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Abstract 

Recent studies conflict sharply about the stock returns of financially distressed firms.  Both the 

basic empirical pattern and interpretation have been challenged.  This study addresses both 

critiques.  We revisit the distress anomaly using an international dataset much larger than 

previous studies, involving over 36,000 firms in 39 countries.  In our sample of more than 3.4 

million firm-month observations from 1992-2010, we reaffirm that elevated default probabilities 

strongly predict low equity returns, especially among small firms in North America and Europe.  

Then, we use cross-country variation to test two competing hypotheses for this finding.  First, 

the distress anomaly is not related to a country’s creditor protection environment, inconsistent 

with theories based on shareholder expropriation.  On the other hand, the returns of distressed 

firms are particularly low in cultures that stress individualism, and following good market 

returns, both consistent with a behavioral explanation for the anomaly based on investor 

overconfidence.  
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I.  Introduction 

One of the most puzzling asset pricing irregularities is the abysmal stock performance of 

firms close to financial distress.  The opposite result, though still constituting an anomaly, would 

be easier to understand.  As Fama and French (1992) describe, a distress factor poorly measured 

by historical betas would reconcile the high returns of high book-to-market firms; and though 

the Capital Asset Pricing Model might be excused for underestimating distress risk, particularly 

if it occurs suddenly, further scrutiny reveals that this is not the problem.1 

Instead, when researchers have used bankruptcy models to partition firms by likelihood of 

default, they have consistently found that the higher the failure probability, the lower the return 

(e.g., Dichev (1998)).  Standard adjustments for risk strengthen the relation.  Further, the result 

is strongest among firms with low book-to-market ratios, where failure risk is unlikely to play an 

important role, if one at all (Griffin and Lemmon (2002)).  Given what appears to be a gross 

affront to the rational benchmark, the “distress risk puzzle” has attracted considerable attention, 

both in empirical and theoretical studies.2     

Currently, the literature is characterized by disagreement, both about the basic finding and 

its interpretation.  There are three prevailing positions. The first view is particularly 

straightforward: there is no anomaly to debate.  For example, Chava and Purnanandam (2010) 

argue that a wave of unexpected bankruptcies in a single country (the U.S.) at a single point in 

time (the mid-1980s) is responsible for the observation that stocks of firms with high default 

                                                        
1 For example, imagine using a firm’s trailing 2- or 5-year market beta as a proxy for its forward looking 
systematic risk.  If the onset of distress is relatively abrupt (see, e.g., Davydenko (2011) for evidence that it 
often is), a historically inferred beta may provide a poor measure of its systematic risk going forward. 
 
2 The relationship between financial distress and equity returns has been studied in Dichev (1998), Griffin 
and Lemmon (2002), Vassalou and Xing (2004), Campbell, Hilscher and Szilagyi (2008), Garlappi, Shu 
and Yan (2008), Avramov, Chordia, Jostova and Philipov (2009), Chava and Purnanandam, (2010), Da 
and Gao (2010), George and Hwang (2010), Garlappi and Yan (2011), Anginer and Yıldızhan (2012), 
Conrad, Kapadia and Xing (2012) and Friewald, Wagner and Zechner (2012), Hackbarth, Haselmann and 
Schoenherr (2012), among others. Other related papers include Favara, Schroth and Valta (2012) who 
examine the relationship between financial distress and equity risk measured by beta, and Avramov, 
Chordia, Jostova and Philipov (2007, 2010), who link financial distress with momentum and other return 
anomalies. Finally, Avramov, Chordia, Jostova and Philipov (2012) investigate whether credit risk is a 
systematically priced risk factor. 
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probabilities tend to have low subsequent returns.  Accordingly, when they study the pre-1980 

period within the U.S., they find virtually no evidence of a distress anomaly.  Other recent work 

has found either a positive (Friewald, Wagner and Zechner (2012)) or no (Anginer and Yıldızhan 

(2012)) relation between bankruptcy risk and stock returns based on alternative measures of 

bankruptcy risk.  

A second hypothesis acknowledges the basic pattern of distressed stocks having low 

returns, but on theoretical grounds, argues against it being interpreted as an anomaly.  In a pair 

of related papers, Garlappi, Shu, and Yan (2008) and Garlappi and Yan (2011) develop the idea 

that with violations of the absolute priority rule (APR), firms approaching default may in fact 

become less risky.  Intuitively, if shareholders can expropriate debt holders in bankruptcy 

proceedings, they can secure a relatively safe payoff in liquidation, which reduces both risk and 

expected return as default becomes more certain.  Using a variety of firm-specific proxies for 

creditor strength in renegotiation, Garlappi, Shu, and Yan (2008) argue that the distress 

anomaly is more pronounced when shareholders have more bargaining power.3  

The final position, most recently advocated by Campbell, Hilscher, and Szilagyi (2008), 

is that the stocks of distressed firms are, in fact, too low to be reconciled within a rational 

framework.  Specifically, they show that distressed stocks have (much) higher market betas, 

standard deviations, and other measures of risk, and yet, produce very low returns.  Moreover, 

the fact that the anomaly is concentrated among small, illiquid stocks is most consistent with 

limits to arbitrage (e.g., Shleifer and Vishny (1997)).  

Our point of departure is the following: as evidenced by the conflicting studies above, 

investigation of the distress anomaly among U.S. firms -- to date the only sample analyzed -- has 

                                                        
3 Other risk-based alternatives include George and Hwang (2010) and Johnson, Chebonenko, Cunha, 
D’Almeida, and Spencer (2011), who develop models based on adjustment frictions and bankruptcy costs. 
In both models, firms with high business (asset) risk endogenously choose low leverage, but because 
refinancing frictions render this adjustment incomplete, a negative relation between equity risk and 
leverage obtains. Conrad, Kapadia and Xing (2012) attribute the low returns of distressed stocks to 
investors' preference of 'glory' stocks that are likely to produce extremely high returns in the future. 
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failed to produce a consensus about even the basic fact, let alone its interpretation.  Accordingly, 

we bring a new set of data to bear, with the hope of shedding light on this debate.   

We believe this is possible for three reasons.  First, by reexamining the distress anomaly 

among a large set of firms outside the U.S., we can directly address the out-of-sample critique 

(e.g., Chava and Purnanandam (2010)).  Second, by examining cross-country differences in 

creditor protection during bankruptcy – comparisons more difficult within any one legal 

environment – we provide a more precise test of whether the anticipation of APR violations best 

explains the cross-sectional patterns in stock returns (Garlappi, Shu, and Yan (2008)).4  Third 

and finally, we can exploit cross-country variation in the psychological traits of investors, which 

previous research has related to other asset pricing anomalies like momentum (Chui, Titman 

and Wei (2010)). 

Combining data on stock returns and default likelihood estimates for over 3.4 million 

firm-months (on average over 15,000 firms per month) across 39 countries from 1992 to 2010, 

we start by asking whether the returns of distressed international stocks are abnormally low.  To 

proxy for default risk, we obtain Moody-KMV’s Expected Default Frequency (EDF), which we 

use to form long-short portfolios among non-U.S. stocks.  Overall, we find strong evidence of a 

distress anomaly outside the U.S., with firms most likely to default having especially poor 

subsequent returns.  In Fama-MacBeth (1973) regressions, this result holds for all stocks, but is 

particularly strong among firms below the median size cutoff in their respective countries.  

Among this latter set, the ten percent most distressed firms underperform the least distressed 

decile by 25 to 55 basis points per month following portfolio formation, depending on the 

holding period.  Unsurprisingly given previous work, adding U.S. stocks to the sample 

strengthens these results.   

                                                        
4 As an example, Hackbarth, Haselmann and Schoenherr (2012) use the Bankruptcy Reform Act of 1978 
to argue in support of the shareholder advantage explanation of the distress puzzle.  
 



   4

Just this basic finding is noteworthy, not only for establishing that the distress anomaly 

is not simply a statistical blip within the U.S., but also for understanding why it exists.  The fact 

that it is strongest for smaller firms — thought to be harder to arbitrage — provides some initial 

support for the limits to arbitrage hypothesis (Campbell, Hilscher, and Szilagyi (2008)).5 

  Our most direct tests, however, directly explore variation across countries.  First, we 

investigate differences in creditor protection during bankruptcy, i.e., the extent to which a 

country’s laws and courts tend to favor equity-holders versus creditors following a default.  If 

anticipated violations of absolute priority are the primary driver of the low returns we observe 

when firms approach bankruptcy, then the pattern should attenuate in countries where creditors 

are comparatively protected from such expropriation.  Measuring creditor strength using the 

Creditor Rights Index (CRI) created by La Porta, Lopes-de-Silanes, Shleifer and Vishny (1998),6 

we test this implication, but fail to find support.  Instead, the anomaly appears almost 

completely unrelated to bankruptcy protection – for example, being nearly identical in France, 

home to some of the weakest creditor protection laws in the world, and the United Kingdom, 

home to some of the strongest (see, e.g., Davydenko and Franks (2008)).  Comparisons such as 

these are not exceptional.  The distress anomaly remains unrelated to the CRI composite index, 

or to any of its individual components, both in cross-sectional comparisons across countries, or 

in panel regressions that pool the time-series data of stocks from different countries together.  

The last part in the paper takes as given both the benchmark empirical patterns and 

inability of the shareholder advantage theory to reconcile the cross-country evidence, and 

attempts to shed light on the underlying mechanism.  The story we have in mind is one of 

overconfidence, specifically, one in which investors place too much weight on their prior beliefs, 

and are thus sluggish to update when confronted with new information.  In the current context, 

                                                        
5 The results are virtually identical regardless of whether firm size is measured using total assets, book 
value of equity, or market value of equity.  
 
6 We obtained the updated data constructed by Djankov, McLiesh and Shleifer (2007) from Andrei 
Shleifer's website. 
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investor responses to bad news (here about default) are either slow or incomplete, which keeps 

the stock prices of high-EDF firms inflated, at least temporarily, relative to their fundamental 

values.  The eventual collapse to the “correct” value accounts for the low realized returns.  

Testing the hypothesis above requires empirical proxies for investor overconfidence.  We 

explore two: one static, one dynamic.  Our static proxy for investor overconfidence is borrowed 

directly from Chui, Titman, and Wei (2010), who take cross-country differences in 

individualism as a proxy for overconfidence, and show a strong, positive relation to momentum 

profits.  We piggyback on their study, using the same proxy for overconfidence (Hofstede’s 

individualism index (2001)), and test for its relation with the distress anomaly.   

The results of this exercise are summarized in Figure 3, which plots the average returns 

to a small firm, long-short distress strategy against the individualism index for that country.  

The best-fit line is downward sloping and highly statistically significant, suggesting that 

distressed stocks underperform the most in countries with higher levels of investor 

individualism.  Further, the cross-sectional R2 is about 25%, indicating that individualism alone 

explains about one quarter of the variation in average distress profits across countries.  Similar 

patterns are observed in panel regressions.  To the extent that a country’s individualism is a 

valid proxy for overconfidence, these findings support a behavioral explanation for the distress 

anomaly. 

Our second set of tests focuses on dynamic determinants of overconfidence, and thus, 

applies within each of the 39 countries in our sample, providing a complement to our cross-

country comparison.  Daniel, Hirshleifer, and Subramanyam (1998) were the first to apply the 

concept of self-attribution bias to financial markets, providing a microfoundation for 

overconfidence that grows over time.  Intuitively, investors become more overconfident by 

selectively updating, overweighting (underweighting) price movements that confirm (conflict 

with) their priors.  Because most investors hold larger long positions than short positions, self-

attribution implies that market booms should be associated with high levels of overconfidence.  
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Indeed, this has been confirmed empirically (e.g., Gervis and Odean (2001), Cooper, Gutierrez 

and Hameed (2004)).  Accordingly, we find that the underperformance of financially distressed 

stocks exists exclusively during "up" markets, when market returns are good and overconfidence 

is thought to be high.  Moreover, the asymmetry of the distress puzzle across market states is 

concentrated among stocks with high levels of share turnover, which has also been linked to 

investor overconfidence (Odean (1998, 1999), Statman, Thorley and Vorkink (2006), Griffin, 

Nardari and Stulz (2007)).  

In addition to the directly relevant studies already mentioned, a somewhat related paper 

is Favara, Schroth and Valta’s (2012) study of creditor protection and equity betas.  Although 

they document a relation consistent with the shareholder advantage story – countries favoring 

creditors being associated with higher average equity betas – they do not directly address the 

distress anomaly by relating shareholder advantage to distress stock returns, the main focus of 

our study.  

The rest of our paper is organized as follows.  In Section II, we describe our data.  The global 

evidence of distress anomaly is presented in Section III, where we explore the returns of 

distressed stocks, first across all countries worldwide, and then by individual regions (e.g., 

Europe).  Section IV presents the results of cross-country comparisons, which allows us to relate 

the distress anomaly to investor individualism as well as local bankruptcy codes.  We also 

provide further within-country evidence relating distress anomaly to investor overconfidence in 

this section.  We conclude in Section V.  

 

II. Data and variable construction  

The majority of our analysis pertains to stocks outside the U.S., although some tests will 

include U.S. firms.  Stock returns and accounting variables are obtained from the 

CRSP/Compustat North America merged database for U.S. stocks, Compustat North America 

for Canadian stocks, and Compustat Global for the remaining countries in our analysis.  To be 
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consistent with previous studies involving firms within the U.S., we include only common stocks 

traded on major stock exchanges for each country.  

Data quality is often problematic when working with firms in less developed economies.  To 

reduce the influence of outliers and other measurement issues, we apply a number of filters to 

our initial sample.  First, we exclude monthly observations during portfolio formation period 

when a firm’s stock price fails to change throughout the entire month; in these cases, we are 

skeptical that prices are measured accurately.  Our second filter is based on nominal stock 

prices, intended to minimize the effect of bid-ask bounces or other microstructure effects that 

may distort the realized returns from any trading strategy.  For U.S. stocks, we drop monthly 

observations with month-end closing prices below five dollars; though arbitrary, such prices 

cutoffs are common.7  For all other countries, we drop any firm-month observation with month-

end closing price (measured in local currency) below the 5th percentile for all observations 

within that country.  Our results are not sensitive to either cutoff.  Our third filter is based on 

market capitalizations.  For each country in our dataset, we exclude micro-cap firms, defined as 

those with market capitalization below the 5th percentile for all observations in that month, and 

within that country.8  Finally, at the time of portfolio formation, we require a minimum of 

twelve monthly observations that report valid data for the firm’s stock price, EDF, and market 

capitalization.  

In addition to these filters, we apply a few additional filters at the country level.  First, we 

require a minimum of 50 stocks for each country-month, which allows us to form well-behaved 

portfolios, a key requirement in much of our analysis.  Second, we retain only countries with at 

least two years of data.  Our final sample consists of 3,467,467 stock-month observations from 

                                                        
7 For example, Campbell, Hilscher and Szilagyi (2008) and Avramov, Chordia, Jostova and Philipov 
(2010) exclude stocks priced below one dollar. Garlappi, Shu and Yan (2008) differentiate between stocks 
with prices above two dollars and those priced below two dollars, while Garlappi and Yan (2011) use a five 
dollar cutoff. 
 
8 This filter is often redundant to the filter based on stock prices. 
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39 countries, over the period January 1992 through December 2010.  This sample is 

substantially larger than any existing study of default risk and stock returns. 

Table 1 describes the distribution of firm-month observations across each country within 

Europe, North America (the U.S. and Canada), Japan, Asia-Pacific (excluding Japan), Other 

America (excluding the U.S. and Canada), Greater Middle East, and Africa.9  In the second 

(third) column, we list the first (last) date for which we have reliable stock return data.  To give a 

sense of each country and region’s sample size, we report both the total number of firm-month 

observations for each country (fourth column) and its proportional contribution to the entire 

sample of firm-months (fifth column).  For example, the first row reveals 11,511 Austrian firm-

months, accounting for about one-third of one percent of the 3,467,467 total firm-month 

observations across all countries.  Unsurprisingly, we see that more developed economies 

contribute disproportionately to the sample, with the U.S. (26.37%), Japan (17.69%), and the 

U.K. (8.37%) collectively comprising about half of the sample.   

The sixth column of Table 1 shows the average number of firms per month for each country.  

When interpreting these numbers, keep in mind that we have already eliminated country-month 

observations that contain fewer than 50 firms.  For large countries, this constraint does not 

bind; for example, we see that France has 485 observations in a typical month, similar to the 

499 observed for Germany.  On the other hand, this filter ends up being non-trivial for some 

small markets such as Argentina and Portugal (54 firms each on average), for which some 

months are dropped due to insufficient number of stocks.10 

                                                        
9 We consider Japan separately from other Asian Pacific countries mainly because of its distinctive size of 
its equity market.  It is common to report Japan separately from the rest of Asia.  For instance, Morgan 
Stanley Capital International (MSCI) produces All Asia Index and All Asia – Excluding Japan Index 
(http://www.msci.com/products/indices/tools/).  
 
10 The resulting gap in the sample period will affect our calculation of multi-month overlapping portfolio 
returns, for which we require non-missing returns of all portfolios formed in all portfolio formation 
months.  
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In the penultimate column, we make the same comparison that we made in the fifth column 

(i.e., dividing the number of firm-month observations in that country by the total number for 

the whole sample), except for each month instead of aggregating over all months.  We observe a 

very similar ranking, although as expected, for countries where the 50-firm constraint binds, the 

percentage in column 7 is slightly higher than that in column 5.  The last column makes a similar 

comparison using market capitalization.  While the qualitative ordering across countries 

remains relatively unchanged, the most pronounced difference is with the U.S., which, despite 

being home to about one-quarter of the observations in our sample, is associated with over 40% 

of the total market capitalization. 

