj. R2
Low DY 6.51% -1.94% -1.10 85% -1.39% -0.80  85% -1.57% -0.88  85% -1.24% -0.72  85% -1.30% -0.72  85% -0.92% -0.53  85%
DY2 8.90% 0.74% 0.45 85% 0.68% 0.43 85% 0.65% 0.41 84% 0.70% 0.44 84% 0.47% 0.28 85% 0.91% 0.57 85%
DY3 8.56% 0.74% 0.47 74% 0.35% 0.24 79% 0.49% 0.32 77% 0.14% 0.10 76% 0.28% 0.18 75% -0.02% -0.01  75%
DY4 10.43% 3.02% 1.42 68% 245% 1.37 73% 2.69% 1.39 71% 218% 1.19 70% 1.64% 0.88 70% 155% 091 71%
DY5 8.26% 1.07% 0.42 60% -0.12% -0.07  72% 0.11% 0.05 68% -0.61% -0.30 68% -1.05% -0.48 68% -0.99% -0.49 68%
DY6 9.52% 2.64% 1.37 58% 1.97% 1.14 75% 217% 1.17 70% 1.84% 1.05 68% 1.84% 0.97 62% 1.68% 0.95 63%
DY7 9.29% 2.08% 0.88 63% 0.63% 0.39 80% 0.88% 0.44 74% 0.20% 0.11 75% 0.39% 0.20 71% 0.20% 0.11 71%
DY8 10.82% 3.78% 1.43 57% 1.80% 1.25 81% 2.15% 1.15 74% 1.35% 0.78 74% 1.49% 0.83 73% 1.39% 0.74 73%
DY9 10.10% 3.45% 1.09 48% 1.15% 0.58 75% 1.40% 0.63 70% 043% 0.21 72% 1.23% 0.64 2% 0.50% 0.25 2%
High DY 7.68% 2.04% 0.42 28% -1.46% -042  58% -0.90% -0.24 51% -2.26% -0.58 52% -1.85% -0.54 62% -2.70% -0.71  59%
Average abs pricing error 2.15% 0.90 62% 1.20% 0.67 76% 1.30% 0.67 72% 1.10% 0.55 73% 1.15% 0.57 72% 1.09% 0.53 72%
Median abs pricing error 2.06% 0.99 62% 1.27% 0.50 7% 1.15% 0.54 72% 0.97% 0.51 73% 1.27% 0.59 71% 0.96% 0.55 2%
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