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IDIOSYNCRATIC RISK, FINANCIAL DISTRESS AND THE CROS
SECTION OF STOCK RETURNS

PURPOSE OF THE STUDY

This study examines the asset pricing impact ajsighcratic risk and financial distress on
cross sectional stock returns. Specifically, | stigate whether financial distress can explain
the correlation between conditional idiosyncratiolatility and return and vice versa.
Idiosyncratic volatility is defined as standard @¢eon of the firm return that cannot be
explained by the Fama French (1993) three factataihd his study is the first to investigate
the interaction between idiosyncratic risk and ticial distress by employing generalized
autoregressive conditional heteroskedasticity GARGtbdels to measure conditional
idiosyncratic volatility and in addition to unpusitied working paper by Song (2008), first to
employ Campbell et al. (2008) measure of finandistress using both market and accounting
variables.

DATA

This study targets all common shares that are drad®&YSE, AMEX and NASDAQ during
the period between 1971 and 2008. The market datatained from Center for Research in
Security Prices (CRSP) and the accounting data fEG@PUSTAT database. The sample
consists of 18 795 unique stocks.

RESULTS

The results indicate a positive relation betweeaosighcratic risk and expected stock returns,
which like many other anomalies is mainly driven sialler stocks. The relation between
distress risk and expected stock returns is foarigetnegative.

| find that both idiosyncratic volatility and finaral distress maintain their explanatory power
when both variables are included in the cross-seali regression. In the multivariate
independent sort, the positive relation betweensighcratic volatility and stock returns is
shown to be conditional on low distress risk. Aipws relation is found in low distress risk
quintiles but in high distress risk quintiles tligosyncratic volatility spread is insignificant.
The negative effect of distress risk persists aftartrolling for idiosyncratic volatility across
idiosyncratic volatility quintiles in multivariatendependent sort. The findings indicate that
financials distress risk has a more fundamentaétapsicing impact than idiosyncratic
volatility.
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IDIOSYNKRAATTINEN RISKI, KONKURSSIRISKI JA ODOTETUT
OSAKETUOTOT

TUTKIELMAN TAVOITE

Tutkielman tavoitteena on selvittaa idiosynkraattisriskin ja konkurssiriskin vaikutusta
osaketuottoihin. Tavoitteena on erityisesti tutkmlittaako konkurssiriski idiosynkraattisen
riskin ja osaketuottojen korrelaatiota ja painvastddiosynkraattisen riskin mittarina on
osaketuottojen volatiliteetti, joka ei selity FamarFrenchin (1993) kolmen faktorin mallilla.
Tutkielma on ensimmainen, jossa idiosynkraattisekir ja konkurssiriskin interaktion
tutkimisessa ehdollista idiosynkraattista volatgittia mallinnetaan GARCH —prosessilla.

AINEISTO

Tutkielman aineisto koostuu NYSE, AMEX ja NASDAQ rpseissa listattujen yritysten
osaketuotoista vuosien 1971 ja 2008 valilla. Osaltkkinadata on haettu Center for
Research in Security Prices (CRSP) tietokannastéinpaatdsinformaation COMPUSTAT
tietokannasta. Lopullinen aineisto sisaltaa 18 yi@httaista osaketta.

TULOKSET

Tulokset osoittavat etta idiosynkraattinen riskan gsaketuottojen valilla on positiivinen
suhde, joka keskittyy lahinna pienten yritystenkésssiin. Konkurssiriskin ja osaketuottojen
valinen suhde on puolestaan negatiivinen.

Regressioanalyysin tulokset osoittavat etta idiksgattinen riski ja konkurssiriski sailyttavat
merkitsevyytensa, kun molemmat muuttajat ovat sedlimukana. Portfoliot, joiden osakkeet
on lajiteltu itsendisesti idiosynkraattisen riska konkurssiriskin mukaan osoittavat, etta
korkean idiosynkraattisen riskin osakkeilla on piosset epanormaalit tuotot vain jos
konkurssiriski on samalla matala. Korkean konkuissn ja osaketuottojen valilla on
puolestaan negatiivinen suhde sekd matalan etk@&ordiosynkraattisen riskin portfolioissa.
Tulokset osoittavat ettéa konkurssiriski on merkigtdpi tekija osakkeiden hinnoittelussa kuin
idiosynkraattinen riski.

AVAINSANAT

Idiosynkraattinen riski, konkurssiriski, osaketuoto
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1. Introduction

Idiosyncratic risk and financial distress have beeder close scrutiny recently in the asset
pricing literature and have been used to explaiemtise anomalous patterns in the cross
section of stock returns (e.g. Fu, 2009; Camphliedil.e 2008; Ang et. al., 2006). Contrary to
the conventional expectation of insignificant ags&ting impact of these measures, previous
empirical literature has found positive or even aie@ pricing impact of idiosyncratic
volatility and distress risk. These concepts hdse hecome current due the recent financial
crisis, during which we have seen the level of bo#asures increasing substantially from
historically low levels between 2003 and early 200/ results show that the average
idiosyncratic volatility has more than doubled be&n 2006 and 2008. Global default rates
for sub investment grade bonds have meanwhile brake post Depression record. The
trailing 12 month average rose to 12.4% in Octdt@9. For comparison, a year ago the
global default rate stood at only 3.6%

The capital asset pricing model (CAPM) of Sharpa6d), Lintner (1965a) and Black (1972)
predicts that only systematic risk is priced in gheck returns. This is because investors are
assumed to be able to diversify away idiosyncragic by holding well-diversified portfolios.
However, in practice investors may fail to holdetsified portfolios for various reasons (e.g.
Malkiel & Xu, 2004; Merton, 1987). This would leaud less diversified investors demanding
a risk premium for bearing idiosyncratic risk. Figtmore, Barberis and Huang (2001) show
that if investors are loss averse over individuatls fluctuations, expected premiums will
depend on prior performance and also total risk kel positively correlated with expected

returns.

The role of idiosyncratic risk on asset pricing @en under intense academic debate since
an influential study by Campbell, Lettau, Malkiahd Xu (2001). They explore the volatility
of U.S. stocks at the market, industry, and firmele over the period from 1962 to 1997.
Campbell et al. (2001) find that while the marked andustry level volatilities have remained
quite stable, the average firm-level volatility éits a strong positive deterministic trend,

more than doubling over the period.

! Moody’s (2008)
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Numerous papers have explored the relation betwsiesyncratic risk and return both on
cross-section and across time. However, the resalts been inconsistent and depend heavily

on the selected methodology to measure idiosymcriak.

Malkiel and Xu (2004) provide empirical evidencehe under-diversification hypothesis and
find a positive relation between idiosyncratic riskd cross-sectional stock returns. Using
exponential generalized autoregressive conditibre#roskedasticity (EGARCH) model to

estimate conditional idiosyncratic volatility, Sged and Wang (2005) and Fu (2009) also find

a significantly positive relation between idiosyatir risk and expected returns.

On the other hand, some authors have found a pgzaliegative relation between
idiosyncratic risk and cross-sectional stock redukdsing daily data to estimate idiosyncratic
risk, Ang et al. (2006, 2009) find that stocks wiiilgh idiosyncratic volatility have abysmally
low average returns both in US and in other G7 tr@s1 This negative cross-sectional
relation contradicts the basic fundamental of foeathat higher risk is compensated with
higher returns. Guo and Savickas (2006) argue ithasyncratic risk can be a proxy for
dispersion in opinion among investors. Their hypsth is that an increase in idiosyncratic
risk leads the most optimistic investors to holdaaticular stock, and thus we should find a

negative relation between idiosyncratic risk artdnre

Financial distress has also been theorized to itngtack returns. The idea is that stocks of
financially distressed companies tend to move togreto that their risk cannot be diversified
away (Chan & Chen, 1991). Fama and French (19%jeathat financial distress is a driving

factor behind the size and value effects. The c¢atran can exist if corporate failures are
correlated with a measure not accounted in thedatdn CAPM, such as deteriorating

investment opportunities (Merton, 1973) or declimesunmeasured components of wealth
such as human capital (Fama & French, 1996) or debtrities (Ferguson & Shockley,

2003).

Several papers have studied the impact of finandiatress on stock returns with
contradictory results. Griffin and Lemmon (2002hdi supporting evidence to Fama and
French (1996) and show that the value premium istmamgnificant among firms with high
probability of financial distress. Vassalou and K{2004) also demonstrate that both the size

and book-to-market effects are concentrated in ligfault risk firms. However, Dichev
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(1998) and Campbell, Hilscher, and Szilagyi (2088fument that firms with high risk of

financial distress have delivered anomalously letumns.

There is an intuitive reason to believe that thege puzzles are related to each other.
According to the Merton’s (1974) model, corporaébtdis a risk-free bond less a put option
on the value of the firm’s assets, with strike graf the face value of the debt. Thus, a firm
with more volatile equity is more likely to readietboundary condition of default. Based on
this argument, Campbell and Taksler (2003) show ithasyncratic firm-level volatility can

explain a significant part of cross-sectional vidoiain corporate bond yields. This suggests a
possibility that the idiosyncratic volatility-returrelationship may be due to a distress-return

relationship or vice versa.

Only two recent working papers explore this intémac Following Ang et al. (2006), Song
(2008) estimate idiosyncratic volatility using dadata from one month period and find that
while the volatility spread is -1.68% for the masstressed stocks, it is actually positive and
significant at 0.61% per month for the least dstesl ones. Similarly, Chen and Chollete
(2006) find that after controlling for distresskiistocks with high idiosyncratic volatility earn
significantly low returns only in the highest dests risk quintile. Both conclude that distress

risk has a more fundamental asset pricing impat tliosyncratic volatility.

However, Fu (2009) argues that due to the timeingrproperty of idiosyncratic volatility,

lagged one month volatility may not be an apprdpr@oxy for the expected volatility this
month. In order to capture the time varying propeftidiosyncratic volatility, Fu suggest the
use of GARCH models. Therefore, it is of intereststudy the interaction of idiosyncratic

volatility and financial distress using these msophisticated models.