Characterizing the relation between stock returns and financial distress requires time-

varying, firm-specific failure probabilities.  We were provided access to Moody's KMV’s 

complete database of monthly Expected Default Frequencies, or EDFs, which covers firms in 

over 50 countries.  An EDF measure is an estimate of the physical probability of default for a 

given firm, based initially on Merton’s (1974) model of credit risk, but with several additional 

features to account for the complexity of capital structures such as short-term liabilities, long-

term liabilities, convertible debt, preferred shares, and common shares.11  Moody’s-KMV's 

proprietary EDF database includes over 100,000 firm-year observations, and is calibrated 

against more than 2,000 incidents of actual default.  EDF is a widely used measure of financial 

distress, for both practitioners and academics.12  

                                                        
11 Merton's model views a firm's equity as a call option on its assets.  When the value of the firm's assets 
falls below the strike price, the value of equity is zero and the firm is technically in the default state. 
 
12 For an overview of the EDF credit measure, see Crosbie and Bohn (2003).  Both structural models 
(Merton’s 1974 model and its modified variants) and reduced-form models based on ad hoc accounting 
and market variables have been used in the literature to predict defaults.  Correia, Richardson, and Tuna 
(2012) find that EDF provided by Moody’s KMV predict corporate failure better than their list of reduced-
form default predictors.  On the other hand, Bharath and Shumway (2008) and Campbell, Hilscher and 
Szilagyi (2008) find that reduced-form predictors outperform the distance to default measures estimated 
from Merton’s model.  However, the lists of default predictors considered in these studies do not overlap 
exactly, and thus they are not conclusive on the best default predictor.  But all these studies find 
impressive predictive power of structural-model based predictors (EDF or distance to default) for 
corporate failure.  We choose EDF measure primarily due to its availability.  
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Table 2 summarizes the distribution of EDF by country.  Within each country, we first 

calculate monthly statistics for EDF, and then average over time.  The table shows large 

variation in EDF values across countries, with emerging countries such as Indonesia (2.59%), 

Thailand (1.86%), and Philippines (1.83%) having the highest average failure probabilities.  On 

the other extreme, Switzerland has the lowest average EDF with an average of only 0.12%, 

slightly lower than those in the United States (0.34%), United Kingdom (0.23%), and Japan 

(0.59%).  In part, these differences reflect life-cycle effects, with younger firms (more prevalent 

in developing economies) having greater return volatility.  However, they also partly reflect 

cross-country differences in tax laws and attitudes towards leverage (see Fan, Titman and Twite 

(2012)). 

To give a sense of how EDF values evolve over time, Figure 1 plots the time-series mean and 

median EDF values for various subsamples of the data.  Panel A includes all firms in our sample, 

while Panel B excludes the U.S. stocks.  These figures reveal three distinct episodes where EDF 

values rise sharply:  (1) the Southeast Asian financial crisis and the Russian default during 1997 

and 1998; (2) the burst and aftermath of the “dot-com bubble” beginning in the year 2000; and 

(3) the most recent global financial crisis starting in late 2008.  The panels below show the 

patterns for each of our seven regions, with Panel C featuring mostly developed economies, and 

Panel D focusing primarily on developing nations.  Although not our main focus, the 

considerable impact of local events on default probabilities is noteworthy.  Specifically, the 

Russian default and Asian Financial Crisis in 1997 and 1998 had a disproportionate impact on 

firms in these countries, whereas the U.S. Financial Crisis of 2008 primarily affected U.S. firms 

and those in similarly developed economies.  

Returning briefly to Table 2, we also summarize the means and standard deviations of other 

variables relevant for our analysis:  monthly stock returns (in USD), the natural logarithm of 

each firm’s total market capitalization (in million USD), book-to-market (B/M) ratio, and past 

6-month returns (in USD) by country.  Finally, we note that because “delisting returns” are not 
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included in the Compustat Global Daily Security file, the returns of firms that default are biased 

upward (toward zero).  This works against us finding a distress anomaly in an international 

setting, meaning that our reported estimates are likely conservative. 

 

III. Is the distress anomaly robust? 

Perhaps the most fundamental criticism of the distress anomaly is that it is spurious, 

existing only within the U.S., and even then, only for relatively brief time periods (Chava and 

Purnanandam (2010)).  To address this possibility, we begin our analysis by re-examining the 

stock returns of firms approaching bankruptcy, but in an international setting.   

We first describe our empirical methodology in subsection (A).  Then, in subsection (B), we 

present our main empirical findings where, following previous studies (e.g., Campbell, Hilscher, 

and Szilagyi (2008)), we focus on the profitability of long-short trading strategies that exploit 

the differential future stock returns between firms ranked by default risk.  We present these 

benchmark results first aggregated throughout the world, and then separately for seven broad 

regions, e.g., Asia Pacific, Europe, etc.  Finally, in subsection (C), we verify the robustness of 

these findings in a regression framework of Fama and MacBeth (1973), inferring the relation 

between distress risk and stock returns from cross-sectional regressions, while controlling for 

other stock characteristics related to cross-sectional returns.       

 

A. Empirical methodology  

At the end every month t, we have a cross-section of firm-specific EDF measures, which we 

use to construct distress-risk portfolios.  There are a couple of options here, and neither 

construction methodology strikes us as obviously superior.  One possibility is to ordinally rank 

all firms within a given month, irrespective of country, and form portfolios based on this 

worldwide sort.  While this has the advantage of maximizing the EDF spread between the 

highest and lowest deciles, and thus confers an improvement in statistical power, it has the 
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disadvantage of conflating distress risk and average differences across countries.  To see this, 

recall from Table 2 the large differences between average EDF values across countries; for 

example, the typical firm in Sweden is much less likely to default than the typical firm in 

Portugal.  Moreover, because these differences are persistent, forming portfolios in the way 

described largely amounts to exploiting average return differences between countries which, 

while perhaps interesting, is not our primary goal.         

Instead, we construct distress risk portfolios by respecting their rankings within each 

country.  At the end of each month, stocks are sorted into ten equally sized groups within each 

country, based on their EDF values.  We then aggregate all firms within a given EDF decile in 

every month across the world.  For example, in March 2003, a French firm ranking in the 4th 

bankruptcy risk decile, relative to other French firms, would be grouped with a South African 

firm that also ranked in the 4th decile within South Africa.  This country-neutral methodology 

ensures that none of our results are simply picking up average return differences between, say, 

firms in developed versus developing countries. 

With these country-neutral EDF-portfolios deciles in hand, we then calculate a number of 

return series.  Denoting t the month of portfolio formation, all tests skip month t+1, in order to 

mitigate the effects of microstructure noise, and also to minimize the short-term return 

reversals associated with distressed stocks induced by institutional constraints (see, e.g., Da and 

Gao (2010)).  Our tests focus on returns over one (month t+2), three (t+2 through t+4), six (t+2 

through t+7), and twelve (t+2 through t+13) month horizons.  For holding horizons longer than 

one month, we compute monthly returns based on the overlapping horizon approach of 

Jegadeesh and Titman (1993).  Under this methodology, the composition of a portfolio depends 

on EDF rankings from several previous months.  For example, to calculate the return in May to a 

three-month overlapping strategy, we first calculate the returns in May for three portfolios 

formed based on EDF rankings in January, February and March, respectively, skipping April for 

the reasons discussed above, and then calculate the average of these three returns.   
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We will ultimately be drawing comparisons between firms with different likelihoods of 

declaring bankruptcy in the near future.  However, because stocks differing in distress risk may 

differ in other important ways, particularly their exposure to traditional risk factors, it is 

important to account for these differences in our analysis.13   To do so, we include as covariates 

the four factors advocated by Fama and French (1993) and Carhart (1997): 1) the market return 

in excess of risk free rate (MKTRF), 2) the return difference between small stocks and big stocks 

(SMB), 3) the return difference between value stocks and growth stocks (HML), and 4) the 

return difference between winning stocks and losing stocks as classified by their past 6-month 

cumulative returns (UMD).  The details of factor construction are described in Appendix A.  

How these factor-mimicking portfolios are constructed depends on the specific context.  In 

our benchmark analysis that aggregates all firms worldwide, we follow Fama and French (2012) 

and specify a global version of the Fama-French and Carhart four-factor model (W-FF4) as a 

linear factor model with four worldwide factors MKTRFW,  SMBW, HMLW and UMDW:   

  (1)
 

using monthly U.S. dollar denominated excess returns, Rit, of EDF decile-i (where i = 1, 2, ..., 10 

for 10 EDF-sorted portfolios) portfolio of all stock across all countries in our sample (whether 

the U.S. is included or not), and all W-FF4 factors denominated in U.S. dollars.  Our primary 

interest is the intercept of this regression (α), which captures the excess return not attributable 

to traditional risk factors.  

When we conduct our analysis region by region (e.g., within Europe), we again follow Fama 

and French (2012) and construct the four regional factors within each region j, MKTRFj
R,  

SMBj
R, HMLj

R and UMDj
R:14   

                                                        
13 As an example, high EDF firms are smaller and have higher book-to-market ratios than low EDF firms, 
both of which predict stock returns (Fama and French (1992, 1996)). 
 
14 Both global factors and regional factors are constructed from the data of all stocks existing in Compustat 
Global and Compustat North America databases, not restricted to only stocks and countries in our 
sample.  
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   (2) 

using monthly U.S. dollar denominated excess returns,  , of EDF decile-i portfolio within the 

region, and all factors denominated in U.S. dollars.15  

 

B. Long-short distress risk portfolios 

Following Campbell, Hilscher, and Szilagyi (2008), we characterize the distress anomaly 

with a long-short trading strategy, forming portfolios based on default risk at the 10th and 90th 

EDF percentiles.  Table 3 reports the results of this exercise, first for all stocks including the U.S. 

in Panel A, and then excluding U.S. stocks in Panel B. In each panel, we report separately the 

average returns and four-factor alphas to EDF-based long-short strategies formed among: 1) all 

stocks, 2) stocks of large firms, and 3) stocks of small firms, where the big-small distinction is 

made using median market capitalizations during the portfolio formation month within each 

country.  

Averaged across all stocks, the first row of Table 3, Panel A reveals little evidence that high 

EDF stocks earn lower return than low EDF stocks, regardless of portfolio weighting scheme, or 

portfolio holding horizon.  Although the point estimates are negative, their statistical 

significance is rather weak.  For example, in Panel A when U.S. stocks are included, in a one-

month holding period, the alpha from a four-factor model indicates a return spread between 

high and low distress firms of about 14 basis points per month, but with an insignificant t-

statistic of 1.16.  The rows immediately below show the results only for large firms, which give 

even weaker results. 

However, among small firms (rows 5 and 6), there is stronger evidence that high failure 

probabilities predict low returns, at both short and intermediate horizons.  To gauge the 

                                                                                                                                                                                   
 
15 See also Brooks and Del Negro (2006), which shows that regional factors explain country-specific 
factors within regions. 
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importance of U.S. stocks for this conclusion, consider first the results when all stocks, including 

those listed in the U.S., are aggregated together (Panel A).  Focusing just on small stocks, and 

examining returns of a one-month holding period beginning one month after portfolio 

formation (i.e., month t+2 returns), row 5 indicates a return spread between high and low EDF 

portfolios of small stocks of 42 basis points per month (t = 2.23) using an equally weighted 

scheme, and 50 basis points per month if weighted by market cap (t = 2.23).  If we exclude U.S. 

stocks from this analysis (rows 5 and 6, Panel B), we find a slightly stronger difference of 43 

basis points per month (t = 2.15) for the equally weighted portfolio, and 57 basis points per 

month (t = 2.53) for the value weighted portfolio.   

Standard adjustments for risk make minimal difference.  If, instead of reporting the raw 

returns of each long-short portfolio, we report the alphas from a four-factor model, the findings 

are similar.  In the sample that includes U.S. stocks, and examining a one-month horizon, we 

find that high-low EDF spread for small firms is about 39 basis points per month (t = 3.26) for 

the equally weighted portfolio, and 53 basis points per month (t-statistics = 3.48) for the value 

weighted portfolio. Excluding U.S. stocks (Panel B), the comparable estimates are 24 basis 

points per month (t = 1.86) and 42 basis points per month (t = 2.55).16  

Further, the underperformance of high EDF small stocks is long-lived.  Extending these 

results to longer horizons, as shown in the rightmost columns of Table 3, results in slightly 

weaker, but nevertheless significant effects.  For three, six, and twelve month holding periods 

respectively, value weighted four-factor alphas are 47 basis points per month  (t = 3.21), 40 basis 

points per month (t = 2.71), and 34 basis points per month (t = 2.28) when U.S. stocks are 

included.  When they are not, the comparable estimates are 41 basis points per month (t = 2.55), 

35 basis points per month (t = 2.19), and 31 basis points per month (t = 1.88).  

                                                        
16 We considered another source of factors from Fama and French (2012), available from Ken French’s 
website, and find that the results are slightly stronger using these factors. This may not be surprising 
because the factors in Fama and French (2012) focus only on stocks from 23 developed markets. Further, 
similar as what we did with global EDF portfolio construction, we use local breakpoints within each 
market when forming global size, B/M and momentum portfolios in the construction of global factors.  
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The estimates in Table 3 focus on the extreme tails of the EDF distribution.  To paint a more 

complete picture, in Figure 2 we present the average alphas from the Fama-French and Carhart 

four factor model for every EDF decile, both for the full sample that includes U.S. stocks in Panel 

A, and for the subset that excludes them in Panel B.  The holding period is one month, beginning 

one month after portfolio formation.  In both panels, we observe strong, monotonic patterns 

between default risk and stock returns for small firms (the green lines), with little or no evidence 

of relation for larger firms (red lines).  Our evidence is consistent with Campbell, Hilscher, and 

Szilagyi’s (2008), who similarly find a strong, decreasing relation between distress risk and 

returns (see their Table 6), particularly for stocks of small firms.  Although we will return to this 

issue later in more detail, we note that the U-shape predicted by a shareholder advantage story 

(e.g., Garlappi, Shu, and Yan (2008), Garlappi and Yan (2011)) does not appear consistent with 

the overall global evidence. 

We then repeat the same exercise, but for various regions throughout the world: Europe, 

North America (the U.S. and Canada), Japan, Asia-Pacific (excluding Japan), Other America 

(excluding the U.S. and Canada), Greater Middle East, and Africa.  These results are shown in 

Table 4, which reports value-weighted return differentials between high-EDF and low-EDF 

stock portfolios by region.  In European and North American markets, we see little evidence of a 

distress anomaly in the overall sample but, as before, performing the analysis only for stocks of 

small firms alters this conclusion. 

For example, among European small firms, we observe raw return spreads between high-

EDF and low-EDF stock portfolios of 118 basis points per month (t = 4.15), 107 basis points per 

month (t = 3.86), 88 basis points per month (t = 3.29), and 67 basis points per month (t = 2.74), 

for portfolio holding horizons of 1, 3, 6 and 12 months respectively.  As shown, adjusting for risk 

using the Fama-French and Carhart four factor model gives nearly identical estimates.  In North 

America, four-factor alphas for the same time horizons have point estimates of 70 basis points 
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per month (t = 3.18), 51 basis points per month (t = 2.40), 48 basis points per month (t = 3.44), 

and 38 basis points per month (t = 1.93). 

The most noteworthy finding, a point to which we will return later, is the distinction between 

the results in the highly developed financial economies of Europe and North America, and the 

rest of the world.  In Asia Pacific (excluding Japan) and Japan, high-EDF stocks slightly 

underperform low-EDF stocks, but the difference is not statistically significant. In other 

American markets (excluding Canada and U.S.), high-EDF stocks underperform low-EDF stocks 

among small stocks, whereas high-EDF stocks actually outperform low-EDF stocks when only 

large firms are considered. However, none of these relationships is statistically significant.  The 

one exception is South Africa, where high-EDF stocks significantly outperform low EDF-stocks 

by between 96 and 130 basis points per month.  

To summarize the empirical results from this section, there is strong evidence of a distress 

anomaly among small stocks in a worldwide sample.  This is concentrated in the most developed 

financial economies, and weaker or entirely absent in developing countries. 

 

C. Fama-MacBeth regressions 

To this point, we have controlled for risk with factor adjustments in a traditional four-factor 

model.  Here, we provide an additional set of tests, based on Daniel and Titman’s (1997) 

observation that firm characteristics may nevertheless provide additional information about 

risk.  To do so, we run Fama-MacBeth regressions of monthly stock returns on measures of each 

firm’s failure probability, along with other characteristics like size, book-to-market equity ratio, 

past intermediate-term return for momentum effect, past one-month return for return reversal 

effect, and share turnover as a proxy for liquidity.17   

                                                        
17 See Hou, Karolyi, and Kho (2011) for a recent attempt to systematically study factors driving global 
stock returns. We also try an alternative measure of illiquidity as the fraction of trading days with zero 
price change in the previous month following the spirit of Lesmond, Ogden and Trzcinka (1999), and 
include the idiosyncratic volatility in the previous month as an additional control variable for the 
idiosyncratic volatility anomaly documented in Ang, Hodrick, Xing, and Zhang (2006, 2009). These 
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Our main interest is in whether a firm’s default risk predicts its stock returns, after 

accounting for these other firm characteristics.  Accordingly, our Fama-MacBeth regressions 

include two dummy variables: High_EDF, corresponding to the riskiest 10% of firms within a 

given country-month, and Low_EDF, corresponding to firms in the bottom 10% of the default 

risk distribution.18 

We estimate the following regression:   

   (3) 

where the main covariates of interest, High_EDFi,t-2 and Low_EDFi,t-2, have subscripts to 

indicate that default risk rankings are performed two months in advance.  Control variables 

include firm i's: market capitalization (ME) at the end of month t-1; 2) book-to-market equity 

ratio (B/M) in month t-1, calculated as the ratio of book equity of the fiscal year ending at least 5 

months before month t-1 to the market capitalization at end of month t-1; 19 3) past 6-month 

stock return in U.S. dollars (MMT) from month t-7 to t-2; 4) past 1-month stock return in U.S. 

dollars (LRet) in month t-1; 5) share turnover (Turnover), calculated as the number of shares 

traded divided by the number of shares outstanding in month t-1.  As with the EDF measure, all 

control variables enter as decile rankings (i.e., 1 for the bottom decile and 10 for the highest 

decile) within each country and month.  Since our focus is the distress anomaly - the return 

spread between high and low EDF stocks within each country, we include the country fixed 

effects to control for the difference in average stock returns across countries.  

                                                                                                                                                                                   
variations in model specification do not change our inferences regarding the relationship between EDF 
and stock returns.  
 
18 To be consistent with forming long-short portfolios based on EDF deciles, we include two dummy 
variables, respectively, for the top and bottom EDF deciles in the regression. We find consistent evidence 
of distress anomaly when we replace the two EDF-based dummy variables with EDF decile rankings (i.e., 
1 for the bottom decile and 10 for the highest decile). Specifically, the coefficient on EDF decile ranking 
variable is negative and statistically significant. 
 
19 For book-to-market, we follow McLean et al. (2009) to assign stocks with zero, negative or missing 
values a rank of zero.  In addition, we add another dummy variable (DM_BM) that indicates a zero, 
negative, or missing value. 
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Table 5 shows the results.  Following the most traditional implementation of the Fama-

MacBeth procedure, we run the cross-sectional regression month by month and report the 

average monthly regression coefficients and the associated t-statistics.20  As before, we first 

show the results with all countries aggregated together (Panel A).  With U.S. firms included, 

stocks belonging to the High EDF decile underperform the typical stock in the sample by about 

25 basis points per month (t  = -3.21), a difference that increases to 34 basis points per month (t 

= -4.22) when only small stocks are considered.  Excluding U.S. stocks yields virtually identical 

results.  In contrast, Low EDF stocks consistently earn higher than average returns among small 

firms.  As a result, the return spread between High EDF and Low EDF deciles, reported in the 

last column, is significantly negative in both the full and small-stock sample, regardless of 

whether U.S. firms are included.  

Panel B reports the same exercise region by region.  In Europe and North America, stocks in 

High EDF deciles significantly underperform their Low EDF peers, resulting in a significantly 

negative return spread, especially among small firms.  On the other hand, we find an absence of 

any significant return differential between High EDF and Low EDF deciles in Asia Pacific 

(excluding Japan), Other America (excluding the U.S. and Canada), and Greater Middle East.  In 

Japan, what was an insignificant relation in Table 4 now becomes significant.  Finally, we still 

observe a positive differential for distressed stocks in Africa relative to low distress risk peers. 

 

IV. Why do small, distressed firms have such low returns? 

Our analysis to this point can be viewed primarily as an out-of-sample robustness 

exercise, intended to address whether the distress anomaly is a spurious event within the U.S.  

                                                        
20 We find similar results if we estimate the model based on Weighted-Least-Square method (WLS) using 
the market capitalization in month t-2 to weight each observation.  The results also hold if we use the 
abnormal stock return in month t as the dependent variable. We calculate the abnormal stock return in 
month t as the difference between the stock excess return in USD in month t (in excess of the U.S. 
treasury rate in month t) and the expected stock excess return in month t estimated from the country-
level Fama-French four-factor model (MKTRF, SMB, HML, UMD). We estimate the factor loadings for a 
stock in month t using its monthly stock excess returns and the country-level factors in the moving-
window from month t-60 to t-2. All these results are available upon request.  
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In this section, we use cross-country differences in an attempt to better identify the underlying 

mechanism.  We explore two possibilities.  First, in subsection (A), we test Garlappi, Shu, and 

Yan’s (2008) shareholder advantage hypothesis, by comparing the magnitude of the distress 

anomaly across countries that differ in creditor protection.  Then, in subsection (B), we explore 

the extent to which the low returns of distressed stocks are consistent with a behavioral 

interpretation based on investor overconfidence.  

 

A. Creditor rights protection  

Garlappi, Shu, and Yan (2008) and Garlappi and Yan (2011) argue that the low returns 

to distressed stocks reflect violations of the absolute priority rule.  In a standard model without 

APR violations, default risk is associated with higher expected returns, as shareholders demand 

compensation for the more variable distribution of returns implied by higher leverage.  

However, this intuition can reverse in the presence of APR violations, when equity holders can 

expropriate debt holders in liquidation.  As both of the above papers show, when equity holders 

are powerful enough relative to creditors, and for sufficiently high levels of default risk, 

increases in default probabilities decrease the rate of return required by equity holders, 

providing a rational asset pricing perspective on the low relative returns of firms close to default.  

In Appendix B, we provide a simple binomial model that illustrates this key intuition underlying 

the shareholder advantage theory of the distress anomaly.  

 The key cross-sectional prediction of the shareholder advantage theory is that the 

distress anomaly – the low returns of highly distressed stocks – should be strongest when 

creditors are particularly susceptible to shareholder expropriation.  Fortunately, comparisons 

across countries represent a powerful test of the theory, given the considerable differences in 

protection that creditors are offered.   

  As a motivating example, consider the three countries Davydenko and Franks (2008) 

chose to study, presumably based on their disparate treatment of creditors in financial distress: 
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France, Germany, and the United Kingdom.  France is an example where creditors are least 

protected; French courts consider the preservation of employment as a paramount objective, 

making any reorganizations or liquidations that result in layoffs very difficult.  Consequently, 

formal bankruptcy is unusual in France, and when it occurs, recovery rates are very low.  

According to the shareholder advantage hypothesis, the distress anomaly should be particularly 

strong in such a legal environment.  On the other extreme, Great Britain’s courts are 

considerably more favorable to creditors, with bankruptcy being both more likely and more 

favorable for creditors should it occur.  Germany falls somewhere in between.  

 To see how the distress anomaly compares in France, Great Britain, and Germany, 

consider the results in Panel A of Table 6, which presents results for each country in our sample. 

In France, we see that the stock returns of the most distressed decile are over one percent per 

month worse than the least distressed decile, with t-statistics between 2.8 and 3.6 in absolute 

value, depending on the horizon.  However, this is nearly identical (although slightly smaller) to 

what we observe in the intermediate credit protection environment of Germany, and only barely 

larger than those observed in the United Kingdom, home to some of the strongest creditor 

protection laws in the world.  Thus, at least among these European countries that differ 

considerably in creditor protection, the profitability of the distress anomaly is virtually the same.   

 For a more general characterization of the relation between the distress anomaly and 

creditor protection, we draw on La Porta, Lopez-de-Silanes, Shleifer, and Vishny’s (1998) 

seminal classification of cross-country protection of creditors.  LLSV measure creditor strength 

in four ways: 1) creditor-imposed restrictions like consent or a minimum dividend being 

required for reorganization, 2) the ability of creditors to immediately claim cash flow rights 

following default (no automatic stay), 3) absolute priority is respected, i.e., secured creditors are 

ranked first upon liquidation, and 4) managers do not retain administration of the firm’s assets 

following the resolution of reorganization.  Their “creditor rights index (CRI)” is the sum of each 

of these, ranging from zero (least creditor protection) to four (most creditor protection).  We use 
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the updated data on different components of creditor rights and the overall creditor rights index 

constructed by Djankov, McLiesh and Shleifer (2007).  Returning to Panel A of Table 6, we 

present the results of country-level distress risk trading strategies involving firms below that 

country’s median market capitalization.  The first column gives the country name, and the 

second and third columns show, respectively, LLSV’s creditor rights index, and Hofstede’s 

individualism index, discussed shortly.  For now, we focus our attention on creditor rights.   

Moving down the rows, a visual inspection reveals little relation between the distress 

anomaly and the degree to which creditors are protected in bankruptcy, at least according to the 

variation captured by the LLSV index.  Among the seven countries with statistically significant 

raw return differences at the one month horizon, the entire LLSV index is spanned including 

France (LLSV index = 0), Finland (1), Italy (2), Australia, Netherlands, and Germany (3), and 

the U.K. (4).  Almost nothing changes if we instead look at longer horizons, as the rightmost 

columns of Table 6, Panel A indicate. 

In Panel B, we make formal comparisons between return differences in countries with 

high levels of creditor protection (LLSV index 3 or greater) and countries with low levels of 

creditor protection (LLSV index 1 or smaller).  As shown, regardless of horizon or adjustment for 

risk, there is no evidence that the distress anomaly is systematically related to measures of 

creditor protection.  

Tables 7 and 8 present these comparisons in a regression framework.  Consider first 

Table 7, in which we show the results from purely cross-sectional regressions, with a single 

observation for each country.  In Panel A, the dependent variable is each country’s average raw 

return to a one-month small stock distress hedging strategy, and in Panel B, these returns are 

the residuals from a four-factor model.  In the first five columns, we attempt to explain the 

cross-country variation in average returns to a long-short distress strategy as a function of the 

individual components in LLSV’s creditor rights index.  Because our portfolios take long (short) 

positions in high (low) EDF stocks, a negative point estimate on a covariate means that the 



   23

distress anomaly is stronger in countries with high values of the explanatory variable.  For 

example, the point estimate in column 1 indicates that when restrictions to reorganization such 

as creditor consent are required, high EDF stocks perform even worse than their low EDF peers, 

opposite to the prediction of the shareholder advantage theory.  In any regard, the t-statistic is 

only -0.44, far below conventional levels of statistical significance. 

This finding generalizes for LLSV’s other measures of creditor protection.  In the second 

column, we see only the faintest of evidence that in countries where an automatic stay is not 

granted, the distress anomaly is more pronounced, again opposite to what the shareholder 

advantage would predict.  The same is true in the fourth column, where high EDF firms are 

observed to have lower relative performance when creditors can seize possession of the firm’s 

assets following reorganization.  Only in the third column (which considers whether APR is 

respected or not) is the point estimate positive, but the statistical significance is very low 

(t=0.42).  Column 5 shows the results when we aggregate all these individual measures together 

but, as in previous columns, the point estimate is negative, and in any case, does not approach 

statistical significance.   

Panel B repeats the identical exercise for factor-adjusted returns.  Here, the results are 

slightly more favorable to the shareholder advantage story, with two of the four individual 

components (APR violations in column 3 and a creditor-in-possession requirement in column 4) 

showing at least positive point estimates.  However, the statistical significance is very low in 

every specification, with no creditor-rights variable loading at even the 20% significance level.  

At the minimum, the evidence in Table 7 indicates very little support for the shareholder 

advantage story, at least insofar as it can explain average cross-sectional variation in the distress 

anomaly across countries. 

 The non-result indicated in the first five columns of Table 7 (both Panels A and B) raises 

the possibility of low statistical power.  In Table 8, we run pooled regressions where, instead of 

each country corresponding to a single average high-low EDF return, the unit of observation is 
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the firm-month.  This substantially increases the number of observations, and consequently, 

should enable us to draw a more powerful inference about the relation between creditor rights 

and the distress anomaly.  We attempt to explain a firm’s monthly stock returns as a function of 

firm, time, and country characteristics using the following regression:  
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                        (4) 

The variables High_EDF and Low_EDF correspond to dummy variables for a firm being in the 

highest and lowest (respectively) distress deciles for their own country, when ranked two 

months ago.  Generally, we expect for stocks with high default probabilities to have low 

abnormal returns, and stocks with low default probabilities to have high abnormal returns.   

Our main interest is on the interaction between these variables and High CRI, a dummy 

variable taking a value one for countries with the creditor rights index above the median value 

across all countries in our sample and zero otherwise.  The set of control variables as those in 

Equation (3), Section III.C are included in the regression.    

 As with the cross-sectional evidence in Table 7, the pooled time-series evidence in Table 

8 does not support the shareholder advantage story.  Among all stocks in Column 1, neither 

interaction between High CRI and the EDF dummy variables has a t-statistic over 0.5 in 

absolute value.  In column 3, when we control for each country’s individualism (discussed 

immediately below) the interaction between High CRI and High EDF becomes significant at the 

1% level, but it enters with the wrong sign.  Here, the negative point estimate indicates that 

distressed firms in countries with the strongest creditor protection have the worst returns, 

opposite to the prediction of the shareholder advantage hypothesis.  The remaining columns 

repeat the analysis for small and large firms, in successive columns. For firms below the median 

market capitalization of their countries, the point estimate on the interaction is either 

insignificant (column 4) or significant in the wrong direction (column 6).  For large firms, none 
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of the interactions approaches statistical significance, although we do observe somewhat 

stronger evidence of the baseline anomaly in column 7. 

B. Investor overconfidence  

We have just seen that comparisons of the distress anomaly across countries differing in 

creditor protection do not provide support for a risk-based explanation based on violations of 

absolute priority.  In this section, we explore a behavioral alternative: investor underreaction to 

financial distress.  Specifically, if the market is sluggish impounding news about bankruptcy into 

prices, then firms with elevated default probabilities will, at least temporarily, have stock prices 

too high relative to their fundamentals.  The low subsequent returns simply reflect the eventual 

correction of this mispricing.   

 The tendency of investors to underreact to information is closely linked to 

overconfidence, the extent to which agents overestimate the value of their private information.  

Intuitively, overconfidence causes too little (much) weight to be placed on public (private) 

signals when forming posteriors of random variables.  Provided that the aggregate demands of 

overconfident investors are not fully offset by rational arbitrageurs, then at any point in time, 

securities prices may not fully reflect public information.  In the case of the distress anomaly, 

the relevant source of information would pertain to a firm’s likelihood of default. 

The ability of overconfidence to generate underreaction to public signals is easily 

illustrated by a simple learning model.  Denote firm value as , and suppose that 

investors all initially agree that the mean for  is zero (for simplicity), but disagree on the 

precision around this estimate.  Specifically, investor i's belief about the distribution of  is 

.  In such a framework, an investor i is said to be overconfident if  so that he 

or she is more certain about his/her estimate of firm value (zero) than the true distribution of  

warrants.  For the time being, we remain agnostic about the source of such overconfidence, but 

later consider this issue directly in our empirical tests.   
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Now, suppose that each investor i receives a common, unbiased signal of  

where  for all investors i.  Applying Bayes’ rule, investor i arrives at a posterior 

distribution of  given s,   Comparing this to the posterior that obtains 

under the true variance of  we have the result that overconfident investors (for whom 

) place too little weight on the public information, or that 
i

2s

1i
2 

0
2s

10
2 .21  In other 

words, investor’s posterior estimate of   is too close to zero (his prior), and more so the smaller 

the ratio 
i

2

0
2 .          

Applying this simple model to the distress anomaly allows us to be even more specific.  If 

s represents bad news about a firm’s inability to meet its financial obligations (i.e., the 

realization of s is less than zero), we expect investors to revise their estimates of   downward.  

But if investors are overconfident, this adjustment is incomplete, and results in a posterior 

estimate of the mean that is still negative, but biased upward.  Provided that such biases are 

widely held, and that limits to arbitrage allow some degree of mispricing to persist, the prices of 

financially distressed firms can be inflated, at least temporarily.  When this mispricing is 

subsequently corrected, the low returns observed in the distress anomaly obtain. 

 With this framework in mind, the analysis in this section focuses on empirical proxies for 

investor overconfidence.  If the behavioral story outlined above is responsible for the empirical 

patterns documented in Section III, then the distress anomaly should be stronger in situations 

when investors are more likely to be overconfident, and thus, more prone to underreaction to 

                                                        
21 The proof of this follows directly from i
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the actual probability of default.  When thinking about such comparisons, we find it useful to 

think about two types of effects: 1) static, or at least long-lived, determinants of overconfidence, 

and 2) factors that may ebb and flow over time, leading to time-variation in overconfidence for a 

given class of investors.  The first section below (i) deals time-invariant overconfidence, and the 

second (ii) with dynamic influences.      

 

i. Static overconfidence: cross-country comparisons 

 Our first set of tests is based on the identifying assumption that there exist long-lived 

differences in country attributes that are correlated with investor overconfidence.  For example, 

to the extent that overconfidence has a genetic basis, one might expect to observe persistent 

differences between groups or people (particularly when separated by large geographic distances 

for protracted periods); however, one could just as easily attribute differences to cultural norms 

that foster the expression of certain behavioral traits. 

 In the late 1960s and 1970s, Hofstede conducted a survey of IBM employees among 41 

countries, in an attempt to measure cross-country differences in individualism.  Broadly 

speaking, individualism refers to the extent to which members of a culture are encouraged to be 

unique, stand out, or otherwise distinguish themselves from others.  The United States and 

many countries in Western Europe (e.g., Italy, United Kingdom) rank high by Hofstede’s 

individualism index.  By contrast, an emphasis on “blending in” is more prevalent in collectivist 

cultures seen often in the Far East (e.g., China, Japan, Korea), but also in parts of Latin America 

(e.g., Brazil, Mexico).  Hofstede’s individualism index is scaled 0-100, with an average (median) 

value of 50.36 (51.00) across our sample of 39 countries. 