1.1 Objectives of the study

Purpose of this study is to empirically explore #sset pricing impact of idiosyncratic risk
and financial distress on cross-sectional stoakrmst | investigate whether financial distress
can explain the correlation between conditionabsgincratic volatility and return and vice

versa.
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This study contributes to the existing literatugerblating the idiosyncratic risk to financial
distress. To my best knowledge, in addition to apublished paper by Song (2008), this is
the first paper to examine the relation of idiogwtic volatility and distress risk using a
sophisticated measure of financial distress by Geathet al. (2008). Furthermore, this is the
first study to investigate the interaction of idiasratic risk and financial distress by using a
generalized autoregressive conditional heteroskiedgs (GARCH) models to estimate
idiosyncratic risk. In addition, by employing seaelGARCH models, | test whether the
positive relation of idiosyncratic volatility aneturns found for example by Fu (2009) is
model specific to EGARCH. | employ to commonly ussggproach to identify anomalies in
my study: cross-sectional Fama-Macbeth regressadssorts of portfolios on idiosyncratic

volatility and distress risk.

1.2 Main results

By using EGARCH(1,1) model to estimate the expectuitional idiosyncratic volatility, |
find a positive relation between idiosyncratic riakd expected stock returns in cross-
sectional regressions. The relations is shows tednemodel specific as a positive relation is
also found by using GJR and GARCH(p,q) models. rEfetion is robust after controlling for
market beta, size, book-to-market, momentum, dlkeam return reversal and liquidity effects.
The results are consistent with Spiegel and Waf@5Rand Fu (2009). However, a closer
inspection of size effects by running the regressim different size groups reveals that the
relation is driven by micro and small stocks, defirby 20% and 50% percentile breakpoints
of market capitalization for NYSE stocks. Due tstleason, the positive relation in portfolio
sorts is found only with equally weighted portfaiolrhe relation between distress risk and
expected stock returns is found robustly negativdbath cross-sectional regressions and
portfolio sorts. The results are consistent witevpsus empirical work by Campbell et al.
(2008).

| find that both idiosyncratic volatility and finaral distress maintain their explanatory power
when both variables are included in the cross-seati regression. This result is to the
contrary of previous results of Song (2008) and rChed Chollette (2006) who find that
idiosyncratic volatility loses its asset pricing gact when distress risk is included in the

regressions.
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In the multivariate independent sort, the positeation between idiosyncratic volatility and
stock returns is shown to be conditional on lowtrdss risk. A positive relation is found in
low distress risk quintiles but in high distresskrguintiles the idiosyncratic volatility spread
is insignificant. This moderating effect of dissesisk on the asset pricing impact of
idiosyncratic volatility, meaning that lower disteerisk is associated with more positive
idiosyncratic volatility spread, is consistent wifindings of Song (2008) and Chen and
Chollette (2006). However, contrary to Song (2008l not find a negative relation between
idiosyncratic volatility and distress risk evertle highest distress risk quintile.

The negative effect of distress risk persists aftertrolling for idiosyncratic volatility across
idiosyncratic volatility quintiles in multivariatendependent sort. This is consistent with
findings of Song (2008) and Chen and Chollette @0Othat distress risk has a more

fundamental asset pricing impact than idiosyncnatiatility.

1.3 Structure of the study

The remaining of the study is structured as follows Section 2, | look at the existing
theoretical and empirical literature on the relatioetween risk and expected returns and
specifically effects of idiosyncratic volatility drfinancial distress. In Section 3, | present the
hypotheses. Section 4 provides the descriptiom®fdata and introduces the methodologies.
In Section 5 | describe my tests and section 6gmtesthe empirical results and analysis.
Finally, Section 7 concludes.
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2. Literature review

This chapter reviews the relevant literature for stydy. The first section discusses the
theories of market risk and return including CAPMIantertemporal CAPM, which form the
basis for subsequent discussion. In the secondhamtisection | focus on the most relevant
theories for my study, namely those concerningsigharatic risk and financial distress. In
addition, these sections review the most imporempirical evidence that has strongly
promoted the theoretical development in these af€aslly, | review the recent empirical
studies exploring the link between idiosyncratgkrand financial distress effects and discuss

the theoretical similarities between them.

2.1 Market risk and return

Capital Asset Pricing Model (CAPM) of Sharpe (196dintner (1965a) and Black (1972)
implies that a positive relation exists between éxpected return on securities and their
market betas and other variables should not capha@r€ross-sectional variation in expected
returns. Early empirical cross-sectional tests AP®1 (see eg. Blume & Friend, 1973; Fama
& MacBeth, 1973) seem support a positive crossiaaalt relation between market risk and
expected stock returns. However, many subsequémbraufind that market beta alone cannot
capture all the dimensions of risk, the size eftemtumented by Banz (1981), book-to-market
effect by Rosenberg et al., 1985 and leverage tefffe@handari (1988). Basu (1983) shows
that price to earnings ratio helps to explain tress-sectional returns. Moreover, Roll (1977)
points out that it is difficult if not impossible ttest CAPM empirically because market
portfolio cannot be defined completely. Later, Faamal French (1992) show that in cross
section, the relation between market beta and geeraturn is flat and size and book-to-
market equity alone capture the cross-sectionat@an in stock return. Other cross-sectional
explanatory variables of stock returns includerti@nentum effect of Jegadeesh and Titman
(1993) and the liquidity risk documented by Pagt@tambaugh (2003).

A static, single period CAPM has been extendedtertemporal setting (e.g., Merton, 1973,
Campbell 1993, 1996). Unlike in CAPM where an ingess expected to maximize his return
over a single period, in intertemporal setting mvestor takes into account the current period
returns and the returns that will be availablen@ ftuture, i.e. future investment opportunities.

Merton (1973) shows that when investment opporiesivary over time, the conditional
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expected excess return on the stock market shoatg positively with the market's
conditional variance:

E¢[Res1] = p+yVar Ry, (1)
wherey is the coefficient of investor’s relative risk as®n and the mean termshould be
zero. Merton’s model is intuitive as it predictathnvestors require larger risk premium

during times when the payoff from the security isrenrisky.

Empirical tests on ICAPM have been inconclusivae®the relation between risk and return
has been found insignificant, and sometimes negatRindyck (1984) shows that increase in
variance of stock returns can explain a large armoftithe decline in stock prices between
1965 and 1981. French et al. (1987) find a positelation between expected stock market
return and conditional volatility using a GARCH nebdPositive relation between volatility

and expected returns is also found by Whitelaw 4)3hd Scruggs (1998). On the other
hand, Glosten et al. (1993) and Campbell (19874 &midence to support a negative time-

series relation between risk and expected returns.

Theoretical relation between market risk and retanrra stock as opposed to the whole market
across time is, however, not as clear as marketrrednd risk relation. Campbell’'s (1993,
1996) ICAPM shows that investors care about bothketarisk and risk of changes in
forecasts of future market returns. In Campbellzded, risk-averse investors want to hedge
against changes in aggregate volatility becausatilit} positively affects future expected
market returns as in Merton (1973). Chen (2002)emdd Campbell’'s model to
heteroskedastic environment to allow market vatgtdirectly affect the expected returns. In
Chen’s model risk averse investors also want tectly hedge against changes in future
market volatility. Chen shows that for a risk aeeiavestor, an asset that has a positive
covariance between its return and a variable tbsitigely forecasts future market volatilities
causes the asset to have a lower expected reltumwther words, the relation between market
risk and return of a stock across time can alspdgative. Several studies using options on an
aggregate market index or options on individuatlstoas a measure of aggregate volatility
have found a negative relation between sensitbatynarket volatility and stock returns (eg.
Coval & Shumway, 2001;Ang et al., 2006).
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2.2 Idiosyncratic risk and return

The capital asset pricing model (CAPM) of Sharpa6d), Lintner (1965a) and Black (1972)
relies on the assumption that investors are weferdified. However, many authors have
suggested that both systematic and idiosyncraicmight matter to investors in practice due
to poor diversification or behavioral reasons. Mmer, idiosyncratic risk is a proxy for

omitted factors in the CAPM model, which may caaseelation between idiosyncratic risk

and stock returns.

2.2.1 Theoretical motivation

Firstly, Levy (1978), Merton (1987) and Malkiel akd (2004) suggest that idiosyncratic risk
is priced because many investors hold poorly difteds portfolios. This means thahe
remaining, “unconstrained”, investors are also Umab hold market portfolios. This is
because the undiversified investors’ and uncomsdhinvestors’ holdings together make up
the whole market. An inability to hold the markefrfolio will force investors to care about
total risk and not simply market risk. As MalkiglchXu (2004) note: “an idiosyncratic risk
premium can be rationalized to compensate invesdtorthe “over supply” or “unbalanced
supply” of some assets”. Transaction costs are lanoos reason to prevent individual
investors from holding large numbers of individstébcks though behavioral reason can be
even stronger. Goetzmann and Kumar (2004) shihat more than 25% of retail investors
hold only one stock in their portfolio, over hafftbe investor portfolios contain no more than
three stocks and less than 10% of the investofghiad contain no more than 10 stocks.

Furthermore, institutional investors too rarelycah indexed portfolio. Approximately only
10 percent of the mutual funds held by individuatsre indexed in 2003 while about one
quarter of institutional funds were indexed (Malkiand Xu, 2004). Importance of
idiosyncratic risk in active portfolio managemesntiso highlighted by Cremers and Petajisto
(2009) who find that active managers who have tighdst exposure to idiosyncratic risk

have outperformed their benchmarks both beforeaftied expenses.

Second, a behavioral model by Barberis and Hua@1(R predicts that idiosyncratic
volatility should be positively related to expectgtdck returns. Key ideas behind the model

include investors’ loss aversion and narrow framibgss aversion is a is a finding that
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people are more sensitive to losses than gairss,de@monstrated by Kahneman and Tversky
(1979). Furthermore, evidence suggests that degfré@ss aversion depends on prior gains
and losses. Narrow framing means that when pemm&iate changes in their wealth, they
often appear to pay attention to narrowly definathg and losses such as price appreciation
of a stock they own rather than the change in tioggl wealth. Barberis and Huang show that
investors’ loss aversion over individual stock fluations leads the expected premium to
depend on prior performance. The model also prediat total risk is positively correlated
with expected returns, implying that idiosyncratgk should also command a premium.

Third, idiosyncratic risk premium may be relatedaimitted assets problem in the market
portfolio proxy. Eiling (2006) shows that the idypgratic risk premium is related to hedging
demand due to investors’ non-tradable human capialen labor income is correlated with
stock returns, exposure to the firm specific risiduces a hedging demand for an employee

and consequently, human capital can affect thepiiskiium for stocks.