 Individualism has been linked to overconfidence, which leads people to overestimate the 

precision of their own information, and thus, not respond to new information appropriately 

(e.g., as in Daniel, Hirshleifer, and Subrahmanyam (1998)).  Most recently, Chui, Titman, and 

Wei (2010) appeal to this linkage to explain the variation in momentum profits – which, like the 
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distress anomaly, can be generated by investor overconfidence – across a number of countries.  

Largely following their reasoning, we test for whether the returns of distressed stocks are lower 

among countries with high levels of individualism.  

Inspection of the country-level results in Table 6 suggests broadly that this may be the 

case, with the distress anomaly being present in highly individualistic countries such as 

Australia (90), Italy (76), and the Netherlands (80) and absent (or even reversed) among less 

individualistic countries like Brazil (38), Hong Kong (25), and Turkey (37).  As we did for the 

analysis of creditor rights in Panel B, Panel C summarizes the returns of the distress anomaly by 

Hofstede’s individualism index.  We sort countries into three equally sized groups and then form 

long-short distress portfolios by equally weighting country-level portfolios within each group.  

Whether we consider raw returns (columns 4, 6, 8 and 10) or alphas from a risk-based model 

(columns 5, 7, 9 and 11), the distress anomaly is clearly more pronounced in individualistic 

cultures, and less pronounced in countries that emphasize collectivism.  The return decreases 

monotonically from low index group to high index group, and the difference between high and 

low index groups is significant at either 5% or 10% level, depending on the holding horizon.   

Returning to Table 7, column 7 of Panel A introduces each country’s individualism 

measure as a covariate in our cross-country regression of the average profits of EDF-sorted 

small stock portfolios.  The negative and statistically significant coefficient of -0.023 (t = 3.85) 

indicates that the distress anomaly is significantly less pronounced in collectivist cultures, and 

stronger in countries (like the U.S. and Western Europe) that promote individualism.   

To put this estimate in perspective, the standard deviation of Hofstede’s individualism 

measure is about 25, with an inter-quartile range of 47 (74 to 27). Based on the point estimate 

shown in column 7, a one standard deviation increase of individualism implies a decrease of the 

high-low EDF return spread of about 58 (=-0.023% x 25) basis points per month, or seven 

percent a year.  Moreover, note that individualism alone explains about one-quarter of the cross-

sectional variations in average return spreads (see Figure 3), and strengthens slightly (point 
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estimate of -0.031, t = 2.58) in the presence of other country-level controls like GDP growth, a 

developed market dummy variable (as reported by the IMF), or the average EDF value for each 

country. 

In Panel B, we repeat the analysis, but with Fama-French-Carhart four-factor alphas as 

the dependent variable.  Column 7 indicates that individualism enters with the same negative 

and statistically significant coefficient as before, although with lower magnitude.  Moreover, 

Figure 3 shows that as with raw returns, individualism explains a substantial portion of the 

cross-sectional variability in the distress anomaly.22 

The findings of the cross-sectional regressions above are reaffirmed in pooled cross-

sectional time-series regressions involving over three million firm-month observations.  As with 

the analysis with creditor rights index in Section IV.A, we run the pooled regression model as in 

equation (4), but adding the interactions between the EDF dummy variables and High_INDV, 

another dummy variable taking a value of one for countries with Individualism index above the 

median value across all countries, and zero otherwise. If individualistic cultures are associated 

with more investor overconfidence, we would expect the coefficient on High_EDF*High_INDV 

to be negative and statistically significant; likewise, we expect the return to an EDF hedging 

strategy (buying stocks in most distressed decile and selling stocks in least distressed decile) to 

be especially negative for countries with higher values of Hofstede’s individualism index.  

The results reported in Table 8 are consistent with both predictions. Focusing first on the 

results involving all stocks (column 2), the coefficient of the interaction between High_EDF and 

High_INDV is -0.377 with a t-statistic of -3.12 suggesting that all else equal, in countries with 

individualism scores above the median country, stocks in the most distressed decile 

underperform their less distressed peers by an extra 38 basis points per month, versus the same 

high-low EDF comparison in countries ranking low on the individualism index. 

                                                        
22 In unreported tests, we find that it makes little difference if we consider 12-month overlapping portfolio 
returns, as can largely be inferred from the univariate comparisons in Panels C of Table 6. 



   30

By contrast, there is no discernible return difference between the least distressed deciles 

across high and low individualistic countries, suggesting that virtually the entire effect comes 

from differences in firms with high default probabilities.  Were this not the case, a story based 

on investor underreaction would make little sense – investors cannot underreact to bad news 

about bankruptcy if that information does not exist, as is almost certainly the case for the least 

financially distressed firms in our sample. 

     

ii. Dynamic overconfidence: within country comparisons 

Our second set of analysis takes the fixed differences in overconfidence across countries 

as given, and looks for time-varying overconfidence within groups of investors.  We employ two 

empirical proxies.   

The first is motivated by recent studies relating good market returns to investor 

overconfidence.  The intuition, as modeled in Daniel, Hirshleifer, and Subrahmanyam (1998) 

and Gervis and Odean (2001), is that self-attribution bias can create “feedback” in investor 

overconfidence.  In essence, an investor – who can be initially overconfident, but does not need 

to be -- receives a private signal about the value of a stock, takes a position, and then uses 

subsequent price movements to inform her about the value of her initial signal.  This learning, 

by itself, will not generate overconfidence.  Instead, it is the differential response between gains 

and losses that is important: when the investor’s signal is confirmed (e.g., the stock moving up 

after a buy), she becomes more confident about her initial information, but does not similarly 

update when her signal is not confirmed.  This asymmetric effect can lead to a monotonic path 

in investor overconfidence, where only good news is used to update beliefs about signal 

precision, but bad news is (at least mostly) shrugged off as bad luck.   

Combining this intuition with the fact that most investors, collectively, hold long 

positions in the stock market, a number of empirical studies have argued that aggregate investor 

overconfidence tends to increase following market gains.  For example, Cooper, Gutierrez and 
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Hameed (2004) find that momentum profits are higher during market booms (when the 

cumulative market return during the past one- to three-year horizons was positive), which they 

attribute to high levels of investor overconfidence.   

Following this reasoning, we classify all months into “up” or “down” markets based on 

the most recent 12-month market return. Specifically, for month t of country c, if the 12-month 

trailing market return in domestic currency from month t-11 to t is positive and above the 

median value for all monthly observations of the country, we call this an “up” market, and 

“down” otherwise.23  We then estimate the following pooled regression:

 

  (5)

 

where UPMKT is a dummy variable taking a value one for months classified as “up” markets. 

High EDF and Low EDF correspond to dummy variables for a firm being in the highest and 

lowest, respectively, distress deciles for their own country, when ranked with a two-month lag. 

The set of control variables include those firm characteristics defined in Equation (3) in Section 

III.C.  Since our focus is on the time-series variation in distress anomaly - the return spread 

between high and low EDF stocks - we also include the country and month fixed effects to 

control for the difference in average stock returns across countries and time. 

The regression results are presented in column 1, Table 9.  First, we see that stocks in the 

most distressed decile underperform their moderately distressed peers by more following up 

markets than following down markets, as indicated by the negative and significant coefficient on 

High_EDF*UPMKT.  Moreover, the least distressed stocks behave in the opposite way - their 

return performance relative to moderately distressed peers improves significantly following up 

markets.  Accordingly, as can be seen from the bottom rows of Table 9, an EDF hedging strategy 

                                                        
23 Though we believe that market returns in local currency is a better indicator for market state 
classification that returns in USD, we are able to replicate our results by defining market states according 
to the past 12-month market returns in USD. We choose 12-month horizon to measure market states to 
balance the trade-off between measurement reliability and loss of sample periods.  
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delivers a very different return in months following up markets compared to down markets.  It is 

roughly -60 basis points per month (t-statistic = -6.26) following up markets, but close to zero 

following down markets.  The asymmetry is consistent with our hypothesis that investor 

overconfidence drives the abysmal low returns of distressed stocks, as investor overconfidence 

should be especially high following periods of strong market returns.24   

Further insight is gained by examining stocks traded extensively, especially during the 

period with good market returns. Odean (1998, 1999) shows that overconfident investors tend to 

trade more aggressively, and Statman, Thorley and Vorkink (2006) and Griffin, Nardari and 

Stulz (2007) all find that share turnover tends to be higher following good market returns, 

which they attribute partly to increasing investor overconfidence after market gains. Following 

these studies, we add an additional interaction term of High_EDF*UPMKT with 

High_Turnover, a dummy variable taking a value of one if a firm's share turnover is above the 

median value for all stocks within its country two months ago (the month when EDF is 

measured), and zero otherwise.   

Column 2 in Table 9 presents the results.25  Compared with the results in column 1, the 

most noticeable change is that while the coefficient on High_EDF*UPMKT is no longer 

negative, the coefficient of the three-way interaction, High_EDF*UPMKT*High_Turnover, is 

negative and highly significant, both statistically and economically.  This suggests that among 

                                                        
24 This finding is consistent with recent studies by Stambaugh, Yu, and Yuan (2012) and Shen and Yu 
(2012), which document that a variety of anomalies exist primarily during “high sentiment” states.  One 
might speculate whether the elevated investor overconfidence fueled by good market returns is more 
pronounced in high-individualism countries.  To test this hypothesis, we run a regression similar to the 
one in Eq.(5), adding three-way interactions of EDF variables, UPMKT and High_Indv and controlling 
the two-way interactions of EDF variables with both UPMKT and High_Indv. We find no evidence that 
the asymmetry of distress anomaly across market states is especially stronger in high-individualism 
countries, after controlling the effects of both individualism and market state on distress anomaly. The 
coefficient on the three-way interaction term, High_EDF*UPMKT*High_INDV, is close to zero and not 
statistically significant.  
 
25 In regressions with interactions involving the dummy variable High_Turnover, we replace the decile 
rankings of share turnover with High_Turnover to avoid any spurious inference about the interactions 
due to the main effect of High_Turnover. The point estimates for EDF-based variables are almost 
identical if we control either only our usual share turnover decile rankings (instead of the main effect of 
High_Turnover) or both turnover variables.    
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highly distressed stocks, the action is exclusively among actively traded stocks during up 

markets.  Comparing the returns to an EDF hedging strategy reveals a similar pattern.  The 

strategy formed among high turnover stocks following up markets delivers a much more 

negative average return (-89 basis points per month, with t-statistic = -6.62), compared to a 

strategy formed with low turnover stocks.  

We conclude by adding to the regression model interactions between our EDF dummy 

variables and High_Turnover, which further compare stocks with different levels of trading 

activity during down markets.  The results are reported in Table 9, column 3.  First, note that the 

coefficient of High_EDF*UPMKT*High_Turnover remains negative and significant.  Second, 

however, we observe a significantly positive return spread between stocks in the highest EDF 

decile and those in least distressed decile (26 basis points per month,  t-statistic of 3.30), but 

only among low share turnover stocks under down markets, the combination least likely to be 

influenced by investor overconfidence.  Interestingly, this is the only case conforming to the 

textbook illustration of leverage effect.  

 

V. Conclusion 

In this paper, we address both the robustness of and mechanism underlying the distress 

anomaly, using a comprehensive panel of international data. Analyzing a sample of over 3.4 

million firm-months, more than 36,000 public firms, in 39 countries covering nearly two 

decades 1992-2010, we document the presence of a distress anomaly, found mostly among 

stocks of small companies in North America and Europe.  The magnitudes vary across 

specifications, but on average, financing a short position in a country’s most distressed decile 

with a long position in its least distressed decile among small stocks earns about 50 basis points 

per month, roughly on par with the returns of a plain vanilla momentum strategy.    

While just this basic result addresses recent concerns about the robustness of the 

distress anomaly, exploring cross-country differences allows us to better identify the responsible 
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mechanism.  There are two primary alternatives, both of which lend themselves to meaningful 

cross-country comparisons.  First, we find that the returns of distressed stocks are not relatively 

lower in countries offering weak protection of creditors, as the shareholder advantage theory of 

Garlappi, Shu, and Yan (2008) indicates.  Rather, we find little relation between shareholder 

expropriation and the distress anomaly, and what weak evidence we do find usually goes in the 

direction opposite to the theory’s predictions.  On the other hand, the returns of distressed 

stocks are strongly linked to a country-level proxy for overconfidence (individualism), 

suggesting that the same type of investor under-reaction sustaining other asset pricing 

anomalies (e.g., momentum) is at work for the distress anomaly as well. 

We complement our cross-country evidence on overconfidence and distress anomaly 

with the within-country comparisons based on market states, motivated by recent studies 

linking good market states to investor overconfidence.  The distress anomaly exists mainly 

following periods of good market returns and is concentrated among those stocks with high 

share turnover during those good market states. Overall, these findings are consistent with 

overconfident investors overpricing the stocks close to bankruptcy.    
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Table 1: Distribution of Observations across Countries  

This table summarizes the distribution of the firm-month observations in our sample.  The entire 
sample spans 39 countries.  Countries (column 1) are classified into 7 regions based on economic and 
geographic proximity.  Columns 2 and 3 list, respectively, the starting and ending months for each 
country.  The following columns summarize the following information: the number of firm-month 
observations for that country (column 4), the fraction of total firm-months this each country 
represents, the average number of firms per month, the average percentage of total number of firms 
per month, and the average percentage of total market capitalization per month. 

Country 
Beginning  

date 
Ending  

Date 
Number of 

observations 
% of all  

observations 

Monthly  
average  
number  
of firms 

Monthly  
average  

% of  
observations  

Monthly  
average %  
of market  

capitalization  
 
Region: Europe 
Austria 04/1995 12/2010 11,511 0.33 62 0.38 0.26 
Belgium 08/1993 12/2010 20,156 0.58 96 0.61 0.64 
Denmark 08/1993 12/2010 25,482 0.73 122 0.76 0.42 
Finland 11/1995 12/2010 17,871 0.52 98 0.58 0.49 
France 01/1992 12/2010 110,510 3.19 485 3.17 4.83 
Germany 01/1992 12/2010 113,746 3.28 499 3.20 4.14 
Greece 10/1996 12/2010 21,531 0.62 126 0.72 0.40 
Italy 01/1992 12/2010 43,486 1.25 191 1.30 2.12 
Netherlands 01/1992 12/2010 31,662 0.91 139 1.00 1.98 
Norway 08/1994 12/2010 22,440 0.65 114 0.69 0.44 
Poland 04/2000 12/2010 10,294 0.30 80 0.44 0.24 
Portugal 04/1997 07/2001 2,393 0.07 54 0.37 0.32 
Spain 01/1992 12/2010 26,013 0.75 114 0.80 1.81 
Sweden 01/1992 12/2010 41,212 1.19 184 1.15 0.98 
Switzerland 06/1993 12/2010 36,221 1.04 172 1.08 2.09 
United Kingdom 01/1992 12/2010 290,098 8.37 1,272 8.77 7.74 
 
Region: North America 
Canada 04/1998 12/2010 145,951 4.21 954 5.36 2.94 
United States 01/1992 12/2010 914,265 26.37 4,010 29.42 41.94 
 
Region: Japan 
Japan 01/1992 12/2010 613,423 17.69 2,690 17.96 16.16 
 
Region: Asia Pacific (ex. Japan) 
Australia 01/1992 12/2010 157,174 4.53 689 4.15 1.60 
China 06/2001 12/2010 88,357 2.55 768 4.05 2.22 
Hong Kong 04/1992 12/2010 49,851 1.44 222 1.37 1.66 
India 08/1993 12/2010 69,478 2.00 339 1.98 1.14 
Indonesia 04/1993 12/2010 34,385 0.99 161 0.99 0.28 
Malaysia 01/1992 12/2010 119,105 3.43 522 3.19 0.77 
New Zealand 07/1999 12/2010 9,270 0.27 69 0.38 0.09 
Philippines 02/1996 12/2010 22,201 0.64 124 0.72 0.17 
Singapore 04/1992 12/2010 64,105 1.85 285 1.73 0.65 
S. Korea 06/1992 12/2010 106,337 3.07 477 2.80 1.01 
Taiwan 04/1995 12/2010 82,328 2.37 436 2.48 1.37 
Thailand 08/1992 12/2010 59,045 1.70 267 1.67 0.38 
 
Region: Other America (ex. U.S. and Canada) 
Argentina 12/2002 12/2010 4,178 0.12 54 0.28 0.15 
Brazil 03/2006 12/2010 3,524 0.10 63 0.33 0.55 
Chile 01/1997 12/2010 15,393 0.44 93 0.54 0.38 
Mexico 05/1996 12/2010 11,446 0.33 66 0.39 0.61 
 
Region: Greater Middle East 
Israel 10/2001 12/2010 7,897 0.23 71 0.38 0.23 
Pakistan 04/1998 12/2010 11,326 0.33 78 0.44 0.06 
Turkey 04/1998 12/2010 14,636 0.42 96 0.54 0.36 
 
Region: Africa 
South Africa 03/1992 12/2010 39,166 1.13 173 1.12 0.89 
 
Total   3,467,467 100 15,208 100 100 
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Table 2: Summary Statistics 

This table presents summary statistics for 39 countries included in our sample. Columns 2 - 6 list the mean, 
the standard deviation, the 25th percentile value, the median value, and the 75th percentile value of EDF, the 
Expected Default Frequency measure produced by Moody's KMV. Columns 7-14 list the means and standard 
deviations of the following variables: 1) Ret: monthly stock returns denominated in USD; 2) Ln(ME): the 
logarithm of market capitalization in millions USD at the month end; 3) B/M: the ratio of book equity of the 
fiscal year ending at least 5 months before to the market capitalization at the month end; and 4) MMT: the 
past 6-month return denominated in USD from month t-7 to month t-2. We first calculate the statistics every 
month, and then average the monthly statistics to obtain the final summary statistics.  

Country 

EDF (%) Ret Ln(ME) B/M MMT 

Mean Std. 
Pctl 
25 Med 

Pctl 
75 Mean Std. Mean Std. Mean Std. Mean Std. 

Argentina 2.44 4.53 0.21 0.68 2.22 0.03 0.11 4.96 1.86 1.31 1.56 0.26 0.40 

Australia 2.14 5.06 0.09 0.33 1.54 0.01 0.13 4.29 1.89 0.74 0.90 0.11 0.43 

Austria 0.96 2.52 0.07 0.18 0.56 0.01 0.10 5.44 1.70 1.08 2.08 0.07 0.26 

Belgium 0.93 2.84 0.04 0.14 0.49 0.01 0.08 5.59 1.75 0.80 0.64 0.08 0.24 

Brazil 1.65 3.42 0.19 0.53 1.37 0.03 0.18 6.90 1.39 0.43 0.50 0.23 0.50 

Canada 4.25 7.78 0.20 0.80 4.11 0.02 0.17 4.55 2.08 0.98 1.91 0.10 0.49 

Chile 1.09 2.79 0.09 0.22 0.73 0.02 0.08 5.71 1.47 0.94 0.88 0.10 0.25 

China 0.50 0.75 0.11 0.26 0.59 0.02 0.09 6.06 0.82 0.35 0.20 0.13 0.26 

Denmark 1.14 3.05 0.09 0.22 0.80 0.01 0.09 4.92 1.71 0.85 0.60 0.08 0.27 

Finland 0.73 1.72 0.09 0.21 0.62 0.01 0.09 5.35 1.74 0.74 0.60 0.09 0.26 

France 1.44 3.24 0.10 0.30 1.19 0.01 0.09 5.46 1.94 0.82 1.07 0.07 0.26 

Germany 2.46 4.90 0.11 0.46 2.47 0.00 0.11 5.21 1.97 0.73 0.90 0.04 0.30 

Greece 2.34 3.94 0.22 0.87 2.84 0.01 0.11 5.37 1.39 0.85 0.76 0.11 0.34 

Hong Kong 1.97 3.50 0.17 0.64 2.14 0.02 0.12 5.53 1.85 1.61 1.54 0.13 0.41 

India 3.03 5.26 0.20 0.84 3.34 0.02 0.12 5.02 1.69 1.05 1.45 0.14 0.38 

Indonesia 5.67 7.17 0.61 2.59 8.66 0.03 0.16 4.09 1.75 0.73 3.29 0.17 0.52 

Israel 1.67 3.52 0.14 0.43 1.34 0.02 0.09 5.90 1.31 0.76 0.55 0.10 0.26 

Italy 1.13 2.84 0.12 0.29 0.88 0.01 0.08 6.04 1.65 0.86 0.56 0.04 0.23 

Japan 1.82 3.17 0.17 0.59 2.02 0.00 0.09 5.46 1.54 1.03 0.68 0.03 0.25 

Malaysia 2.41 3.86 0.21 0.85 2.91 0.01 0.10 4.54 1.31 1.01 0.81 0.08 0.29 

Mexico 2.61 5.95 0.12 0.45 1.91 0.02 0.12 6.39 1.61 1.24 1.55 0.11 0.31 

Netherlands 0.79 1.81 0.08 0.22 0.64 0.01 0.09 5.84 1.99 0.65 0.71 0.08 0.24 

New Zealand 1.14 3.00 0.06 0.17 0.74 0.01 0.09 4.74 1.54 0.75 0.68 0.10 0.27 

Norway 1.49 3.23 0.16 0.41 1.31 0.02 0.11 5.26 1.53 0.87 1.04 0.10 0.33 

Pakistan 4.45 6.93 0.48 1.63 5.15 0.02 0.12 3.99 1.62 0.88 1.60 0.15 0.34 

Philippines 5.50 7.61 0.38 1.83 8.26 0.02 0.16 4.06 1.77 1.72 3.26 0.10 0.48 

Poland 2.22 4.46 0.14 0.45 1.95 0.02 0.11 5.16 1.69 0.88 1.10 0.16 0.36 

Portugal 0.80 1.81 0.08 0.19 0.49 0.00 0.09 5.44 1.87 0.69 0.49 0.05 0.26 

Singapore 1.77 2.95 0.19 0.63 2.03 0.01 0.10 4.77 1.47 0.97 0.69 0.09 0.30 

South Africa 2.22 4.66 0.11 0.38 1.90 0.02 0.12 5.43 1.89 0.71 0.87 0.10 0.34 

South Korea 3.64 4.91 0.56 1.72 4.68 0.01 0.13 4.87 1.38 1.48 2.12 0.11 0.37 

Spain 0.81 1.97 0.07 0.17 0.65 0.01 0.08 6.40 1.74 0.69 0.71 0.07 0.23 

Sweden 1.47 3.36 0.10 0.30 1.19 0.01 0.11 5.27 1.76 0.73 0.61 0.09 0.30 

Switzerland 0.62 2.43 0.05 0.12 0.35 0.01 0.08 5.94 1.68 0.82 0.74 0.09 0.23 

Taiwan 1.09 2.01 0.16 0.42 1.13 0.01 0.10 5.59 1.28 0.76 0.43 0.06 0.28 

Thailand 3.89 5.09 0.49 1.86 5.54 0.01 0.12 4.11 1.57 0.96 1.19 0.10 0.38 

Turkey 1.89 2.59 0.38 0.98 2.37 0.03 0.12 5.59 1.43 0.66 0.43 0.18 0.35 

United Kingdom 1.52 3.93 0.06 0.23 1.02 0.01 0.10 5.00 1.88 0.76 0.99 0.07 0.31 

United States 1.07 2.36 0.13 0.34 0.97 0.02 0.14 5.94 1.72 0.53 0.51 0.11 0.36 
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Table 3: Default Risk and Stock Returns: Global Evidence  

This table presents the average returns and Fama-French-Carhart four-factor model alphas of long/short 
hedging portfolios that buy high-EDF stocks and sell low-EDF stocks across all countries in the sample.  
Panel A includes every country, and Panel B excludes the U.S.  The procedure is as follows: At the end of 
each month t, we rank all stocks within every country by EDF, and then form deciles.  We then aggregate 
firms across all countries within each EDF decile.  For example, in month t, EDF-decile 7 consists of all firms 
that, within each of their respective countries, ranked between the 70th and 80th percentile in terms of EDF 
at the end of month t.  We focus on a long-short strategy involving EDF-deciles 10 (long) and 1 (short) that 
begins one month after portfolio formation, i.e., at the beginning of month t+2.  For this hedging strategy, 
we report both the average raw monthly returns (equally-weighted or value-weighted) and alphas from a 
Fama-French-Carhart four-factor model where, following Fama and French (2012), we construct country-
neutral global factors for: 1) the market return in excess of risk free rate (MKTRF), 2) the return difference 
between small stocks and big stocks (SMB), 3) the return difference between value stocks and growth stocks 
(HML), 4) and the return difference between winning stocks and losing stocks as classified by their past 6-
month cumulative returns (UMD).  Returns of EDF portfolios and style portfolios are denominated in U.S. 
dollars. Results for various holding periods are shown, including one month (t+2), three-month (t+2, t+4), 
six-month (t+2, t+7), and one year (t+2, t+13).  For holding periods greater than one month, we follow the 
overlapping horizon approach of Jegadeesh and Titman (1993).  Finally, we report the results for three size 
groups: 1) all stocks, 2) big stocks (those above the median market capitalization for all stocks in that 
country) and 3) small stocks (below the median). 

   Holding Period 

   t+2 t+2, t+4 t+2, t+7 t+2, t+13 

Weighting Sample Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 
 
Panel A: Including the U.S. stocks 

Equally 
Weighted 

All 
Stocks 

estimate -0.18% -0.14% -0.16% -0.14% -0.08% -0.12% 0.01% -0.04% 

t-statistic -0.81 -1.16 -0.72 -1.10 -0.39 -0.93 0.06 -0.28 

Big 
Stocks 

estimate -0.02% -0.04% 0.01% -0.03% 0.07% -0.02% 0.14% 0.01% 

t-statistic -0.08 -0.32 0.02 -0.20 0.27 -0.14 0.55 0.10 

Small 
Stocks 

estimate -0.42% -0.39% -0.40% -0.37% -0.32% -0.32% -0.23% -0.24% 

t-statistic -2.23 -3.26 -2.15 -3.15 -1.70 -2.72 -1.29 -2.08 

Value 
Weighted 

All 
Stocks 

estimate -0.53% -0.33% -0.38% -0.22% -0.24% -0.13% -0.12% -0.05% 

t-statistic -1.37 -1.53 -0.96 -1.02 -0.62 -0.56 -0.32 -0.22 

Big 
Stocks 

estimate -0.27% -0.25% -0.18% -0.21% -0.05% -0.14% 0.07% -0.07% 

t-statistic -0.78 -1.40 -0.51 -1.19 -0.14 -0.76 0.21 -0.33 

Small 
Stocks 

estimate -0.50% -0.53% -0.45% -0.47% -0.37% -0.40% -0.31% -0.34% 

t-statistic -2.23 -3.48 -2.02 -3.21 -1.63 -2.71 -1.37 -2.28 
 
Panel B: Excluding the U.S. Stocks 

Equally 
Weighted 

All 
Stocks 

estimate -0.20% -0.05% -0.17% -0.04% -0.11% -0.03% 0.00% 0.03% 

t-statistic -0.92 -0.38 -0.79 -0.34 -0.51 -0.25 -0.01 0.27 

Big 
Stocks 

estimate -0.02% -0.03% -0.02% -0.03% 0.05% -0.02% 0.09% -0.02% 

t-statistic -0.09 -0.21 -0.08 -0.22 0.19 -0.15 0.42 -0.11 

Small 
Stocks 

estimate -0.43% -0.24% -0.42% -0.25% -0.33% -0.20% -0.23% -0.12% 

t-statistic -2.15 -1.86 -2.16 -2.00 -1.72 -1.54 -1.27 -0.94 

Value 
Weighted 

All 
Stocks 

estimate -0.31% -0.05% -0.25% -0.04% -0.17% -0.02% -0.23% -0.17% 

t-statistic -0.94 -0.21 -0.76 -0.16 -0.54 -0.11 -0.78 -0.81 

Big 
Stocks 

estimate -0.13% 0.00% -0.07% 0.01% 0.00% 0.03% 0.02% -0.01% 

t-statistic -0.42 0.00 -0.25 0.03 0.01 0.15 0.08 -0.04 

Small 
Stocks 

estimate -0.57% -0.42% -0.56% -0.41% -0.48% -0.35% -0.42% -0.31% 

t-statistic -2.53 -2.55 -2.52 -2.55 -2.17 -2.19 -1.93 -1.88 

 



   41

Table 4: Default Risk and Stock Returns: Regional Evidence  

This table presents the average returns and Fama-French-Carhart four-factor model alphas of long/short 
hedging portfolios that buy high-EDF stocks and sell low-EDF stocks for the following regions: Europe, 
North America, Japan, Asia-Pacific (excluding Japan), Other America (excluding Canada and U.S.), Greater 
Middle East, and Africa.  The procedure is as follows: At the end of each month t, we rank all stocks within 
every country by EDF, and then form deciles.  We then aggregate firms across all countries in a region within 
each EDF decile.  For example, in month t, EDF-decile 7 of Europe consists of all firms that, within each of 
their respective countries in Europe, ranked between the 70th and 80th percentile in terms of EDF at the end 
of month t.  We focus on a long-short strategy involving EDF-deciles 10 (long) and 1 (short) that begins one 
month after portfolio formation, i.e., at the beginning of month t+2.  For this hedging strategy, we report 
both the average raw monthly value-weighted returns and alphas from a Fama-French-Carhart four-factor 
model where, following Fama and French (2012), we construct country-neutral regional factors for: 1) the 
market return in excess of risk free rate (MKTRF), 2) the return difference between small stocks and big 
stocks (SMB), 3) the return difference between value stocks and growth stocks (HML), 4) and the return 
difference between winning stocks and losing stocks as classified by their past 6-month cumulative returns 
(UMD). Returns of EDF portfolios and style portfolios are denominated in U.S. dollars. Results for various 
holding periods are shown, including one month (t+2), three-month (t+2, t+4), six-month (t+2, t+7), and 
one year (t+2, t+13).  For holding periods greater than one month, we follow the overlapping horizon 
approach of Jegadeesh and Titman (1993).  Finally, we report the results for three size groups: 1) all stocks, 
2) big stocks (those above the median market capitalization for all stocks in that country) and 3) small stocks 
(below the median). 

   Holding Period 

      t+2 t+2, t+4 t+2, t+7 t+2, t+13 

Region Sample Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 

Europe 

All 
Stocks 

estimate -0.11% 0.25% -0.14% 0.16% -0.14% 0.02% -0.15% -0.17% 

t-statistic -0.27 0.90 -0.35 0.56 -0.39 0.06 -0.49 -0.75 

Big 
Stocks 

estimate 0.13% 0.32% 0.06% 0.26% 0.12% 0.25% 0.14% 0.15% 

t-statistic 0.34 1.22 0.16 1.01 0.33 0.97 0.41 0.56 

Small 
Stocks 

estimate -1.18% -1.09% -1.07% -0.97% -0.88% -0.82% -0.67% -0.68% 

t-statistic -4.15 -5.21 -3.86 -4.80 -3.29 -4.18 -2.74 -3.54 
                      

North 
America 

All 
Stocks 

estimate -0.35% -0.49% -0.15% -0.32% -0.01% -0.23% 0.18% -0.02% 

t-statistic -0.74 -1.97 -0.31 -1.37 -0.02 -0.95 0.37 -0.08 

Big 
Stocks 

estimate -0.28% -0.48% -0.16% -0.38% -0.01% -0.27% 0.20% -0.05% 

t-statistic -0.62 -2.11 -0.35 -1.64 -0.02 -1.15 0.43 -0.21 

Small 
Stocks 

estimate -0.42% -0.70% -0.25% -0.51% -0.19% -0.48% -0.13% -0.38% 

t-statistic -1.23 -3.18 -0.72 -2.40 -0.58 -2.44 -0.38 -1.93 
                     

Japan 

All 
Stocks 

estimate -0.30% -0.28% -0.22% -0.24% -0.22% -0.27% -0.24% -0.30% 

t-statistic -0.61 -0.98 -0.43 -0.83 -0.45 -0.97 -0.51 -1.11 

Big 
Stocks 

estimate -0.41% -0.54% -0.34% -0.48% -0.28% -0.44% -0.27% -0.45% 

t-statistic -0.90 -1.92 -0.74 -1.73 -0.60 -1.59 -0.59 -1.61 

Small 
Stocks 

estimate -0.09% -0.19% -0.09% -0.23% -0.06% -0.23% -0.11% -0.28% 

t-statistic -0.26 -0.88 -0.25 -1.06 -0.17 -1.06 -0.31 -1.32 
                     

Asia  
Pacific  
(ex. Japan) 

All 
Stocks 

estimate -0.01% -0.13% -0.08% -0.21% 0.09% -0.08% 0.05% -0.14% 

t-statistic -0.02 -0.35 -0.20 -0.59 0.23 -0.23 0.13 -0.39 

Big 
Stocks 

estimate 0.04% -0.02% 0.00% -0.08% 0.08% -0.06% 0.11% -0.02% 

t-statistic 0.11 -0.06 -0.01 -0.32 0.24 -0.23 0.35 -0.10 

Small 
Stocks 

estimate -0.32% -0.22% -0.44% -0.34% -0.42% -0.33% -0.24% -0.19% 

t-statistic -1.05 -0.79 -1.52 -1.24 -1.49 -1.26 -0.88 -0.73 
(Table continued on next page) 
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   Holding Period 

      t+2 t+2, t+4 t+2, t+7 t+2, t+13 

Region Sample Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 

Other  
America  
(ex. U.S.  
and Canada) 

All 
Stocks 

estimate 0.16% 0.01% 0.46% 0.15% 0.61% 0.31% 0.64% 0.19% 

t-statistic 0.27 0.01 0.79 0.27 1.17 0.64 1.36 0.43 

Big 
Stocks 

estimate 0.24% 0.11% 0.76% 0.49% 0.71% 0.44% 0.60% 0.14% 

t-statistic 0.50 0.22 1.70 1.13 1.72 1.13 1.51 0.37 

Small 
Stocks 

estimate -0.74% -1.07% -0.21% -0.57% -0.21% -0.62% 0.63% 0.08% 

t-statistic -0.85 -1.22 -0.27 -0.73 -0.28 -0.81 0.77 0.09 
                     

Greater 
Middle 
East 

All 
Stocks 

estimate 0.52% 0.34% 1.05% 0.56% 1.14% 0.62% 0.72% 0.31% 

t-statistic 0.67 0.42 1.41 0.76 1.67 0.93 1.14 0.50 

Big 
Stocks 

estimate 0.32% 0.12% 0.65% 0.14% 0.96% 0.48% 0.68% 0.20% 

t-statistic 0.40 0.15 0.87 0.20 1.33 0.70 1.03 0.31 

Small 
Stocks 

estimate 0.80% 0.50% 0.49% 0.26% 0.35% 0.14% 0.71% 0.61% 

t-statistic 1.08 0.68 0.68 0.37 0.49 0.21 1.07 0.99 
                     

Africa 

All 
Stocks 

estimate 1.14% 0.94% 1.12% 0.96% 1.30% 1.14% 1.04% 0.79% 

t-statistic 2.01 1.58 2.25 1.87 2.88 2.55 2.56 1.98 

Big 
Stocks 

estimate 0.42% 0.30% 0.60% 0.60% 0.88% 0.86% 0.88% 0.81% 

t-statistic 1.01 0.71 1.47 1.49 2.21 2.16 2.39 2.15 

Small 
Stocks 

estimate 0.51% 0.71% 0.56% 0.77% 0.68% 0.86% 0.01% -0.01% 

t-statistic 0.75 0.98 0.88 1.14 1.11 1.30 0.02 -0.02 
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Table 5: Fama-MacBeth Regressions of Monthly Stock Returns on EDF  

This table presents the results of Fama-MacBeth regressions of monthly stock returns on EDF and other firm characteristics.  For each month t, we run the following 
regression across the world (including or excluding the U.S.) or within each region:   
 

 

 
where Rit is the stock return of firm i in month t denominated in U.S. dollars, and High_EDFi,t-2 and Low_EDFi,t-2 are dummy variables indicating firm i's presence in EDF 
decile 10 and 1 respectively within its country in month t-2.  Controls include firm i's: market capitalization (ME) at the end of month t-1; 2) book-to-market equity ratio 
(B/M) in month t-1, calculated as the ratio of book equity of the fiscal year ending at least 5 months before month t-1 to the market capitalization at end of month t-1; 3) past 
6-month stock return in U.S. dollars (MMT) from month t-7 to t-2; 4) past 1-month stock return in U.S. dollars (LRet) in month t-1; 5) share turnover (Turnover) in month 
t-1, calculated as the number of shares traded divided by the number of shares outstanding in month t-1.  All control variables enter as decile rankings (i.e., 1 for the bottom 
decile and 10 for the highest decile) within each country and month.  For book-to-market, we follow McLean et al. (2009), and assign stocks with zero, negative or missing 
values a rank of zero.  In addition, we add another dummy variable (DM_BM) that indicates a zero, negative, or missing value.  Country fixed effects are also included in the 
regression. Coefficients reported are time-series averages of the cross-sectional regressions shown above, with t-statistics based on the Newey-West heteroskedasticity and 
autocorrelation consistent (HAC) standard errors of these estimates.  As before, we report the results of the regressions on three samples - all stocks, big stocks, and small 
stocks, the latter two defined as being above or below the median market capitalization for each country in every month. 
 