Fourth, idiosyncratic risk could be a determinahtequity premium due to omitted risk
factors. By construction, it measures conditioraiance of the risk factors of a multi-factor
ICAPM model omitted from CAPM (Merton, 1973; Camppel993, 1996). Hence,
idiosyncratic volatility can be seen as a proxy donitted factors such as liquidity risk or
dispersion of analysts’ opinion (Guo & SavickasP@0 Brunnermeier and Pedersen (2009)
generate a positive relationship between idiosyiwcresk and return within a market liquidity
model where investors face margin requirements lthmt their ability to maintain levered
positions when stock prices turn downward. Empiraper by Spiegel and Wang (2005)
finds also an inverse relation between idiosyncragk and liquidity, though they find that

idiosyncratic volatility itself explains cross-skettal stock returns more than liquidity.

On the other hand, idiosyncratic risk as a proxydigpersion of opinion predicts a negative
relationship between idiosyncratic risk and retwller (1977) shows that under short-sale
constraints, increases in risk imply higher diveigge of opinion, resulting in most optimist

investors to hold a particular stock. Thus it issible that expected return can be lower for

riskier securities.

Ang et al. (2006) hypothesize that stocks with daidjosyncratic risk have large exposure to

movements in aggregate volatility. According to Aag al. this could imply a negative
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relation between idiosyncratic risk and expectedirrs as they find a negative relation
between stock returns and sensitivity to markeatddly. Idiosyncratic volatility can also be
priced with a negative price of risk if it can pi@dchanges in market volatility following
Chen’s (2002) model in which risk averse investoasit to hedge future changes in aggregate
volatility. Campbell et al. (2001) indeed find tHam level volatility can predict changes in
market volatility. Ang et al. (2008) test theirgothesis but find only partial support that

exposure to aggregate volatility can explain lotumes of high idiosyncratic risk stocks.

Finally, Boyer et al. (2007) document empirical danice that idiosyncratic volatility is a
good predictor of expected skewness. Barberis amhgl (2008) show that investors have a
strong preference for positively skewed portfoliogder the assumption that investors have
preferences based on the cumulative prospect tlegdryersky and Kahneman (1992). Under
cumulative prospects theory, investors are riskrseveand use transformed rather than
objective probabilities for returns, which overweitpe tails of the objective distribution. This
captures the common preference for a lottery-likepositively skewed, wealth distribution.
Under these assumptions, a positively skewed gartfan be overpriced and earn a negative

average excess return.

To sum up, theories for a positive relation betwedinsyncratic risk and stock returns
include both long term fundamental explanationdhsaag under-diversification and short term
behavioral reasons like narrow framing of gains krsdes. Negative theories focus on short
term effects such as dispersion of analyst opiaioth behavioral reasons such as skewness of
returns, or relate to more general theories ofriateporal relation between risk and return

which include also a possibility for a negativeatein.

2.2.2 Empirical evidence

An influential study by Campbell et al. (2001) ex@s the volatility of U.S. stocks at the
market, industry, and firm levels over the periooii 1962 t01997. Campbell et al. find that
while the market and industry level volatilitiesvearemained quite stable, the average firm-

level volatility exhibits a strong positive detemistic trend, more than doubling over the

2 Ang et al. (2006) find that exposure to aggregatatility partially explains the puzzling low rens to high
idiosyncratic volatility stocks, but only for staxkvith very negative and low past loadings to aggre
volatility innovations.
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period. In addition, firm level volatility accountsr the greatest share of total average firm
volatility and for the greatest share of movemeawar time in total firm volatility. Firm level
volatility can also predict changes in market vbtgtthough market volatility tends to lead
other components of volatility. Numerous studiasénhsince studied the asset pricing impact
of idiosyncratic volatility. Table 1 presents aneoview of the empirical results both on the

intertemporal and cross-sectional relationship.

Table 1. Empirical evidence on idiosyncratic risk and return

The table presents an overview of the previous Bogpiiterature on the intertemporal and crosdiseal
relations between idiosyncratic risk and expectedksreturns. FF-3 refers to Fama French (199@ktifactor
model and EGARCH to exponential GARCH introduced\®json (1991).

Study Sample period :jd;zzﬁ?;r:atic risk \I\/Ao‘?:t?llijt;/e of expected Result
Panel A: Intertemporal relationship
Goyal & Santa-Clara (2003) 1926-1999 Total variance Lagged Positive relation
Bali et al. (2005) 1962-2001 Total variance Lagged o rélation
Guo & Savickas (2006) 1963-2002 Total variance lealyg Negative relation
Panel B: Cross-sectional relationship
Lintner (1965b) 1954-1963 CAPM residuals Lagged fRasrelation
Lehmann (1990) 1931-1983 CAPM residuals Lagged Pegitlation
Malkiel & Xu (2004) 1975-2000 Total variance Lagged Positive relation
Spiegel & Wang (2005) 1962-2003 FF-3 residuals EGARCH Positive relation
Ang et al. (2006) 1963-2000 FF-3 residuals Lagged Negative relation
Eiling (2006) 1959-2005 CAPM residuals EGARCH Positielation
Huang et al. (2007) 1963-2004 FF-3 residuals EGARCH ositRe relation
Brockman & Schutte (2007) 1980-2007 FF-3 residuals GAECH Positive relation
Bali & Cakici (2008) 1963-2004 FF-3 residuals Lagged No relation
Fu (2009) 1963-2006 FF-3 residuals EGARCH Positilegion

Studies investigating the intertemporal relatiopsbetween idiosyncratic risk and future
stock market return have found contradictory resuBoyal and Santa-Clara (2003) find a
positive relationship between idiosyncratic volgti and future stock market returns. Bali et

al. (2005) argue that Goyal and Santa-Clara resutsmainly driven by small stocks and

% Goyal and Santa-Clara use average stock variahimhis a measure of total risk as a proxy for sgfwcratic
risk.
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partly due to a liquidity premium. Guo and Savick2806) find a negative relation between

the market level idiosyncratic risk and expectdadmres.

The most relevant papers for my study are thosachwimvestigate the cross-sectional
relationship between idiosyncratic risk and stoetums. Early studies by Lintner (1965b)
and Lehmann (1990) find a positive relation betwelwsyncratic volatility and cross section
of stock returns. Malkiel and Xu (2004) find a go@ relation between idiosyncratic risk and
cross-sectional stock returns using monthly davatc8ing to daily data, Ang et al. (2006,
2009) find that stocks with high idiosyncratic riskve abysmally low average returns both in
US and in other G7 countries. However, Bali an&i€g2008) show that Ang et al. (2006)
results are not robust with different estimationtimes. They show that results are sensitive
to (i) data frequency (daily or monthly) used ttiraate idiosyncratic volatility, (ii) weighting
scheme (value- or equally-weighted) used to comjpwierage portfolio returns and, (iii)
breakpoints (CRSP, NYSE, equal market share) usedrt portfolios into quintiles and (iv)
using a screen for size, price and liquidity. Ferthore, Huang et al. (2007) and Fu (2009)
using different methods show that Ang et al. (20@8)lts are driven by monthly stock return

reversals.

Using EGARCH method to estimate conditional idiagwtic volatility, Spiegel and Wang
(2005), Eiling (2006), Huang et al. (2007) and BQQO) find a significantly positive relation
between idiosyncratic risk and expected returnecBnan and Schutte (2007) find a positive
relationship also in the international data. Fumi@re, Brockman and Schutte show that the
size of the idiosyncratic risk premium is relatedhe level of investor under-diversification.
Baker and Wurgler (2005) find that conditional owastor sentiment idiosyncratic risk can

be positively or negatively correlated with the eged return.

To summarize, majority of empirical studies sup@ogositive relation between idiosyncratic
risk and stock returns. However, with shorter teneasures derived from daily return data,
the relation between idiosyncratic volatility andwck returns is also found to be negative.
Overall, the empirical evidence seems to suppe@ries that idiosyncratic risk commands a
risk premium due to under-diversification or ondttesk factors. The negative relation
observed with daily data may indicate that in shemnn may be due to dispersion of analyst

opinion or due to return reversals.
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2.3 Risk of financial distress and return

Financial distress has been frequently invokedha &sset pricing literature to explain
anomalies in the cross-section of stock returnsu&/and size effects have been attributed to
be proxies for financial distress (Chan & Chen,.ama & French, 1996). Chan and Chen
(1991) show that the returns of financially disses firms move together in a way that is not
captured by the market return. Due to this coviamatthe elevated risk of financial distress
cannot be diversified away and hence investorsgehar premium for bearing such risk.
Similarly, Fama and French (1996) show that boekitnket equity and loadings of high-

minus-low (HML) portfolio are proxy for relative siress.

2.3.1 Theoretical motivation

The premium of distress risk may not be capturedhey CAPM if corporate failures are
correlated either across time or an asset thabisintluded in the proxy for the market
portfolio. Campbell et al. (2008) point out thatrporate failures may not be captured by
CAPM if they are correlated with deteriorating istraent opportunities, which are related to
expected returns in Merton’s (1973) ICAPM model.dtlmer words, one can formulate a
version of ICAPM where default risk affects the estment opportunity set, and hence,

investors want to hedge against this source of(Kslssalou & Xing, 2004).

Fama and French (1996) attribute distress riskylo€h they use the term “relative distress”,
to an unmeasured component of the market portfdioman capital. Workers with
specialized human capital are more likely to bestgime to negative shocks to a firm’s
prospects if the firm is in distress. This is bessawas a shock is more likely to lead a
contraction of employment in that firm as firm nee® reduce costs to stay afloat. Thus
workers with specialized human capital have anritice to avoid holding their firms stock.
Furthermore if the variation in distress is conethacross firms, workers have an incentive to
avoid the stocks of all distressed firms. This casult in distress risk to command a risk

premium in the expected returns of distressed stock

Ferguson and Shockley (200&)gue that distress risk is priced in equity resubecause it
captures the missing beta risk of an equity onlykeiaproxy. Betas estimated using an

equity-only proxy for the market portfolio will uedstate equity betas, with the error
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increasing with the firm’s relative degree of leage and level of financial distress. Hence,
firm specific variables that correlate with levegaguch as market-to-book and size will
appear to explain returns after controlling for>yrdoeta, simply because they capture the
missing beta risk. Using a three factor model ipooating the market return along with
portfolios formed on variables statistically retht® relative leverage and relative distress,
Ferguson and Shockley (2008)d that the model outperforms the Fama and FréheB3)
three factor model in explaining returns on thes® and book-to-market sorted portfolios.

Despite the above plausible theories why distresssmight command a risk premium, low
returns of distressed stocks documented for exaimplBichev (1998) and Campbell et al.
(2008) present a substantial puzzle as they awolation of traditional risk-return models.
Possible explanations for a negative relation efress risk and expected returns include an
in-sample phenomenon, skewed returns of distressecks, possible rent extraction by

shareholders and valuation errors by irrationahgderfectly informed investors.

Campbell et al. (2008) note that their results haydriven by unexpected results during the
sample period between 1981 and 2003. They mentierstrong shift of equity ownership
from individuals to institutions during this perias a possible factor driving the resdits.
Kovtunenko and Sosner (2003) and Da and Gao (2008)ment that institutions prefer to
hold profitable stocks and tend to sell stocks #wer financial distress. This increased
selling pressure might be driving the low returfigdistressed stocks during the period. An
anecdotal evidence of this is provided by Cample¢llal. (2008) who show that the
outperformance of safe stocks over distressed mnesncentrated in periods such as late
1980s, when aggregate institutional ownership wasvigg rapidly. Campbell et al. (2008)
also suggest that debtholders may have become mubept at forcing bankruptcy or
transferring resources from equity holders to dedttlers after default, which relates closely

to third possible explanation, extraction of prevéaenefits.

Second, Campbell et al. (2008) note that posgk@wvness may be an explanation for low
returns of distressed stocks as both individuatresed stocks and their portfolios of
distressed stocks have returns with strong posgkesvness. As explained in connection to
idiosyncratic volatility, Barberis and Huang (2008how that investors have a strong

4 U.S. institutional investors as a whole have iasggl their share of U.S. equity markets from hgldi.2% of
total U.S. equities in 1980 to 51.4% of total i0RGhen to 61.2% in 2005 (The Conference Board7200
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preference for positively skewed portfolios, whichn result overpricing and negative

average excess returns.

Third, von Kalckreuth (2005) argues that extractadrprivate benefits by majority owners
may offer a significant return component not acdéednn share price return. Extraction of
private benefits for example by buying company’sess at fire sale prices is more likely
when a company is unlikely to survive and genefatere profits for its shareholders.
Furthermore, Garlappi et al. (2008) demonstrate ttie possible concessions by debtholders
in distressed renegotiations reduce the effeceverage of equity, leading to lower risk and
hence lower expected returns for equity, as defaktincreases. Garlappi et al. construct a
bargaining model between equity holders and deldeln® in default. In the model, the
relationship between default probability and equeturn is upward sloping for firms where
shareholders can extract little benefit from reriegion of debt claims but downward sloping
for firms with high shareholder advantage. Garlappial. (2008) provide also empirical
evidence based on several proxies for sharehottlem#éage and find results consistent with
their model.

Fourth, distress anomaly may stem from investatiurfe to fully evaluate the risk of failure
(Campbell et al., 2008). Zhang (2007) conductsirat gtudy of distress risk premia in stock
and bond returns and finds that higher default @bdlties are associated with higher bond
returns but not with higher stock returns. Furthemn Zhang does not find evidence of rent
extraction by shareholders ex ante financial dstia firms with bonds outstanding. Thus he
concludes that distress anomaly is mainly drivenstock market mispricing from which
arbitrageurs are unable to benefit due to highngadosts and idiosyncratic volatilities.

To sum up, theories of a positive relation betwieagincial distress and stock returns relate to
long term hedging concerns of investors. Theorfea negative relation on the other hand
deal with shorter term fluctuations due to irraibmvestors or bargaining between different

stakeholders of the firm.

2.3.1 Empirical evidence

Studies focusing explicitly on distress risk hagarfd contradictory results. Table 2 presents
an overview of studies using both accounting antketdased measures of financial distress.
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Griffin and Lemmon (2002) find supporting evidertoeFama and French (1996) and show
that the value premium is most significant among$i with high probability of financial
distress. Vassalou and Xing (2004) use a defakdtlifiood indicator based on Merton’s
(1974) structural default model. They show thatad#f risk commands a statistically
significant, positive risk premium. They also dersivate that distress effect is concentrated

in small capitalization and high book to marketf.

On the other hand, Dichev (1998) documents thdtedised stock have anomalously low
returns using Altman’s Z-score and Ohlsson’s O-s@w measures for financial distress. The
results show that financial distress cannot fukplain the book to market effect. Similarly,
Campbell, Hilscher, and Szilagyi (2008) documerdt thirms with high risk of financial
distress have delivered anomalously low returnsvéemn 1981 and 2003, using a wide range
of proxies for financial distress. The returns wftissed stocks are particularly low when the
implied market volatility as measured by VIX indecreases, showing that these stocks are
particularly vulnerable to market wide risk aversicCampbell et al (2008) find that the
distress anomaly is stronger for small firms, amdstocks with low book to market, analyst

coverage, institutional ownership, price per stzane liquidity.

Da and Gao (2008) explore the link between findndistress and liquidity. By using the
default likelihood indicator proposed by Vassalod Xing (2004), Da and Gao find that high
returns of distressed stocks are mainly driven bynmensation for liquidity shocks.
Furthermore, they provide evidence that mutual $umeind to decrease their share of

financially distressed companies.
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Table 2. Empirical evidence on financial distressand return
The table presents an overview of previous empilikemature on the relation between financial diss and
expected stock returns.

Financial distress

Study Sample period estimation Result

Dichev (1998) 1981-1995 '22;?:” Z- and Ohlson O- Negative relation

Griffin & Lemmon (2002) 1965-1996 Ohlson O-score geltve relation

Vassalou & Xing (2004) 1971-1999 _Def_ault Likelihood Positive relation
indicator

Garlappi et al. (2008) 1969-2003 Moody’'s KMV Noatbn

Da & Gao (2008) 1983-1999 Default Likelihood Positive relation
indicator

Campbell et al. (2008) 1981-2003 Econometric logitied Negative relation

Overall, studies using market based measure ohdiaadistress whose main input is the
volatility of asset returns, tend to find a potirelation between financial distress and stock
returns. On the other hand, studies using econametediction models with purely
accounting or combined accounting and market datbaf negative relation. In both cases the
abnormal returns are found to be driven by smiiiljuid stocks. For value effect, Vassalou
and Xing (2004) find that value stocks earn higtegurns only if their default risk is high
whereas Campbell et al. (2008) find that low resuof financially distressed firms are
significantly higher for growth stocks, althougletiffect is somewhat extreme for stocks at

either end of the growth-value spectrum.

2.4 Interaction of idiosyncratic risk and financial distress

There is an intuitive reason for idiosyncratic reskd financial distress to be related to each
other. According to the Merton (1974) model, cogterdebt is a risk-free bond less a put
option on the value of the firm’s assets, withk&rprice of the face value of the debt. Thus, a
firm with more volatile equity is more likely to aeh the boundary condition for default.
Based on this argument, Campbell and Taksler (2808w that idiosyncratic firm-level
volatility can explain a significant part of crossetional variation in corporate bond yields.
This suggests the possibility that the volatiliggern relationship may be due to a distress-

return relationship or vice versa.
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There is no clear theory about the interaction betwidiosyncratic volatility and financial

distress. If financial distress is priced on thecktreturns, idiosyncratic volatility should at
least partly proxy it as by definition it is a psofor omitted variables. Furthermore, the two
concepts are endogenously related according to oiert(1974) structural model as
explained above. Thirdly, both idiosyncratic riskdafinancial distress may proxy a third
factor such as skewness of the returns (Boyer,oklitand Vorkink, 2007; Campbell et al.,
2008), liquidity (Spiegel and Wang, 2005; Da & Ga608), human specific capital (Eiling,

2006 and Fama & French, 1996) or exposure to maatility (Ang et al.,2006, Campbell

et al. 2008).

Two previous studies have followed Ang et al. (20@hd used lagged idiosyncratic
volatilities as a proxy for realized idiosyncratiolatility. Interestingly Song (2008) and Chen
and Chollete (2006) find that after controlling ftistress risk, stocks with high idiosyncratic
volatility earn significantly low returns only irhé highest distress risk quintile. Song also
finds a positive and significant relation at 0.613r month for the least distressed ones.
Furthermore, Song finds that financial distressesalaway the explanatory power of

idiosyncratic volatility on cross-sectional retuind~ama-MacBeth (1973) regression.

Chen and Chollete (2006) find that after contrgilifor distress risk, stocks with high
idiosyncratic volatility earn significantly lowereturns only in the highest distress risk
quintile. Furthermore Chen and Chollete (2006) dfell Ferguson and Shockley (2003)
framework and control missing assets in the equity proxy for market portfolio by distress
and leverage. After this they cannot reject thé Imgbothesis of zero abnormal returns across
either idiosyncratic volatility or distress riskntfolios.
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3. Hypotheses

This section presents the hypotheses that willdséetl in this study. The hypotheses are
divided between the univariate and multivariatestek first test the effect of idiosyncratic
volatility and financial distress on stock returseparately. As previous studies have found
contradictory results, it is of interest to stulg univariate relations within my sample period.
The second set of hypotheses comprises of theastien between idiosyncratic risk and

financial distress.

Based on under-diversification hypothesis of Lel§78), Merton (1987) and Malkiel and Xu
(2004) and majority of empirical evidence, | exptectind a positive relation between

idiosyncratic volatility and excess returns.

H1. There is a positive cross-sectional relation betediosyncratic volatility and

excess returns

Based on results by Campbell et al (2008) whosesureaof financial distress | use, | expect

to find a negative relation between financial disgrand excess returns.

H2: There is a negative cross-sectional relation betwelistress risk and excess

returns

Due to the lack of theoretical background, hypotsef®r the combined asset pricing impact
of idiosyncratic volatility and financial distresse based on previous empirical results. Both
Song (2008) and Chen and Chollete (2006) find #ie#r controlling for distress risk, the
relation between idiosyncratic risk and stock nesuis positive (negative) given low (high)
risk of financial distress. Furthermore, both sésdiind that financial distress seems to have
more persistent effect on asset prices than idosyic volatility. As my measure of
idiosyncratic volatility differs from the daily lggd estimate used by Song and Chen and
Chollete, it is not clear whether the same dynamidishold. Nevertheless, as evidence and
intuition suggest, financial distress should havam@e fundamental impact on asset prices
than idiosyncratic volatility. Thus, | expect ttedter controlling for financial distress, there is

no relation between idiosyncratic volatility andek returns.
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H3a: After controlling for financial distress, there i® relation between idiosyncratic

volatility and excess returns

Based on the same reasoning, | expect that cantydbr idiosyncratic risk does not remove

the distress risk effect.