Panel A:  Fama-MacBeth Regression of Monthly Stock Returns on EDF for Global Stocks 

Sample Statistics Intercept Low_EDF High_EDF ME B/M DM_BM MMT LRet Turnover R2 Months 
Avg.  
Obs. 

High – Low 
EDF Return 

 
Global Stocks, Including the U.S. Stocks              

All Stocks Coefficient 0.397 0.035 -0.249 0.008 0.115 0.407 0.123 -0.072 0.021 14,170 226 14,170 -0.284 

 t-value 0.73 0.51 -3.21 0.44 6.41 4.13 5.30 -3.91 0.82     -1.97 

Big Stocks Coefficient 0.137 -0.017 -0.213 0.013 0.098 0.261 0.108 -0.046 0.030 8,265 226 8,265 -0.195 

 t-value 0.23 -0.26 -1.90 0.45 4.61 2.43 4.27 -2.28 1.04     -1.16 

Small Stocks Coefficient 0.977 0.128 -0.354 -0.073 0.129 0.475 0.144 -0.112 0.010 5,905 226 5,905 -0.482 

  t-value 1.90 1.87 -4.22 -3.96 9.52 4.50 8.14 -6.88 0.36       -3.41 
 
Global Stocks, Excluding the U.S. Stocks             

All Stocks Coefficient 0.625 0.034 -0.214 0.010 0.109 0.391 0.108 -0.078 0.016 10,307 226 10,307 -0.248 

 t-value 1.32 0.49 -2.62 0.57 8.13 4.42 4.93 -4.50 0.69     -1.97 

Big Stocks Coefficient -0.015 -0.014 -0.129 0.047 0.095 0.186 0.105 -0.038 0.023 5,711 226 5,711 -0.115 

 t-value -0.03 -0.20 -1.19 1.67 5.53 1.88 4.42 -2.10 1.00     -0.80 

Small Stocks Coefficient 1.398 0.174 -0.353 -0.090 0.120 0.458 0.112 -0.129 -0.002 4,596 226 4,596 -0.527 

  t-value 2.85 2.15 -4.02 -4.23 9.85 4.86 6.09 -7.90 -0.07       -3.97 

, 2 , 2 , 1_ _ j k
it i t i t j i t k i itj k

R h High EDF l Low EDF Control Country           



   44

Panel B:  Fama-MacBeth Regression of Monthly Stock Returns on EDF by Region  

Sample Statistics Intercept Low_EDF High_EDF ME B/M DM_BM MMT LRet Turnover R2 Months 
Avg.  
Obs. 

High – Low 
EDF Return 

 
Europe             

All Stocks Coefficient -0.135 0.063 -0.404 0.025 0.066 0.125 0.164 -0.036 0.042 12.00% 226 3,297 -0.467 

 t-value -0.25 0.81 -3.70 1.37 3.60 1.09 5.77 -2.06 1.64      -2.80 

Big Stocks Coefficient 0.213 0.018 0.009 0.026 0.053 0.078 0.135 -0.033 0.030 14.24% 226 1,856 -0.009 

 t-value 0.34 0.22 0.06 0.76 2.64 0.61 4.50 -1.58 1.25      -0.05 

Small Stocks Coefficient -0.493 0.186 -0.639 0.005 0.069 0.127 0.198 -0.050 0.059 12.09% 226 1,441 -0.825 

  t-value -0.97 2.04 -4.70 0.19 4.47 0.96 7.47 -2.84 1.99       -4.45 
 
North America             

All Stocks Coefficient -0.038 0.058 -0.270 -0.031 0.100 0.235 0.133 -0.095 0.075 5.90% 226 4,474 -0.328 

 t-value -0.07 0.65 -1.86 -0.98 3.20 1.42 4.23 -3.41 1.74      -1.66 

Big Stocks Coefficient 0.326 0.015 -0.332 -0.041 0.082 0.429 0.100 -0.072 0.057 7.20% 226 2,872 -0.347 

 t-value 0.49 0.20 -1.89 -0.98 2.26 2.22 2.67 -2.49 1.38      -1.58 

Small Stocks Coefficient -0.410 0.139 -0.377 -0.077 0.123 -0.008 0.187 -0.125 0.119 5.07% 226 1,599 -0.516 

  t-value -0.94 1.25 -2.31 -1.42 4.52 -0.04 6.73 -4.33 2.58       -2.33 
 
Japan             

All Stocks Coefficient -0.066 0.282 -0.248 0.035 0.140 -0.285 0.010 -0.153 0.023 9.92% 226 2,552 -0.530 

 t-value -0.10 2.38 -1.95 1.08 6.94 -1.28 0.30 -5.60 0.58      -2.29 
Big Stocks Coefficient -0.867 0.195 -0.466 0.093 0.142 -0.419 0.024 -0.122 0.048 10.94% 226 1,397 -0.661 

 t-value -1.18 1.72 -2.84 1.83 5.20 -1.20 0.67 -4.40 1.28      -2.50 
Small Stocks Coefficient 0.582 0.278 -0.176 -0.059 0.141 0.023 -0.007 -0.203 0.009 8.89% 226 1,155 -0.454 

  t-value 0.95 2.24 -1.30 -1.86 8.65 0.07 -0.24 -7.14 0.22       -2.04 
 
Asia Pacific, Excluding Japan             

All Stocks Coefficient 0.015 -0.083 -0.044 -0.019 0.111 0.420 0.128 -0.049 -0.055 23.83% 226 3,425 0.039 

 t-value 0.02 -0.75 -0.34 -0.82 6.35 2.75 5.03 -2.22 -1.86      0.20 

Big Stocks Coefficient -0.667 -0.229 -0.017 0.025 0.085 0.105 0.138 0.022 -0.027 25.97% 226 1,900 0.212 

 t-value -0.92 -1.80 -0.13 0.71 4.08 0.64 4.66 1.04 -0.99      0.93 

Small Stocks Coefficient 0.952 0.093 -0.152 -0.170 0.136 0.561 0.114 -0.139 -0.096 25.33% 226 1,525 -0.246 

  t-value 1.37 0.75 -1.03 -4.86 6.96 3.18 4.34 -5.75 -2.76       -1.05 
(Table continued on next page) 
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Sample Statistics Intercept Low_EDF High_EDF ME B/M DM_BM MMT LRet Turnover R2 Months 
Avg.  
Obs. 

High – Low 
EDF Return 

 
Other America, Excluding U.S. and Canada            

All Stocks Coefficient 0.777 0.040 0.016 -0.034 0.055 -0.286 0.115 -0.027 0.031 19.81% 172 166 -0.024 

 t-value 1.11 0.22 0.04 -0.97 1.52 -0.66 2.69 -0.74 0.76       -0.05 

Big Stocks Coefficient 1.654 -0.287 -0.498 -0.054 0.051 -1.150 0.105 -0.074 -0.007 25.57% 172 100 -0.211 

 t-value 1.81 -1.22 -1.34 -0.98 1.61 -1.44 2.23 -2.17 -0.14       -0.48 

Small Stocks Coefficient 0.155 0.630 -0.520 -0.209 0.066 -0.177 0.152 0.033 0.102 27.90% 172 65 -1.150 

  t-value 0.15 1.87 -0.76 -1.61 0.77 -0.22 2.33 0.57 1.47       -1.41 
 
Greater Middle East             

All Stocks Coefficient 2.335 0.360 0.986 -0.085 0.127 0.138 0.111 -0.154 -0.043 29.55% 151 206 0.626 

 t-value 1.65 1.37 3.20 -1.83 3.68 0.47 2.50 -3.81 -0.66       1.34 

Big Stocks Coefficient 2.864 -0.055 -0.276 -0.004 0.107 -0.587 -0.008 -0.160 -0.088 36.45% 151 109 -0.221 

 t-value 1.68 -0.16 -0.73 -0.04 2.43 -1.21 -0.15 -2.74 -1.23       -0.40 

Small Stocks Coefficient 1.762 -0.235 0.826 -0.214 0.147 0.742 0.215 -0.115 -0.005 32.07% 151 97 1.061 

  t-value 1.30 -0.61 1.97 -1.97 1.83 1.46 3.66 -2.34 -0.05       1.59 
 
Africa             

All Stocks Coefficient 0.949 -0.278 0.584 -0.050 0.062 0.168 0.148 -0.097 0.043 12.22% 224 159 0.863 

 t-value 1.28 -1.56 1.50 -1.04 1.89 0.38 3.52 -2.30 1.33       2.08 
Big Stocks Coefficient 0.398 -0.188 0.086 -0.001 0.103 -0.026 0.164 -0.107 0.029 18.22% 224 91 0.274 

 t-value 0.40 -0.85 0.29 -0.02 2.91 -0.04 3.39 -2.21 0.83       0.78 

Small Stocks Coefficient 1.654 -0.462 0.291 -0.251 0.010 -0.082 0.142 -0.045 0.041 17.68% 224 68 0.779 

  t-value 1.65 -1.22 0.48 -2.07 0.19 -0.13 2.70 -0.77 0.72       1.20 
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Table 6: Creditor Rights Index, Individualism Index, and Returns to Long-Short 
Small-Stock Distress Risk Strategy by Country 

Panel A presents the average returns and Fama-French-Carhart four-factor model alphas of 
long/short hedging portfolios that buy high-EDF small stocks and sell low-EDF small stocks for each 
of the 39 countries in our data set.  The procedure is as follows: At the end of each month t, we classify 
all stocks with non-missing EDF into two groups within every country by the market capitalization at 
the end of month.  A country must have at least fifty firms with non-missing EDF and market 
capitalization to be admitted to the analysis in the given month.  Then we rank all small stocks within 
every country (those with market capitalization below the median value for all stocks in that country) 
by EDF, and then form deciles.  We focus on a long-short strategy involving EDF-deciles 10 (long) and 
1 (short) that begins one month after portfolio formation, i.e., at the beginning of month t+2.  For this 
hedging strategy, we report both the average raw monthly value-weighted returns and alphas from a 
Fama-French-Carhart four-factor model where, following Fama and French (2012), we construct 
country-level factors for: 1) the market return in excess of risk free rate (MKTRF), 2) the return 
difference between small stocks and big stocks (SMB), 3) the return difference between value stocks 
and growth stocks (HML), 4) and the return difference between winning stocks and losing stocks as 
classified by their past 6-month cumulative returns (UMD).  Results for various holding periods are 
shown, including one month (t+2), three-month (t+2, t+4), six-month (t+2, t+7), and one year (t+2, 
t+13).  For holding periods greater than one month, we follow the overlapping horizon approach of 
Jegadeesh and Titman (1993).  For each country, we also report the following two country-level 
attributes: 1) Individualism, from Hofstede’s (2001) individualism index, for which a higher value 
indicates a more individualistic culture; and 2) Creditor Rights, corresponding to La Porta, Lopez-de-
Silanes, Shleifer, and Vishny’s (1998) creditor rights index, where zero represents the weakest creditor 
protection, and four the strongest. The creditor right index is constructed as follows. First, a score of 
one is assigned for each of the four aspects concerning the rights of secured creditors in bankruptcy 
procedure if they are imposed: 1) there are restrictions, such as creditor consent or minimum 
dividends, for a debtor to file for reorganization; 2) secured creditors are able to seize their collateral 
after the reorganization petition is approved, i.e. there is no "automatic stay" or "asset freeze”; 3) 
secured creditors are paid first out of the proceeds of liquidating a bankrupt firm, as opposed to other 
creditors such as government or workers; 4) management does not retain administration of its 
property pending the resolution of the reorganization. Second, the four individual scores (0 or 1) are 
aggregated to form the overall creditor rights index. Different components of creditor rights and the 
overall creditor rights index are taken from Djankov, McLiesh and Shleifer (2007).  
The next two panels report the average returns and Fama-French-Carhart four-factor model alphas of 
EDF-based long/short hedging portfolios that formed among small stocks in groups of countries with 
different levels of Creditor Rights index (Panel B) and Individualism index (Panel C) respectively. The 
procedure is as follows. First, all 39 countries in our sample are classified into three groups (low, 
medium and high) based on the index value. The cut-off values for the low and high index groups are 1 
and 3 for Creditor Rights index, and 37 and 71 for Individualism index.  Second, each month, the 
returns of country-level long/short hedging portfolios are averaged across all countries in an index 
group to get the return of long/short hedging portfolios for the index group in that month. Third, we 
compute the time-series average returns and alphas from a Fama-French-Carhart four-factor global 
model where, following Fama and French (2012), we construct country-neutral global factors 
(MKTRF, SMB, HML, and UMD). Finally, we present the results of test on the difference between the 
returns of high and low index groups. 
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Panel A: Returns to Long-Short Distress Risk Strategy by Country 
   Long-Short Distress Risk Portfolio Returns over Different Overlapping Horizons 
     t+2 t+2, t+4 t+2, t+7 t+2, t+13 
Country  Creditor Rights Individualism Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 
Argentina  1 46  Estimate 1.63% 0.95% 2.45% 2.60% 1.98% 2.30% 2.10% 2.59% 
    t‐statistic 1.02 0.51 1.74  1.64 1.51 1.55 1.68 1.88 
Australia  3 90  Estimate 1.01%  ‐0.68% 1.00%  ‐0.73% ‐0.74% ‐0.63% ‐0.30% ‐0.14% 
    t‐statistic 2.14 1.35 2.20 1.52 1.70 1.36 0.73 0.33 
Austria  3 55  Estimate ‐0.81% ‐0.80% ‐1.25% ‐0.95% ‐0.27% ‐0.15% 0.98% 0.69% 
    t‐statistic 0.57 0.53 1.07 0.76 0.26 0.13 0.83 0.55 
Belgium  2 75  Estimate ‐0.95% ‐1.05% ‐0.86% ‐0.85% ‐0.80% ‐0.67% ‐0.84% ‐0.68% 
    t‐statistic 1.50 1.70 1.49 1.49 1.55 1.32 1.78 1.44 
Brazil  1 38  Estimate 1.37% ‐0.57% 0.56% ‐0.63% 0.23% ‐0.51% 0.56% 0.00% 
      t‐statistic  0.58  0.30  0.27  0.34  0.12  0.29  0.35  0.00 
Canada  1 80  Estimate ‐0.63% ‐0.22% ‐0.08% 0.32% ‐0.19% 0.10% ‐0.20% ‐0.21% 
    t‐statistic 0.82 0.27 0.14 0.53 0.35 0.17 0.41 0.43 
Chile  2 23  Estimate ‐0.92% ‐0.96% ‐1.21% ‐1.19% ‐0.95% ‐1.13% ‐0.16% ‐0.56% 
    t‐statistic 1.26 1.25 1.66 1.54 1.32 1.46 0.22 0.71 
China  2 20  Estimate ‐0.20% ‐0.45% ‐0.10% ‐0.36% ‐0.13% ‐0.37% ‐0.12% ‐0.27% 
    t‐statistic 0.52 1.36 0.26 1.18 0.39 1.31 0.38 1.08 
Denmark  3 74  Estimate ‐0.43% 0.37% ‐0.20% 0.33% ‐0.44% 0.24% ‐0.15% 0.41% 
    t‐statistic 0.54 0.48 0.28 0.47 0.62 0.32 0.22 0.57 
Finland  1 63  Estimate 2.25%  2.27%  2.04%  2.17%  2.23%  2.30%  2.35%  2.41% 
    t‐statistic 3.05 3.18 2.94 3.25 3.70 3.95 4.36 4.59 
France  0 71  Estimate 1.36%  1.27%  1.20%  1.14%  1.19%  1.16%  1.05%  1.03% 
    t‐statistic 2.95 3.39 2.83 3.40 2.91 3.58 2.78 3.44 
Germany  3 67  Estimate 1.49%  1.13%  1.50%  1.27%  1.30%  1.19%  0.95%  0.92% 
    t‐statistic 2.98 2.28 3.32 2.85 3.04 2.85 2.39 2.32 
Greece  1 35  Estimate ‐0.88% ‐0.73% ‐0.68% ‐0.41% ‐0.37% ‐0.21% ‐0.10% ‐0.16% 
    t‐statistic 1.12 0.98 0.92 0.60 0.49 0.32 0.14 0.25 
Hong Kong  4 25  Estimate 1.31% 1.27% 0.71% 0.78% 0.51% 0.68% 0.86% 1.08% 
    t‐statistic 1.67 1.83 1.07  1.30 0.80 1.21 1.36 1.97 
India  2 48  Estimate 0.31% ‐0.28% ‐0.22% ‐0.47% ‐0.25% ‐0.39% ‐0.26% ‐0.35% 
    t‐statistic 0.44 0.45 0.34 0.83 0.39 0.71 0.41 0.69 
Indonesia  2 14  Estimate 2.25% 2.54%  2.19%  2.39%  1.32% 1.42% 1.42% 1.29% 
    t‐statistic 1.81 2.06 2.15 2.47 1.46 1.63 1.31 1.36 