H3b: After controlling for idiosyncratic volatility, #re is a negative relation between

financial distress and excess returns
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4. Data and methodology

This chapter introduces the data and measures tasestimate idiosyncratic volatility and

financial distress. Both estimates are naturallydetspecific and thus using sophisticated
measures for both variables is important. | firesatibe the data used in the study. In the
second section | describe the models used to dstimgected and realized idiosyncratic
volatility. Third section introduces financial thess measure and finally in section five |

analyze the descriptive statistics.

4.1 Outline of the sample

The sample consists of all U.S. companies liste¥YSE, AMEX or NASDAQ between
January 1971 and December 2008. The beginningeagdmple period is the same as in Song
(2008) and helps to avoid having too few stockgach portfolio (discussed in more detail
later). | obtain the stock return and market cdpiation data from Center for Research in
Security Prices (CRSP). All accounting data isexmi#td from the COMPUSTAT database.
The firms are matched between the databases uditgFCidentifiers. | use CRSP value
weighted index with distributions including NYSEMEX and NASDAQ stocks. The Fama-
French 3-factor data and momentum factor for Caii®97) 4-factor model are downloaded
from Kenneth R. French’s Web siReThe full sample with required accounting data and
matching CRSP market data consists of 18,795 uriqus.

4.2 Measures of idiosyncratic volatility

Earlier studies have employed different methodsestimate idiosyncratic risk. Studies
focusing on intertemporal relationship have tendeduse total variance as a proxy for
idiosyncratic risk whereas cross-sectional stutiage used CAPM residuals Fama French
three factor model residuals or total variance ({Ba&lgle 1). Recently, Fama French residuals

have been the most frequently used measure.

Attention needs to be also put on how to estimapeeted idiosyncratic volatility. Ang et al.

(2006) use the lagged one month volatility of escexturns relative to Fama French three

® http://mba.tuck.dartmouth.edu/pages/faculty/kemdéh/data_library.html
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factor model to estimate idiosyncratic risk. Théatitity is calculated as standard deviation of
daily returns not explained by the three factor elo®n the other hand, Fu (2009), shows
that since idiosyncratic volatilities are time viagy, the one month lagged estimate may not
be appropriate proxy for the expected idiosyncrattatility next month. Fu shows that
during the period from July 1963 to December 2@06,average first order autocorrelation of
individual stock idiosyncratic volatilities is only.33 and Dickey-Fuller tests show that for 9
out of 10 stocks, the idiosyncratic volatility domet follow a random walk process. Fu
proposes the use of autoregressive conditionatdsitedasticity process (ARCH) to capture
the time varying property of idiosyncratic risk.rihermore, Bali and Cakici (2008) compare
the conditional idiosyncratic volatility estimat€&sARCH (1, 1) and EGARCH (1, 1) models
with different data frequencies. They show that ithesyncratic volatility based on past
monthly returns provides a more accurate predictbrronditional idiosyncratic volatility

than measure based on daily return both in-sammuleat-of-sample.

4.2.1 Expected idiosyncratic volatility

ARCH models introduced by Engle (1982) have prawehe useful to describe the temporal
dependence of stock returns given the lack of amctsiral economic theory explaining the
variation in higher order moments. An important tcution of ARCH models is the
distinction between the conditional and uncond#iosecond order moments. While the
unconditional covariance matrix may be may be iiadrin time, the conditional covariances
and variances can depend on previous returns. A geerview of ARCH/GARCH models is
provided by Bollerslev et al. (1994).

ARCH models enable to capture empirical regulaiiireasset prices including leptokurtosis,
i.e. thick tails of the distribution (Mandelbrot9@3; Fama, 1965) and volatility clustering
(Mandelbrot, 1963; French et al., 1987). Furtheem@symmetric ARCH models such as
Nelson's (1991) EGARCH and Glosten, JagannathanRantkle’s (1993) GJR GARCH
enable to model the so-called “leverage effegstfnoted by Black (1976), which refers to
the tendency for past stock returns to be negativeirelated with future changes in stock
volatility. In other words, past positive and neégatreturns have an asymmetric impact on
future stock volatility However, Black (1976) argudat the observed effect is too large to be
explained by leverage alone and this conclusiosugported by the empirical work of
Christie (1982) and Schwert (1989).
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Several recent papers have used EGARCH to modelitammal idiosyncratic volatility. The
advantage of EGARCH models is that they do not rieaethpose restrictions on parameters
to avoid negative variances, which may unduly restthe dynamics of the conditional
variance process. Pagan and Schwert (1990) testder of different GARCH models on
monthly U.S. stock returns and find that NelsonGARCH is overall the best model. Engle
and Ng (1993) test multiple models with Lagrangdtilier tests and also find that Nelson’s

model captures well the asymmetry of conditiondatilities.

In this study, | follow previous literature and nebatonditional idiosyncratic volatility with
Nelson’'s EGARCH model. As a robustness check tbitéke relation between conditional
idiosyncratic volatility and stock returns deperws the choice of the volatility model, |
employ GARCH model introduced by Bollerslev (19&6)d GJR-GARCH introduced by
Glosten et al. (1993). Idiosyncratic volatility defined relative to Fama French three factor

model, which previous papers have tended to prefer.

The first step in the estimation is to calculatanaasure for the realized idiosyncratic
volatility. | follow recent literature and choosé-+8 model to describe the monthly return
process:
Ry =15y = a; + B; (Rt —15¢) +5; SMB, + h; HML, + €, (2)
€ic~N(0,0%).
The idiosyncratic return is the residuals from ritbgression, which are then fitted to

(E)GARCH models. The distribution of the residegl is assumed to be normal with the

mean of zero and the varianceogf.

The specification for EGARCH(1, 1) is as follows:

€
Ino? =w+ﬁlnaft_1+a{®<t—1>+y[

Ot—1

=

wherew; is long term return variance aing andpg; are the weights assigned to the squared

€t—1
Ot-1

returne?,_, and period-1lvariance rates?;,_;, respectively® is the weight of the sign effect

andy is the weight for the magnitude effect. | take $lyeare root of conditional variance rate
to get a standard deviation of the expected vdlatiLater in the discussion, | refer to the
EGARCH(1,1) estimate of the expected idiosyncraiatility as ESARCH_IV

The equation for GARCH(p,q) can be written as f@lo
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of = w+ X, aief + XL, Biol (4)
wherew; is long term return variance aing andpg; are the weights assigned to the squared
return eft_, and period-1lvariance rateaft_l, respectively. The lag lengths, p and g mean
that previoust-p observations the squared return argl observations of the conditional
variance rate are used to estimate the conditiwaalance rate at. For a stationary
GARCH(1,1) process, the weighitsandp in equation (3) must sum up to less than 1 so that
the long-term variance rate; is positive. Later in the discussion, | refethe GARCH(1,1)

estimate of the expected idiosyncratic volatilisyGARCH_ IV

| also estimate GARCH(p,q) in which p and g areMeein 1 and 3. This yields nine different
GARCH models: GARCH (1,1), GARCH (1,2), GARCH (1,8ARCH (2,1), GARCH (2,2),
GARCH (2,3), GARCH (3,1), GARCH (3,2), and GARCH3B | follow similar procedure
by Fu(2009) and select the model with the lowestiké Information Criterion (AIC) Later

in the discussion, | refer to the GARCH(p,q) estenaf the expected idiosyncratic volatility
asGARCHpq_IV

The equation for GJR(1,1) can be written as follows

of =w+ael +yS 1€+ Boly, (5)
whereS™,_, is a dummy that takes value 1 when; is negative and 0 when_, is positive
andy the coefficient for asymmetric impact of negatimaovations. GJR model allows an
easy way to test the leverage effect by testingsitpeificance ofy. Over the full sample, the
leverage effect is statistically significant at S&vel in 32% of the firms. Later in the

discussion, | refer to the GJR(1,1) estimate ofetkgected idiosyncratic volatility 83JR_ 1V

The results of the GARCH models are generated uSxgonsole version 6.00 (Doornik,
2007) with G@RCH 4.0 package (Laurent & Peters,2200 | use maximum likelihood
estimation to estimate the parameters in the empugi{3) and (4). The maximum of the log
likelihood function is found by using the secondidetes of the of the log likelihood

function.

® AIC is calculated &s-21 + 2k)/N, wherel is the log-likelihood of the GARCH estimatidkis the number of
parameters estimated aNds the number of observations.

" An edited R interface code to use Ox via R ancc@de for the GARCH estimation are provided by pRafey
S. Tsay. Downloadable at http://www.math.steveng-afloresc/Teaching/2007-2008/index641.html.
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The GARCH model parameters for each stock are astiinusing available full period data
from 1959 to 2009. This implies all available mdwptheturn data for more than 99% of the
firms in my sample. This method implicitly assuntkat the parameters remain stable over
time and also induces a possible look-ahead bieweMer, the seriousness of look-ahead bias
is likely minor by judging from previous empiricadsearch. French, Schwert, and Stambaugh
(1987) use the full period data to estimate thedREGH model parameters and show that
assuming time-varying parameters does not changje tésults. Furthermore, Fu (2009)
finds the same results for the idiosyncratic vbtgtand stock returns relation by using the

full period data and by using only prior returnalat

4.2.2 Realized idiosyncratic volatility

| measure realized idiosyncratic volatility to télse accuracy of the expected idiosyncratic
volatility measures against realized volatility.rtagrmore, as robustness check | explore the
interaction of financial distress and realized syiacratic volatility. This is of interest as
recent studies have found a positive contemporanesation between realized idiosyncratic

volatility and expected returns (Huang et al., 2008 2009).