(Table continued on next page) 
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   Long-Short Distress Risk Portfolio Returns over Different Overlapping Horizons 
     t+2 t+2, t+4 t+2, t+7 t+2, t+13 
Country  Creditor Rights Individualism Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 
Israel  3 54  Estimate 0.51% 0.43% ‐0.40% ‐0.72% ‐0.69% ‐1.00% ‐0.12% ‐0.67% 
    t‐statistic 0.43 0.39 0.35 0.65 0.61 0.93 0.11 0.66 
Italy 2 76 Estimate -1.18% -1.09% -0.88% -0.83% -0.72% -0.76% -0.70% -0.86% 
   t-statistic -2.32 -2.41 -1.78 -1.90 -1.54 -1.85 -1.53 -2.13 
Japan 2 46 Estimate -0.09% -0.19% -0.09% -0.23% -0.06% -0.23% -0.11% -0.28% 
   t-statistic -0.26 -0.88 -0.25 -1.06 -0.17 -1.06 -0.31 -1.32 
Malaysia 3 26 Estimate -0.28% -0.36% -0.24% -0.24% -0.39% -0.37% -0.38% -0.37% 
   t-statistic -0.49 -0.82 -0.44 -0.58 -0.77 -0.92 -0.83 -1.00 
Mexico 0 30 Estimate 0.45% -0.28% 0.95% 0.17% 0.91% 0.20% 2.06% 1.20% 
   t-statistic 0.33 -0.20 0.76 0.13 0.64 0.13 1.06 0.58 
Netherlands 3 80 Estimate -1.55% -1.74% -1.29% -1.48% -1.20% -1.40% -0.50% -0.76% 
   t-statistic -2.29 -2.64 -1.99 -2.33 -1.90 -2.27 -0.89 -1.36 
New Zealand 4 79 Estimate -1.23% -0.70% -1.61% -1.23% -1.50% -1.25% -0.77% -0.83% 
   t-statistic -1.13 -0.63 -1.85 -1.35 -1.75 -1.40 -0.85 -0.89 
Norway 2 69 Estimate -0.44% -0.80% -0.63% -0.92% -0.13% -0.42% -0.28% -0.70% 
   t-statistic -0.41 -0.76 -0.71 -1.05 -0.17 -0.56 -0.40 -1.02 
Pakistan 1 14 Estimate -0.21% -0.48% 0.13% 0.17% 0.26% 0.22% 0.99% 0.88% 
   t-statistic -0.16 -0.36 0.11 0.13 0.22 0.18 0.87 0.76 
Philippines 1 32 Estimate 1.14% 0.58% 1.43% 0.66% 0.38% -0.27% 0.58% 0.02% 
   t-statistic 0.89 0.53 1.21 0.65 0.34 -0.29 0.55 0.03 
Poland 1 60 Estimate -1.28% -0.35% -0.78% 0.02% -0.83% -0.21% 0.10% 0.65% 
   t-statistic -1.00 -0.27 -0.62 0.01 -0.70 -0.18 0.09 0.63 
Portugal 1 27 Estimate 3.07% 0.56% 0.71% -1.96% 0.86% -1.66%   
   t-statistic 1.33 0.20 0.33 -0.86 0.41 -0.67   
Singapore 3 20 Estimate -0.31% -0.36% -0.23% -0.27% -0.27% -0.34% -0.13% -0.06% 
   t-statistic -0.49 -0.74 -0.36 -0.57 -0.42 -0.72 -0.21 -0.13 
South Africa 3 65 Estimate 0.51% 0.79% 0.56% 0.86% 0.68% 0.94% 0.01% 0.13% 
    t-statistic 0.75 1.11 0.88 1.32 1.11 1.46 0.02 0.22 
South Korea 3 18 Estimate -0.31% -0.24% -0.14% -0.01% -0.22% -0.17% -0.34% -0.30% 
   t-statistic -0.58 -0.52 -0.29 -0.02 -0.45 -0.40 -0.62 -0.63 
Spain 2 51 Estimate -0.13% 0.02% -0.30% -0.23% -0.10% -0.10% 0.10% -0.02% 
   t-statistic -0.20 0.03 -0.53 -0.46 -0.19 -0.20 0.20 -0.05 
Sweden 1 71 Estimate -1.05% -0.66% -1.06% -0.41% -1.02% -0.30% -1.01% -0.47% 
   t-statistic -1.42 -0.94 -1.68 -0.75 -1.70 -0.57 -1.99 -0.99 

(Table continued on next page) 
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   Long-Short Distress Risk Portfolio Returns over Different Overlapping Horizons 
     t+2 t+2, t+4 t+2, t+7 t+2, t+13 
Country  Creditor Rights Individualism Statistics Return FF4-α Return FF4-α Return FF4-α Return FF4-α 
Switzerland 1 68 Estimate -0.22% -0.15% -0.19% -0.17% -0.12% -0.04% 0.10% 0.21% 
   t-statistic -0.43 -0.30 -0.39 -0.36 -0.25 -0.09 0.22 0.51 
Taiwan 2 17 Estimate -0.20% -0.47% -0.39% -0.73% -0.37% -0.69% -0.29% -0.49% 
   t-statistic -0.33 -1.12 -0.69 -1.88 -0.71 -1.90 -0.56 -1.27 
Thailand 2 20 Estimate -0.60% -0.01% -0.99% -0.59% 0.14% 0.32% 0.41% 0.59% 
   t-statistic -0.80 -0.03 -1.37 -1.17 0.13 0.47 0.41 0.89 
Turkey 2 37 Estimate 0.15% -0.11% 0.32% -0.22% 0.50% -0.02% 0.80% 0.48% 
   t-statistic 0.17 -0.12 0.39 -0.26 0.63 -0.02 1.12 0.67 
United 
Kingdom 4 89 Estimate -1.21% -1.09% -1.20% -1.08% -0.95% -0.92% -0.85% -0.79% 
    t-statistic -2.90 -3.41 -3.08 -3.64 -2.60 -3.27 -2.54 -3.04 
United States 1 91 Estimate -0.38% -0.69% -0.23% -0.52% -0.16% -0.46% -0.07% -0.35% 
   t-statistic -1.08 -3.09 -0.64 -2.40 -0.45 -2.31 -0.21 -1.67 
 
Panel B: Return Differences of Long-Short Distress Risk Strategy by Groups of Countries with Different Levels of Creditor Rights Index 
 Long-Short Distress Risk Portfolio Returns Difference over Different Overlapping Horizons 
   t+2 t+2, t+4 t+2, t+7 t+2, t+13 
 Statistics Return FF4-α Return FF4-α Statistics Return FF4-α Return 
High Creditor Rights Country - Low Creditor Rights 
Country L/S Portfolio Returns  

Estimate -0.01% 0.18% -0.17% -0.09% -0.09% -0.01% 0.02% 0.06% 
t-statistic -0.03 0.51 -0.55 -0.29 -0.29 -0.03 0.05 0.18 

 
Panel C: Return Differences of Long-Short Distress Risk Strategy by Groups of Countries with Different Levels of Individualism Index 
 Long-Short Distress Risk Portfolio Returns Difference over Different Overlapping Horizons 
   t+2 t+2, t+4 t+2, t+7 t+2, t+13 
 Statistics Return FF4-α Return FF4-α Statistics Return FF4-α Return 
High Individualism Country - Low Individualism 
Country L/S Portfolio Returns  

Estimate -0.99% -0.74% -0.84% -0.73% -0.68% -0.58% -0.75% -0.72% 
t-statistic -2.61 -1.89 -2.46 -2.06 -2.11 -1.72 -2.39 -2.16 
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Table 7: Cross-sectional Regression of EDF-sorted Small-stock Portfolio 
Returns on Country Attributes   

This table presents the regressions of EDF-sorted small-stock portfolio returns, denominated in U.S. 
dollar, on country-level variables. The dependent variable is the one-month return spreads between 
high-EDF and low-EDF portfolios, skipping one month after portfolio formation, among the sample of 
small stocks (those with market capitalization below the median value for all stocks in that country). 
The key independent variables are: 1) CR1, a dummy variable equal one if there are restrictions, such 
as creditor consent or minimum dividends, for a debtor to file for reorganization, 2) CR2, a dummy 
variable equal one if secured creditors are able to seize their collateral after the reorganization petition 
is approved, i.e. there is no "automatic stay" or "asset freeze”, 3) CR3, a dummy variable equal one if f 
secured creditors are paid first out of the proceeds of liquidating a bankrupt firm, as opposed to other 
creditors such as government or workers, 4) CR4, a dummy variable equal one if management does 
not retain administration of its property pending the resolution of the reorganization, 5) Creditor 
Rights, which aggregates CR1 to CR4, and corresponds to creditor rights index in La Porta, Lopez-de-
Silanes, Shleifer, and Vishny (1998), 6) Individualism, from Hofstede’s (2001) individualism index.  
GDP Growth Rate is the quarterly domestic gross product growth rate.  Developed Market is a 
dummy variable taking value of one for developed economies as defined by International Monetary 
Fund, and zero otherwise. MKTRF is the U.S. dollar denominated market index returns in excess of 
U.S. Treasury rate. SMB, HML and UMD are the monthly U.S. dollar denominated country level 
small-minus-big, high-minus-low, and winner-minus-loser style portfolio returns, following the 
construction in Fama and French (2012). Average EDF is the time-series average value of the monthly 
mean values of EDF in a country. Panel A presents the results of the cross-sectional regression of the 
average returns of EDF-sorted portfolios on country attributes. Panel B presents the results of the 
cross-sectional regression of the factor-model adjusted returns of EDF-sorted portfolios on country 
attributes. T-statistics (indicated below in italics) are calculated based on Heteroskedasticity-
consistent standard errors.  
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Panel A: Average Returns on EDF-sorted Portfolios and Country Characteristics  
  Dependent Variables: L/S Portfolio Average Returns (in %) 
Independent Variable (1) (2) (3) (4) (5) (6) (7) (8) 
CR1 -0.145     -0.138   
 -0.44     -0.40   
CR2  -0.285    -0.179   
  -0.84    -0.50   
CR3   0.164   0.200   
   0.42   0.49   
CR4    -0.314  -0.285   
    -0.90  -0.72   
Creditor Rights     -0.141   0.063 
     -0.77   0.42 
Individualism       -0.023 -0.031 
       -3.83 -2.58 
GDP Growth Rate        -0.287 
        -2.50 
Developed Market        0.062 
        0.13 
Average EDF        0.261 
        0.81 
Constant -0.184 -0.111 -0.358 -0.075 0.053 -0.133 0.933 1.692 
 -0.78 -0.44 -1.08 -0.28 0.12 -0.29 2.30 1.85 
Adjusted R-squared -2.30% -1.00% -2.30% -0.50% -0.80% -7.50% 24.80% 32.80% 
Observations 39 39 39 39 39 39 39 39 
 
Panel B: Factor-Model Adjusted Returns on EDF-sorted Portfolios and Country 
Characteristics 
  Dependent Variables: L/S Portfolio Factor-Model Adjusted Returns (in %) 
Independent Variable (1) (2) (3) (4) (5) (6) (7) (8) 
CR1 -0.053     0.032   
 -0.20     0.12   
CR2  -0.153    -0.274   
  -0.58    -0.95   
CR3   0.281   0.250   
   1.23   0.98   
CR4    0.256  0.326   
    0.93  1.05   
Creditor Rights     0.057   0.218 
     0.44   1.85 
Individualism       -0.015 -0.016 
       3.00 -2.67 
GDP Growth Rate        -0.170 
        -2.13 
Developed Market        -0.003 
        -0.01 
Average EDF        0.499 
        1.65 
Constant -0.309 -0.263 -0.549 -0.450 -0.440 -0.580 0.432 0.075 
 -1.76 -1.34 -3.52 -2.92 -1.55 -2.25 1.29 0.14 
Adjusted R-squared -2.60% -1.90% -0.80% -0.30% -2.20% -5.00% 16.80% 31.10% 
Observations 39 39 39 39 39 39 39 39 
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Table 8: Time-Series Cross-sectional Regression of Monthly Stock Returns on EDF 
and Country Attributes   

This table presents the results of time-series cross-sectional regressions of monthly stock returns on EDF 
and its interactions with selected country attributes, controlling for other firm characteristics.  We 
estimate the following regression:   

 

where Ri,c,t is the month t stock return of firm i from country c, denominated in U.S. dollars.  
High_EDFi,c,t-2 and Low_EDFi,c,t-2 are dummy variables indicating firm i's presence in EDF decile 10 and 
1, respectively, within country c as of month t-2. High_CRI is a dummy variable which takes a value of 
one if a country’s creditor rights index in La Porta, Lopez-de-Silanes, Shleifer, and Vishny (1998) is above 
the median value for all countries in our sample, and zero otherwise. High_INDV is a dummy variable 
which equals to one if a country’s Hofstede’s (2001) individualism index is above the median value for all 
countries in our sample, and zero otherwise. Controls include firm i's: market capitalization (ME) at the 
end of month t-1; 2) book-to-market equity ratio (B/M) in month t-1, calculated as the ratio of book equity 
of the fiscal year ending at least 5 months before month t-1 to the market capitalization at end of month t-
1; 3) past 6-month stock return in U.S. dollars (MMT) from month t-7 to t-2; 4) past 1-month stock return 
in U.S. dollars (LRet) in month t-1; 5) share turnover (Turnover) in month t-1, calculated as the number 
of shares traded divided by the number of shares outstanding in month t-1.  To preserve consistency with 
the above covariates, all control variables enter as decile rankings (i.e., 1 for the bottom decile, 10 for the 
highest decile, etc.) within each country and month.  For book-to-market, we follow McLean et al. (2009), 
and assign stocks with zero, negative, or missing values a rank of zero.  In addition, we add another 
dummy variable (DM_BM) that indicates a zero, negative, or missing value.  Country and month fixed 
effects are also included in the regression.  In addition to regression coefficients, we also report in the 
bottom rows of the table the implied return spreads between EDF deciles 10 and 1 based on the estimated 
coefficients.  All t-statistics (indicated below in italics) are calculated based on standard errors with 
country clustering.  As before, we report the results of the regressions on three samples - all stocks, large 
stocks, and small stocks, the latter two defined as being above or below the median market capitalization 
for each country in every month. 
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 All Stocks Small Stocks Large Stocks 
Independent Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) 
High_EDF  -0.272 -0.023 0.282 -0.418 -0.106 0.303 -0.250 -0.082 -0.071 
 -4.12 -0.21 1.94 -4.79 -1.12 1.71 -3.80 -0.62 -0.29 
Low_EDF 0.066 0.008 0.045 0.270 0.134 0.187 -0.031 -0.055 -0.007 
 2.31 0.07 0.31 2.80 1.81 1.35 -0.77 -0.52 -0.04 
High_EDF* High_CRI 0.031  -0.316 0.022  -0.434 0.079  -0.033 
 0.27  -2.96 0.13  -2.78 0.72  -0.16 
Low_EDF* High_CRI -0.038  -0.028 -0.109  -0.051 -0.026  -0.046 
 -0.42  -0.25 -1.20  -0.50 -0.33  -0.33 
High_EDF* High_INDV  -0.377 -0.568  -0.490 -0.734  -0.193 -0.197 
  -3.12 -4.80  -3.08 -4.68  -1.48 -0.88 
Low_EDF* High_INDV  0.052 0.026  0.109 0.082  -0.001 -0.028 
  0.43 0.18  1.35 0.87  -0.01 -0.16 
ME 0.014 0.011 0.012 -0.090 -0.092 -0.096 -0.002 -0.001 -0.002 
 1.18 0.97 1.03 -3.22 -3.18 -3.29 -0.09 -0.06 -0.08 
B/M 0.133 0.132 0.133 0.163 0.163 0.165 0.109 0.108 0.109 
 13.47 12.84 12.95 15.68 15.40 15.59 10.55 9.83 10.04 
DM_BM 0.225 0.238 0.262 0.600 0.619 0.667 -0.151 -0.153 -0.139 
 1.32 1.38 1.55 2.99 3.03 3.44 -1.08 -1.08 -0.92 
MMT 0.130 0.131 0.131 0.148 0.150 0.149 0.113 0.114 0.114 
 5.82 5.80 5.64 5.06 4.93 4.82 5.59 5.65 5.49 
LRet -0.049 -0.051 -0.052 -0.082 -0.088 -0.088 -0.017 -0.016 -0.017 
 -3.29 -3.40 -3.41 -3.51 -3.74 -3.67 -1.01 -0.87 -0.94 
Turnover 0.029 0.030 0.032 0.020 0.022 0.025 0.033 0.032 0.035 
 1.68 1.73 1.88 0.69 0.77 0.89 2.70 2.64 2.87 
Country fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 
R-squared 12.89% 12.88% 12.71% 11.09% 11.15% 10.95% 15.08% 15.02% 14.89% 
Observations 3,127,036 3,085,924 3,011,083 1,297,954 1,280,833 1,244,775 1,829,082 1,805,091 1,766,308 

 (Table continued on next page) 
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 All Stocks Small Stocks Large Stocks 
Independent Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) 
 
High – Low EDF return          
High creditor rights index 
countries 

-0.269   -0.557   -0.114   
-2.41   -3.94   -0.68   

Low creditor rights index 
countries 

-0.337   -0.688   -0.219   
-4.39   -4.27   -2.19   

Difference between high and low 
creditor rights index countries 

0.069  -0.288 0.132  -0.383   0.012 
0.47  -1.54 0.63  -1.88 0.105  0.04 

High individualism index 
countries 

 -0.460   -0.838  0.62 -0.219  
 -5.74   -4.50   -1.80  

Low individualism index 
countries 

 -0.031   -0.240   -0.027  
 -0.14   -1.59   -0.12  

Difference between high and low 
individualism index countries 

 -0.429 -0.593  -0.599 -0.816  -0.192 -0.169 
 -2.00 -2.50  -3.02 -4.14  -0.84 -0.46 
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Table 9: Time-Series Cross-sectional Regression of Monthly Stock Returns on 
EDF and Market States   

This table presents the results of time-series cross-sectional regressions of monthly stock returns on 
EDF and its interactions with a market state indicator, controlling other firm, country, and time 
characteristics.  We run the following regression: 
   

 

where Ri,c,t is the month t stock return of firm i in country c, denominated in U.S. dollars. 
High_EDFi,c,t-2 and Low_EDFi,c,t-2 are dummy variables indicating firm i's presence in EDF decile 10 
and 1, respectively, within country c in month t-2. UPMKTc,t-2 is a dummy variable which equals one if 
a country’s past 12-month cumulative return up to month t-2 is both positive and above the median 
value for all months in our sample for that country, and zero otherwise. High_Turnoveri,c,t-2 is a 
dummy variable which equals one if firm i's share turnover is above the median value for all stocks 
within its country in month t-2, and zero otherwise. Controls include firm i's: market capitalization 
(ME) at the end of month t-1; 2) book-to-market equity ratio (B/M) in month t-1, calculated as the 
ratio of book equity of the fiscal year ending at least 5 months before month t-1 to the market 
capitalization at end of month t-1; 3) past 6-month stock return in U.S. dollars (MMT) from month t-7 
to t-2; 4) past 1-month stock return in U.S. dollars (LRet) in month t-1; 5) share turnover (Turnover) 
in month t-1, calculated as the number of shares traded divided by the number of shares outstanding 
in month t-1.  To preserve consistency with the above covariates, all control variables enter as decile 
rankings (i.e., 1 for the bottom decile, 10 for the highest decile, etc.) within each country and month.  
For book-to-market, we follow McLean et al. (2009), and assign stocks with zero, negative, or missing 
values a rank of zero.  In addition, we add another dummy variable (DM_BM) that indicates a zero, 
negative, or missing value.  Country and month fixed effects are also included in the regression.  In 
addition to regression coefficients, we also report in the bottom rows of the table the implied return 
spreads between EDF deciles 10 and 1 based on the estimated coefficients.  All t-statistics (indicated 
below in italics) are calculated based on standard errors with country clustering.   
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 Model 
Independent Variable (1) (2) (3) 
High_EDF  -0.117 -0.069 0.036 
 -1.80 -1.06 0.39 
Low_EDF -0.084 -0.136 -0.224 
 -1.67 -2.66 -4.62 
High_EDF* UPMKT -0.295 0.043 -0.062 
 -2.96 0.50 -0.59 
Low_EDF* UPMKT 0.270 0.193 0.281 
 5.79 3.35 4.45 
High_EDF* UPMKT*High_Turnover  -0.680 -0.476 
  -7.94 -2.34 
Low_EDF* UPMKT*High_Turnover  0.127 -0.061 
  1.52 -0.95 
High_EDF* High_Turnover   -0.205 
   -1.33 
Low_EDF* High_Turnover   0.189 
   2.40 
UPMKT 0.416 0.522 0.522 
 2.28 2.55 2.49 
UPMKT*High_Turnover  -0.204 -0.204 
  -2.20 -2.07 
High_Turnover  -0.033 -0.032 
  -0.67 -0.68 
ME 0.012 0.026 0.026 
 1.08 2.38 2.39 
B/M 0.131 0.123 0.123 
 13.57 12.17 12.12 
DM_BM 0.227 0.184 0.185 
 1.39 1.10 1.11 
MMT 0.131 0.132 0.132 
 6.01 6.00 5.98 
LRet -0.049 -0.049 -0.049 
 -3.30 -3.33 -3.33 
Turnover 0.026   
 1.54   
Country fixed effects Yes Yes Yes 
Month fixed effects Yes Yes Yes 
R-squared 13.06% 13.06% 13.06% 
Observations 3,202,519 3,202,038 3,202,038 
 
High - Low EDF return    

UP markets 
-0.598   
-6.26   

UP markets, high turnover stocks  -0.890 -0.891 
 -6.62 -6.63 

UP markets, low turnover stocks  -0.083 -0.083 
 -1.18 -1.19 

DOWN markets  -0.033 0.067  
-0.40 0.81  

DOWN markets, high turnover stocks   -0.133 
  -0.89 

DOWN markets, low turnover stocks   0.260 
  3.30 
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Figure 1: Time-Series of the Average Expected Default Frequency (EDF) Values 
across the Globe and within Different Regions 

The figures plot the time series of the monthly average (mean and/or median) Expected Default 
Frequency (EDF, in percentage) for all firms across the globe (including or excluding the U.S. stocks) 
and within different regions respectively.  

Panel A: Time-Series of the Average Expected Default Frequency (EDF) Values across 
the Globe (including the U.S.)  

 
 
Panel B: Time-Series of the Average Expected Default Frequency (EDF) Values across 
the Globe (excluding the U.S.) 
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Panel C: Time-Series of the Average (Mean) Expected Default Frequency (EDF) Values 
in Europe, North America and Japan  

 
 
Panel D: Time-Series of the Average (Mean) Expected Default Frequency (EDF) Values 
in Asia-Pacific (ex. Japan), Other America (ex. the U.S. and Canada), Greater Middle 
East and Africa 
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Figure 2: Factor-adjusted Returns on EDF-sorted Portfolios of Global Stocks 

This figure plots the Fama-French-Carhart four-factor model alphas of EDF-sorted decile portfolios of 
all stocks in our sample.  First, the EDF-sorted decile portfolios are formed as follows: 1) at the end of 
each month t, we sort all stocks within each country into deciles by EDF, where decile-10 is for stocks 
with the highest 10% EDF values and decile-1 is for stocks with the lowest 10% EDF values; 2) we then 
aggregate firms across all countries within each EDF decile to form global EDF decile portfolios. A 
country must have at least fifty firms with non-missing observations to be admitted to the analysis in 
the given month. Second, we calculate the value-weighted returns of EDF-decile portfolios in the 
month t+2, skipping the month immediately following the portfolio formation month. Finally, we 
calculate the alphas of portfolios from a Fama-French-Carhart four-factor model where, following 
Fama and French (2012), we construct country-neutral global factors. We perform our analysis for 
three size groups: 1) all stocks, 2) big stocks (those above the median market capitalization for all 
stocks in that country) and 3) small stocks (below the median). We plot the alphas for both the sample 
including the U.S. stocks and that excluding the U.S. stocks. 

Panel A: Alphas of EDF-sorted decile portfolios of global stocks, including the U.S. 
stocks 

 
 
Panel B: Alphas of EDF-sorted decile portfolios of global stocks, excluding the U.S. 
stocks 
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Figure 3: The Average Returns and Factor-adjusted Alphas of Country-level 
Long/Short Small-stock Portfolios and Country Characteristics 

This figure plots the average returns and factor-adjusted alphas of country-level long/short portfolios, 
formed among small stocks (those below the median market capitalization for all stocks in that 
country), against country characteristics. First, at the end of each month t, we sort all stocks within 
each country into deciles by EDF, where decile-10 is for stocks with the highest 10% EDF values and 
decile-1 is for stocks with the lowest 10% EDF values. A country must have at least fifty firms with 
non-missing observations to be admitted to the analysis in the given month. Second, we calculate the 
value-weighted returns of EDF-decile portfolios in the month t+2, skipping the month immediately 
following the portfolio formation month. The monthly long/short portfolio returns are calculated as 
the difference between returns of decile-10 portfolio and decile-1 portfolio. Finally, we calculate the 
alphas of portfolios from a Fama-French-Carhart four-factor model. We consider the following 
country characteristics: 1) Individualism, from Hofstede’s (2001) individualism index, 2) Creditor 
Rights, corresponding to La Porta, Lopez-de-Silanes, Shleifer, and Vishny’s (1998) creditor rights 
index, where zero represents the weakest creditor protection, and four the strongest. 
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Appendix A: Factor Models and Construction of Factors 

Following Fama and French (2012), we specify a world version of the Fama-French and 

Carhart four-factor model (W-FF4) as a linear factor model with four world factors 

MKTRFW, SMBW, HMLW, and UMDW. The test assets are monthly excess returns of EDF-

sorted portfolios of all stock across all countries in our sample (including or excluding the 

U.S.). Both the test asset returns and W-FF4 factors are denominated in U.S. dollars.  

We follow the approach in Fama and French (2012) to form global factors while 

maintaining country-neutrality in factor construction. At the end of June of each year t, we 

perform a 2×3 sort within each country based on size and book-to-market.  We use the 

market capitalization at the end of June for size classification, and the ratio of book equity at 

the end of the fiscal year ending in year t-1 to the market capitalization at the end of year t-1 

for market-to-book construction.  Stocks are classified as large versus small based on the rule 

that large stocks cumulatively account for 90% of the total market capitalization of all stocks 

in a country.26 The cut-off values for low and high book-to-market groupings are the 30th and 

70th percentile values of book-to-market within the large stocks in a country. The use of 

book-to-market breakpoints among large stocks follows Fama and French (1993, 2011), and 

is intended to mitigate the influence of micro-cap stocks.  

We apply these size and book-to-market classification schemes for the period July in year 

t through June in year t+1. The intersection of size and book-to-market sorts produces 6 

groups: SH for small/high book-to-market stocks, SM for small/medium book-to-market 

stocks, SL for small/low book-to-market stocks, BH for big/high book-to-market stocks, BM 

for big/medium book-to-market stocks, and BL for big/low book-to-market stocks. Similarly, 

in each month t, we conduct a 2×3 sort within each country based on size and past 6-month 

returns over months t-7 through t-2.  Cut-off values for losers and winners are the 30th 

percentile and 70th percentile values of the past returns within large stocks in a country. Six 

intersecting portfolios are formed based on the independent sorts on size and past return: 

SU for small/past winning stocks, SN for small/past neutral stocks, SD for small/past losing 
                                                        
26 The common approach to construct the size factor (small minus big) for the U.S. market is to 
classify stocks based on the NYSE median market capitalization. For North America (the U.S. and 
Canada), the cut-off value for 90% of total market capitalization roughly corresponds to the NYSE 
median market capitalization (Fama and French, 2011). 
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stocks, BU for big/past winning stocks, BN for big/past neutral stocks, and BD for big/past 

losing stocks.  

Monthly factor returns are constructed in a standard way.  The market factor, MKTRF, is 

the difference between the value-weighted market return and the return on 1-month U.S. 

Treasury bill. The size factor, SMB, equals (SH+SM+SL)/3 - (BH+BM+BL)/3. The value 

factor, HML, equals (SH + BH)/2 - (SL+BL)/2.  The momentum factor, UMD, equals to (SU 

+ BU)/2 - (SD+BD)/2.27 The returns of all style portfolios are value-weighted. 

Similarly, when we specify a regional or country-level Fama-French and Carhart four-

factor model (R-FF4 or C-FF4) as a linear factor model with four regional or country factors, 

the construction of factors and specification of the factor model are analogous to the world 

version of Fama-French and Carhart four-factor model.  

  

                                                        
27 Our factor construction methodology differs slightly from that in Fama and French (2012). Fama 
and French (2012) do a size sort across all stocks from all countries in their sample, while use the 
regional breakpoints for book-to-market equity ratio and the past return to mitigate any effect of 
accounting rule differences.  We maintain the country neutrality in the portfolio classifications to 
avoid the dominance of one relatively large country in the portfolio composition. Domination by one 
country should be less of a concern in Fama and French (2012) since they focus on a smaller set of big 
developed markets.  
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Appendix B: A Simple Model of Distress Risk 

Consider the following simple 2-period model of a firm’s unlevered asset value.  At t=0 

(today), this is value is normalized to one, and in each period, evolves as follows: 

 

 where gross asset return X>1.  Denote the probability that the asset increases in value as p, 

and assume that this applies to any node of the tree.  Also, for simplicity, assume a risk-free 

rate of zero. 

We will focus our analysis on any differences in expected returns between the top node 

(asset value equal to X) and bottom node (asset value equal to ) at t=1.  In the benchmark 

case of no debt, it is trivial that the expected return at either node is 
. 

However, 

because our main interest is how expected returns change as a firm’s leverage, and therefore 

chance of declaring bankruptcy, changes, debt is an essential feature of the analysis.  So, to 

the tree above, we add a two-period, zero-coupon bond with face value F, where 
. 

This condition ensures that the firm cannot satisfy its debt obligations in the bottom-most 

branch at t=2 (asset value equal to ), and thus, will be forced into liquidation should this 

occur. In the other two states at t=2, bankruptcy will not occur. 
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i. Case 1: Expected returns when absolute priority is respected 

We wish to characterize the expected returns for both nodes at t=1.  As a benchmark, we 

first consider the case when the absolute priority rule is respected in bankruptcy.  In this 

case, equity payoffs are zero unless creditors have been made completely whole.  Focusing 

first on the upper node at t=1, we begin by pricing the equity. Denoting the risk-neutral 

probability of an increase in asset value as q, the equity value at the top node, V 
top, is  

.  
(B.1) 

This has a simple and intuitive interpretation.  The quantity 1-F is certain, given that the debt 

is riskless (F<1) even in the event that the asset value declines to 1.  The final term captures 

the risk-neutral expectation of the additional cash flow that accrues to equity holders if the 

asset value increases to X2.  Given this, the net expected return on equity at the top node, 

E(r) 
top, is 

.   
(B.2) 

For any asset with a beta, p>q, the expected return will exceed the risk free rate of zero, 

reflecting the return to systematic risk.28   

The same calculations for the bottom node of t=1 are similarly straightforward.  At t=2, 

the payoff to equity holders is 1-F in the middle node, and zero in the bottom node , so that 

the equity value in the bottom node of t=1, V 
bottom, is  

,  
(B.3) 

and the expected return in the bottom node of t=1, E(r) 
bottom, is  

.   
(B.4) 

The relevant comparison is between Equations (2) and (4), where inspection 

immediately reveals that 
, 

provided that p>q.  This is the textbook leverage 

effect, whereby financial risk amplifies the systematic risk in the firm’s unlevered asset 

dynamics.   

                                                        

28 It is readily shown that 
. 

However, because we can make the desired relative 

comparisons without explicitly solving for equity values and returns, we abbreviate notation 
accordingly.    
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ii. Case 2: Expected returns when absolute priority is violated 

To this benchmark case, we now allow for equity holders to expropriate bondholders in 

bankruptcy.  Denote as  the fraction of the bankrupt firm equity holders can secure for 

themselves.  Relative to Case 1 (APR respected), only the bottom node is affected.  Now, the 

equity value in the bottom state at t=1 becomes 

,  
(B.5) 

and the net expected return on equity 

.   
(B.6) 

 Proposition 1.  There exists a critical value, ,  above which the expected 

return on equity in the bottom node is lower than the expected return on equity in the top 

node.  In this case, expected equity returns are inversely related to leverage and 

bankruptcy risk.   

Note also that Proposition 1 subsumes Case 1, given that if APR is respected then . 

The key empirical implication is that equity returns can decline with failure risk, 

consistent with existing empirical evidence.  The intuition is that ordinarily, leverage spreads 

out the proportional payoffs in the down state, amplifying the systematic risk in the firm’s 

unlevered assets.  However, APR violations counteract this effect, and reduce the 

proportional variance in the payoffs to equity holders. 
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