Following Ang et al. (2006) and Fu (2009), | measuvealized idiosyncratic volatility by
regressing daily excess returns each month to daya-French factors, and calculate
volatility as standard deviation of residuals, nplikd by the square root of trading days to
get a monthly figure. Hence the realized idiosyticreolatility measureR_1Vis defined as:

R(ivol);, = yn; STD(e;), (6)
where n is the number of trading days of firim montht ande; is the residual from Fama

French three factor regression . Similar to FWD@Q require a minimum of 15 trading days

per month for which CRSP reports a return.

To test the results of Ang et al. (2006) and S&UP8) within my sample, | also use a lagged
measure in my robustness checks. This lagged mezhsti idiosyncratic volatility, which is
simplyR_IVIagged by 1 month, is referred in the later dismusad._IV.
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4.3 Measures of financial distress

Recent work on the distress premium has tendedéceither traditional risk indices such as
the Altman (1968) Z-score or Ohlson (1980) O-scateyctural default model of Merton
(1974) or the practitioner model Moody’'s KMV (Craosk& Bohn, 2001) (see Tabl®. As
using a reasonably sophisticated measure for fiahdistress is important for my analysis, |
adopt the reduced form empirical model introducgedlbmpbell et al. (2008) to measure the
distress risk for a given stock. Campbell et al0&) demonstrate that combining Moody’s
KMV or Merton’s distance to default models to theiodel adds relatively little explanatory
power. Furthermore, Campbell’'s model is driven legsvolatility whereas in other models
volatility is the most important variable. Thus osmmg Campbell’'s econometric model
reduces the possible endogeneity problem in thdystf relation between idiosyncratic
volatility and financial distress as idiosyncratiolatility is the major component of total
volatility. Also Song (2008) uses Campbell's ecordnic model to study the interaction

between financial distress and idiosyncratic vbtgti

Campbell et al. (2008) construct an empirical measiifinancial distress spanned by various
accounting and market data. To construct the mdHel use the monthly bankruptcy and
failure indicators from Kamakura Risk Informatiorr&ices that record the financial failures
in the U.S. market between 1963 and 2003. By myttnore emphasis on the market value
based accounting, Campbell et al. (2008) managepgmve the Shumway (2001) bankruptcy

model.

For each stock each month, | calculate the follgwlist of prediction variables which are
combined into a measure of distreBy.( NIMTAAVG, twelve month geometrical average
of net income over market-valued total assets; TEVTotal liability over market-valued
total assets; EXRETAVG, twelve month geometricatrage of log excess return over S&P
500 index; SIGMA, past three months daily returihatibty; RSIZE, log ratio of market cap
with respect to S&P 500 total market cap; CASHMT&tjo cash and short-term assets over
the market-value total assets; MB, market-to-baatior and PRICE, truncated log price at
$15. The weights of the geometrical averages ftMTMAVG and EXRETAVG are

determined so that the weights are halved eacheaquar
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For accounting data, | align each company’s quigrigata appropriately with the calendar
months, i.e. | use the last month of the calendartgr for which the quarterly report is dated,
and then lag accounting data forward by 2 montinés &djustment ensures that accounting
data are available at the beginning of the mon#r sxhich the portfolios are sorted based on
distress measure. The book value of equity is &efju eliminate outliers by the procedure
suggested by Cohen et al. (2003). That is, | &b df the difference between market and
book equity to the book value of total equity, #®r increasing book values that are
extremely small and probably mismeasured. Furthezrall variables are winsorized at the
5" and 9%' percentiles of their pooled distributions acrodisfiam-months to limit the

influence of outliers. The construction of the ahies is described in detail in Appendix 1.

The logit model used to obtain the estimated dstprobability for each individual stock is:
1
= ,an
1+ exp(—Di,t_l)

Pt—l(Yi,t = 1) d (7)

Dty =a+ ,Bxi,t—l

where Y represent the incident of financial failuxg; the set of prediction variables
described earlier and andp are obtained directly from Table IV in Campbellagt (20085.
Following Campbell et al. (2008) and Song (200&hbose the 12 months ahead default
prediction regression. Variable;{? that is a linear combination of default prediction
variables is itself a measure of distress risk, poditively correlated with the forecasted
probability of failure Ri(Yi:). To estimate the probability of bankruptcy in d®nths, |
calculate ., as:
Dty =—9.164 — 20.264 X NIMTAAVG + 1.416 X TLMTA — 7.129 X EXRETAVG
+1.411 X SIGMA — 0.045 X RSIZE — 2.132 x CASHMTA + 0.075 x MB
—0.058 x PRICE
(Table IV, Campbell et al., 2008)

(8)

A point worth of mentioning here is the differenndime spans of the two studies. Campbell
et al. (2008) measure the distress risk betwee3 486 2003, while my sample period from
1971 to 2008. This induces a look-ahead bias irtesis for 1971-2003, while on the other

hand, the accuracy of the distress prediction modtdide the original sample period may not

8 Campbell et al. (2008) use proprietary bankruptes failure indicators from Kamakura Risk Infornoati
Services. Thus re-estimation of their model isfeasible in my thesis.
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be as good as in the sample. However, Song (2008)ogs the same methods and finds that
the negative relation between distress risk ancksteturns is also robust in the subsample of

1999 to 2006, with distress measure estimated umngruptcy and failure data up to 1998.
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5. Tests

This chapter introduces the test used to evallseatsset pricing impact of idiosyncratic
volatility and financial distress. | employ two coranly used approaches: cross-sectional
Fama-MacBeth (1973) regression and a sort of stmtkgportfolios based on the variables of
interest. Both approaches have some advantagedramtbacks. Combined, they provide an

useful cross check.

Sorts offer a simple non parametric and easilyrpgmetable way to analyze stock returns
across the spectrum of the variable in questionlewimposing no linear restrictions. A
potential drawback with sorts is the choice of wdigg scheme to calculate portfolio returns
and the focus on hedge portfolio obtained from {ehgrt position in extreme deciles.
Equally weighted hedge portfolios may be domindtgaxtremely small stocks, thus giving
an unrepresentative picture of the effect of thenaady. On the other hand, using value
weighted returns may lead the returns to be doméhéty a few big firms. Sorts are also
difficult for drawing conclusion about whether th&riables contain unique information about
average returns as opposed to multiple regressopes which provide direct estimates of
marginal effects. Finally, sorts are inadequate dgamining the functional form of the

relation between stock returns and possible pricargable. (Fama & French, 2008)

The main advantage of the regression approach mesioned the direct interference of
marginal effects of the variable within the whobergple by imposing an functional form on
the relation between explanatory variables andmeturhe assumption of linear relationship
may be however incorrect. Regression can be alsondded by small companies because of
their large number as regression gives equal weggali companies. As returns of individual
stocks can be extreme, influential observationdlpra may be present in cross-sectional
regressions. In addition, high correlation of explary variables, i.e. multicollinearity, can
invalidate the estimates for the marginal effeétsmdividual variables. To investigate if there
are high correlations between explanatory varigblesompute cross-sectional Pearson
correlation in connection to the regression analySiorrelations also provide an univariate

test between an explanatory variable and stockmetu
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5.1 Cross-sectional correlations and regressions

| investigate the univariate linear relationshiptween idiosyncratic volatility, financial
distress and stock returns with cross-sectionakd@eacorrelations. | estimate the cross-
sectional correlations for the variables each mamith then calculate the time series means of
the correlation coefficients. Correlation matrixaiso useful in detecting correlation between
regression variables, which may induce a problemmaitticollinearity in the regression

results.

To control for various factors known to affect tbess-sectional returns and to provide a
direct comparison of the impact of financial disgeand idiosyncratic volatility on stock
returns, | employ the two-stage Fama-MacBeth (19&8)ession analysis. For each month, |
regress the excess return of all firms onto forechgliosyncratic volatility, distress risk in
previous month and a battery of control variablesvk to affect the cross-sectional stock
returns. These factors include market beta, siaek4o-market, momentum, liquidity and

short term reversal effects.

For the financial distress, | choose the..Dmeasure here instead of the probability of
financial distress as does Song (2008). This isuee the probabilistic measure of failure is
bounded between 0 and 1, which does not expandetiidine; in addition, the forecasted
failure probability heavily clusters close to 0. Asresult, | turn to the more spread-out

alternative distress measurg.Pfor the purpose of the Fama-MacBeth regressiotysisa

Market beta BETA) is obtained from the full period regression otiggon (2) for each firm
and then assigned to each month. Firm size is msh&y the market value of equityl{) in
the previous month. For book-to-market in the ppasiBEME), book equity is calculated as
defined earlier in connection to distress risk dagged 2 months to ensure that the
information is available prior the returns. Momenteffect is controlled by calculating the
cumulative return from month7 tot-2 (RET(-2 ,-7). Liquidity is measured by average share
turnover (TURN) in the past 36 months frafm38 to t-2 as in Chordia et al. (2001). | also
calculate the coefficient of variatidCVTURN) of the past 36 months’ turnovers. FuQq@p

uses the same measures of momentum and liquiditthérmore, to control for possible short

® Coefficient of variation is defined as the ratfttee standard deviation to the mean.
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term return reversal effect, a one month laggedrmgfRET(-1)) is added to the regression. To
mitigate the impact of outliers, all explanatoryrighles in the regression, except,lare

winsorized at 0.5% and 99.5%. Furthermore, extreshens of over 300% are excluded.

| use the Fama and MacBeth (1973) regression ttvaldhe cross-sectional correlation of the

residuals. | run the following cross-sectional esgion:

K
Rit =vor + Z VieXkit T €¢» 1=1,2,...,N,, t=12,...,T, 9)
k=1

where R is the realized return on stockn montht. X, are the explanatory variables of
cross-sectional expected returns described aboyvdemnbtes the total number of stocks in
montht, which can vary from month to month. T is the lgngf the time period and equals
456 in this study. In other words, in each mohtiegress the available monthly returns of all

firms to the explanatory variables and hence olitaie series for these variables.

To obtain the final estimatg,, | use the time series meansf as expected values, and
divide the expected value by coefficients variatcetest whether these are significantly
different from zero, i.e. | perform standard t-tedtformulas for expected value and variance

are:
1 T
Yk T t=1ykt (10)
Yte1Pree — 710)?
|74 V,) = 11
ar (V1) TT -1 (11)

The t-test is the average slope divided by its &®ees standard error, which is the square

root of the variance gf,divided by T (/Var(7)/T).

To control for the potential dominance of smallck®in the regression, the main results of
the regression are repeated separately for mionall,slarge and all but micro stocks as in
Fama and French (2008). The breakpoints to sepdnase groups are 20% and 50%
percentiles of market capitalization for NYSE swmtkThe separate regression for different

size groups also enable difference of means testth® average slopes to provide formal

19 Breakpoint data downloaded from Professor KenReginc’'s homepage:
http://mba.tuck.dartmouth.edu/pages/faculty/kendhédata_library.html
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inferences about whether the impact of idiosyncratlatility and financial distress differ

across size groups

5.2 Returns analysis of portfolios

| form portfolios to study the asset pricing impattidiosyncratic and distress risk to stock
returns. Portfolio strategy offers a simple nonapaetric and easily interpretable way to

analyze stock returns, imposing no linear resorgi

| start my analysis by exploring the effect of slfacratic and distress risk separately on stock
returns. For the univariate portfolio analysis, drtsall stocks based on the conditional
expectation of idiosyncratic volatility in month(distress risk in month t-1). | then form 5
portfolios at the end of month t-1 and hold thesgfplios for 1 month. | also report a long-
short portfolio, which goes long for the highestkriportfolio and shorts the lowest risk
portfolio. Because the total number of listed comes is not constant through time, the
number of firms included in each portfolio can véigm month to month. | also perform a

finer sort with 10 portfolios.

To study the interaction of the asset pricing intpaetween financial distress and
idiosyncratic volatility on stock returns, | fornd Zequentially sorted portfolios. | first sort
stocks into 5 quintiles based on their level otréiss, and within these quintiles further sort
stocks based on their idiosyncratic volatilityal$o perform the sorts the other way round. As
a robustness check, | perform independent sortevhérst sort five idiosyncratic volatility
and distress portfolios separately and then matabh efirm month observation to

corresponding distress / idiosyncratic volatilityrifolio.

To calculate abnormal returns of the formed padfll regress the monthly excess returns
over risk free rate of each portfolio to a simplarket model, Fama-French (1993) three-
factor model and Carhart (1997) four factor mdddlhe regression equations for each model

are respectively:

1 The Fama-French and Carhart benchmark factors,, $MB. and MOM are constructed from six size/book-
to-market benchmark portfolios that do not incliéd ranges and do not incur transaction cé$is: R, the
excess return on the market, is the value-weighgtan on all NYSE, AMEX, and NASDAQ stocks obtaine
from CRSP minus the one-month Treasury bill rate.
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Rjy — 15 = + ,Bj (Rt — 1) + €jt (12)
Rit =75 = @+ Bj (Rt —Tyc) +5; SMB.+ hj HML, + €, (13)
Rt — 75 =+ Bj (Rme —75t) +5; SMB. + hj HML, + m; MOM, + €, (14)

whereR; is the monthly return on portfolip r is the risk-free rateR.: is market return,
SMB is the difference between the returns on smalllange firm, HML; is the difference
between the returns on low and high market-to-bboks, and MOM; is the difference
between the returns on high and low prior retunmsiin a period front-12 to t-2. Finally, &

is the average monthly abnormal return of portfalio

In robustness checks, | additionally construct faddor model including a short-term return
reversal factor similar to Huang et al. (2008). higyiaet al. (2008) shows that omission of
previous month’s stock return can lead to a negbtibiased estimate of relation between
idiosyncratic risk and expected stock returns a@sfigavhen using volatility estimate derived
from daily returns. The additional return revertadtor, “winners minus loser” (WML) is
formed by taking a long position in past month’s\mers (the 10% best performing stocks)
and short position in the past months’ losers ({tb% worst performing stock$).Hence the

5 factor model is:
Rjt —15¢ = @j + Bj (Rt — 17¢) +'5; SMB, + hj HML, + m; MOM, + rWML,  (15)

+ €,

As | investigate the returns of distressed stotks,returns of stocks that are delisted need
special attention. If available, | use delistinturas reported by CRSP for the final month of
the firm before it disappears from the databasssume that the proceeds of delisted stocks
are reinvested to the remaining stocks in the plotf Assuming that the portfolio sells
distressed stocks at the end of the month infietsupward bias to the portfolio return as
documented by Shumway and Warther (1999). Howewés, is unlikely to be serious as
Campbell et al. (2008) results remain the same wio¢mising CRSP delisting returns.

2 The portfolios are downloadable from Professormé&h French’s homepage:
http://mba.tuck.dartmouth.edu/pages/faculty/kendhédata_library.html
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6. Analysis and empirical results

In this section | present the main empirical firgdirand results of this study. In the first part |
analyze the time series averages on my idiosyecratiatility and financial distress

measures. The second part includes the resultsoss-sectional Pearson correlations and
Fama Macbeth regressions. In third section | prtegenresults of portfolios sorted based on
idiosyncratic volatility and financial distressgclading both univariate and multivariate sorts.

The second part includes also various robustnesskstrelating to the portfolio sorts.

6.1 Time series development of idiosyncratic volatility and financial distress

This section presents the time series developmeaggregated measures of idiosyncratic
volatility and financial distress during the sampleriod. Figure 1 shows the time series of
value weighted average level of expected idiosyicralatility EGARCH_IVand realized
idiosyncratic volatilityR_IV. Over the whole sample period, average idiosyrmcketlatility
has almost doubled, though there is no clear upwarti as observed by Campbell et al.
(2001) in their study covering years from 1962 97. An upward trend can be observed
from 1971 to 2000, but from 2001 to 2007 the levkeldiosyncratic volatility is declining
until rising again steeply from fourth quarter &f0Z onwards. BotiEGARCH_IVandR_IV
tend to be higher during or right before NBER datszkssions, illustrating the cyclical nature
of idiosyncratic volatility and the stock marketaction leading the general economic
development. Equally weighted average idiosyncradiatilities plotted in Figure 2 behave
similarly. The strong spike in EGARCH_IV in both dels in 1973 coincides with the stock
market crash associated with devaluation of USaddlfter the collapse of Bretton Woods
system. The asymmetric effect of devaluation telgotlomestic and international firms in
NYSE, NASDAQ and AMEX combined with high overall latility could be a likely cause

for the spike in idiosyncratic volatility as measdifrom monthly returns.

The value weighted time series averagee G ARCH_IVis 9.1% and folR_IV 5.6 %. The
equally weighted time series averages are 16.3%larv®, correspondingly. | use monthly
returns to estimatEGARCH_IV while R_IVis based on daily returns, which explains a part
of the difference between the measures. When stqbarience small but persistent positive
or negative daily returnsR_IV is low whereasEGARCH_IVshould go up. Indeed, the
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difference betweeltGARCH_IVand R_IV is highest during relatively stable expansionary
periods like 2003-2007 when the volatility Bf 1V is low whereas during turbulent times
such as 2008R_1V is close or higher thattGARCH_IV.Due to the same reason,

EGARCH_IVis more persistent thdd V.
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Figure 1. Expected versusrealized aggregated value weighted idiosyncratic volatility. The figure shows the
time-series of level of expectetHGARCH_IV and realized idiosyncratic volatilit®_1V, from January 1971 to

December 2008. Shaded areas correspond to NBEBsiens.
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Figure 2. Expected versusrealized aggregated equally weighted idiosyncratic volatility. The figure shows
the time-series of level of expectdtlFARCH_IVand realized idiosyncratic volatilitR_IV, from January 1971

to December 2008. Shaded areas correspond to N8g&eRgions.
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Figure 3 plots the value weighted average levalisiiress risk ®_vw) and equally weighted
average level of distress risR (ew during the sample period from 1971 to 2008.

The value weighted average of the predicted failates is 0.036% over the whole period,
and the equally weighted average is 0.083%he difference reflects the predominance of
small firms among the distressed stocks Both measiend to rise during NBER recessions.
Both measures are also at their highest point duahthe end of the sample period in

December 2008, reflecting the severity of the aurrecession.
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Figure 3. Value and equally weighted aggregated level of distressrisk. The figure shows value and equally
weighted averages of the marginal probability ofksaptcy or failure P.;) from January 1971 to December
2008. Shaded areas correspond to NBER recessions.

6.2 Cross-sectional correlations and regressions

This section reports the results of simple Peacsorelations and cross-sectional regressions.
Table 3 presents the descriptive statistics opth@ed sample. The statistics are reported for
all available observations per each variable. Tkammonthly return in my sample period is
1.04%. The mean expected idiosyncratic volatiBfGARCH_1V) is 14.72% and the mean

13 Note that these probabilities are conditional pilities of firm defaulting at a particular dafe, months
forward, and not a cumulative probability of fadun 12 months.
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realized idiosyncratic volatility (R_IV) is 12.25% he mean BETA is 1.01 and median is
0.97.

Table 3. Descriptive Statistics of regression variables

The table reports the descriptive statistics ofesgjon variables. RET is the monthly raw retunporéed in
percentage. BETA is the stock beta estimated fioenfall period regression for each firm. MV is thrarket
value of equity in the previous month. Book-to-nerlkequity (BEME) is the latest available quartdntyok
equity divided by market value of equity in theyoeis month. R_IV is the realized idiosyncratidatdity.
GARCH_IV (EGARCH_IV) is the conditional idiosynciat volatility estimate by GARCH(1,1)
(EGARCH(1,1)) model. The measure of financial distr (R,) is measured as in Campbell et al. (2008). RET(-
2,-7) is the cumulative return from month t-7to.t'PURN is the average turnover and CVTURN is the
coefficient of variation of turnovers in the pa& ®onths. MV, BEME, TURN and CVTURN are as the naitu
logarithm due to their high skewness. All variabtecept RET and 3 are winsorized at 0.5% and 99.5%
levels. Observations with monthly returns greaktemt300% are deleted. The sample period is froni 187
2008.

Variable Mean Median Std. Dev. Skew Min Max Observations
RET 1.04 0.00 17.35 2.19 -100.00 300.00 2,337,190
R_IV 12.25 6.52 15.43 1.28 2.08 30.01 2,338,065
GARCH 14.60 11.58 14.69 1.16 2.97 28.70 2,160,969
EGARCH_IV 1472 11.18 15.32 1.23 5.04 30.54 2,071,079
D1 -71.47 -7.60 0.90 0.84 -10.24 -2.80 1,921,534
BETA 1.01 0.97 0.75 0.59 -6.34 9.45 2,337,190
In(MV) 4.49 4.35 2.13 0.29 -0.24 10.50 2,340,100
In(BEME) -0.50 -0.45 1.02 0.09 -3.98 3.72 1,921,534
RET(-2, -7) 4.93 2.66 31.29 0.41 -49.02 74.89 2,232,368
IN(TURN) -2.97 -2.93 1.05 -0.13 -4.95 -1.18 2,623,217
In(CVTURN) -0.39 -0.38 0.41 -0.03 -1.14 0.36 2,592,383

6.2.1 Simple correlations

| start the cross-sectional regression test by sigating the correlations between the
variables, which can be regarded as a univariate.t€able 4 presents the correlation matrix.
| compute cross-sectional Pearson correlations eeetth and report the time series means of

the correlations with t-statistics.

The simple correlation between monthly stock retuamd distress is risk is negative and
significant at 5% level, which is consistent wittar@pbell et al. (2008). Correlation of

GARCH_IVwith stock returns is not significant bEGARCH_IVdoes correlate positively

with stock returns and the correlation is significat 1% level. Furthermore, realized
idiosyncratic volatility,R_I1V exhibits a significant positive correlation wRETbutL_IV has

a significant negative correlation, which are cetesit with the results of Fu (2009) and Ang
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et al. (2006). The results of the Pearson coroglahus imply a positive relation between
idiosyncratic risk and returicGARCH_IVseems to outperfortBARCH_1Vin predicting the

expected value of idiosyncratic volatility in thext month.

Consistent with the findings in the earlier litena, the returns are positively relatedBteME
and past 6 months returns but negatively correlat@d previous month’s returns and
liquidity as measured by average share turnoMdRN Size correlates negatively with
returns but is not statistically significant ashie case with other liquidity measu@yTURN
As shown by Fama and French (1992), the relatitwdsn stock returns and marlBETAIs
close to zero and statistically insignificant. Citiathal idiosyncratic volatilities as measured
by EGARCH_IVare positively relateETA and two liquidity variables and negatively
related to size and book-to-market, which is cdastswith Fu (2009). The same applies also
for R_IV. The correlation betwedBGARCH_IVor R_IV and lagged returnrRET(-2, -7)and
RET(-1)is surprisingly negative, implying that past loaturns lead to lower idiosyncratic
volatility. Based on finding by Black (1976) thattal volatility is negatively correlated with
past stock returns, one could have expected tleatl¢éwerage-effect” would also apply for

idiosyncratic volatility.

Correlation between distress measiig and GARCH_1Vis quite high at 0.45, which may
pose multicollinearity problem for the regressi@sults. The high correlation also indicates
that the two measures are closely related as @qulan the literature review. The correlation
between lagged idiosyncratic volatility and realizdiosyncratic volatility is as high as 0.79,
indicating persistence in idiosyncratic volatilityhis differs somewhat from the results of Fu
(2009) who find that idiosyncratic volatilities dot follow a random walk process.



Table4. Correlation matrix of regression variables

The table presents cross-sectional Pearson caoreddor regression variables. RET is the monthly return reported in percentage. BETA is the stoath estimated from
the full period regression for each firm. MV is tharket value of equity in the previous month. Béokmarket equity (BEME) is the latest availableaderly book equity
divided by market value of equity in the previousnth. R_IV is the realized idiosyncratic volatilignd L_IV is the lagged idiosyncratic volatility lyne month.
GARCH_IV (EGARCH_IV) is the conditional idiosyncratvolatility estimate by GARCH(1,1) (EGARCH(1,I))odel. The measure of financial distress (Dt-Ipéasured
as in Campbell et al. (2008). RET(-2,-7) is the alative return from month t-7to t-2 and RET(-1)ré&turn on the previous month. TURN is the averageaver and
CVTURN is the coefficient of variation of turnoversthe past 36 months. MV, BEME, TURN and CVTURIé as the natural logarithm due to their high skesgn All
variables except RET and Dt-1 are winsorized a¥0ahid 99.5% levels. Observations with monthly megugreater than 300% are deleted. The sample pisrfooim 1971
to 2008. For each variable of interest. ***, ** dtiindicate that the estimate is statisticallyfeliént from zero at 0.1%, 1% and 5% confidencel$eraspectively.

R_IV LIV GARVCH—' EGA|5CH— D1 BETA In(MV) (BE'RAE) (_'EET?) RET(-1)  In(TURN) '”(C,\\l/)T UR
ET 0.054*  -0.017*  -0.012 0.018~  -0.017* -0.001 ~006 0.032%*  0.026%*  -0.041™*  -0.024** _ -0.003
. 0.794%*  0.407**  0.358**  0.333**  0.084**  -0.300**  -0.003 -0.113%*  -0.036**  0.081***  0.197***
L 0.427+*  0.361%*  0.345%*  0.084***  -0.207**  -0.011* -0.117%*  0.054%*  0.082%*  0.198%*
GARCH 0.789%*  0.451**  0.188**  -0.511%*  -0.138**  -0.083**  0.018* 0.273%*  0.353*

v
Skok Sokok ~ Sk N kk N Fokok ~ Sk Hokok F*kk
EGARCH_IV 0.428 0.133 0.455 0.110 0.132 0.035 0.220 0.294
5 0.033**  -0.512%*  0.172%*  -0.368**  -0.199%*  -0.001 0.255

t-1
Fokk N Sokk N Sokk N Sokok
BETA 0.157 0.093 0.006 0.001 0.288 068
-0.264%% 0174 0.06%* 01317  -0.535%

In(MV)
-0.211%%  -0.109%*  -0.141%*  0.113%*

In(BEME)
0.007 -0.013* 0.010*
RET(-2, -7)
_ *kk N

RET(D) 0.023 0.004

-0.044%
IN(TURN)

144
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6.2.2 Fama-MacBeth cross-sectional regressions

The results of the cross-sectional Fama-MacBettessgns are reported in Table 5. Model 1
replicates the main results by Fama and French2j138hich is highly influential in the
literature of cross-sectional return studies. Motlehows that size and book to market are
significant determinants of cross-sectional retummereas the relation between market beta
and return is not statistically significant. Srealfirms have on average higher returns than
larger firms and value firms tend to have highéunmes than growth firms. Model 2 regresses
the other control variables to returns. Consist@ith previous literature, momentum as
measured bRET(-2, -7)is positively related to returns bRET(-1)shows short term return
reversal. Both liquidity measurelJRN and CVTURNenter the regression with significant

negative coefficients as expected.

Models 3 and 4 show th&ARCH_1Vis not significantly related to returns. Howeveigdel

5 and 6 provide evidence that conditional idiosgticr volatility as measured by
EGARCH_IVis positively related to stock returns. The cadint for EGARCH_IVis
significant at 0.1% level in both models. The ageralope of in Model 6 of 0.11 means that a
as the standard deviation for idiosyncratic valgtils about 15%, a stock with one standard
deviation higher idiosyncratic volatility than ahet stock, would earn about 1.5% higher
average return in a month. This implies that th&cef of idiosyncratic volatility is

economically significant.

The regression results of Models 3 and 4 &IR_IV and GARCHpqg_IVare reported in
Appendix 2. These models for conditional idiosyticraolatility provide evidence that the
positive relation uncovered by EGARCH_IV does nepehd only on specifications of the
EGARCH volatility model. On univariate regressioi&JR_IV and GARCHpq_IVdo not
have significant slopes but after including thetoolnvariables, both have a positive relation
with stock returns, which is significant at 0.1%d& In other words, the positive relation
between idiosyncratic volatility and stock returisssomewhat weaker witleJR_IV and
GARCHpq_IV but they provide evidence that simple GARCH_IVdalis not adequate for
modeling expected idiosyncratic volatility. The ukts are consistent with previous literature,
for example Pagan and Schwert (1990) find that EGARnodels are the most appropriate to

model monthly stock returns.
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In Model 7 | perform an univariate regression dbire on distress risk:.;. Model 8 includes

the set of control variables into regression. Belf, the distress risk is not significant
determinant of returns in Model 7, but inclusion aaintrol variables discovers a negative
relation significant at 5% level. The negative tiela is consistent with hypothesis and

Campbell et al. (2008) who employ the same meadullestress.

Models 9 to 11 compare the relative pricing poweidmsyncratic volatility as measured by
EGARCH_IV and financial distress by including baththem into regression with or without
a set of control variables. In spite of high catiein between the two measures, inclusion of
both variables actually increases their signifi@ario Model 5 | perform univariate regression
of return on EGARCH_IV. The slope of EGARCH_IV iS00 that is significant at 0.1%
level. The results is very similar although slightiveaker to Fu (2009) who uses
EGARCH(p,q) model for expected idiosyncratic viligt'*. In Model 11, which includes all
control variables with idiosyncratic volatility arfthancial distress, a slope of EGARCH_IV
is 0.14 (with t-statistic of 10.96) arid.; has a slope of -0.64 (with a t-statistic of 5.48).
word of caution in interpreting the results needsaised here about multicollinearity problem
between the variables. Models 9 and 10 show thkdaat control variables are not causing
incorrect interference of the results as both EGARIKY andD;.; have the same sign and are
significant whether some control variables areuded or not. The adjusted R squared of
Model 11 is however only 5.68% whereas in Modelandl 8, which include all control
variables and either EGARCH_IV ®,, the adjusted R squared are 7.08% and 6.70%.
Inclusion of both EGARCH_IV and; into the regression brings thus so little new
information about stock returns that penalty ofluding extra variables leads to a lower
adjusted R squared. Nevertheless, the resultsoateadictory to the findings of Song (2008)
and Chen and Chollete (2006) who find that theipgigower of idiosyncratic volatility is

eliminated when accounting for distress risk.

Models 12-14 regres returns on lagged idiosyncratlatility L_IV, which has been used in
the earlier studies by Song (2008) and Chen andl€E&q2006) as a proxy for realized
idiosyncratic volatility. Model 12 replicates thegression by Fu (2009) who also finds a
negative relation between lagged idiosyncratic Mdlaand stock returns. The slope of the
regression for L_IV in model 12 of -0.02 (withtasstic of 3.29) is the same as in Fu (2009)

1 Fu (2009) finds the slope of expected idiosyncradilatility in univariate regression of 0.11 wit-statistic
of 9.05.
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who uses a period of 1963-2006. Model 13 inclutlesfull set of control variables including
lagged one month return. Contrary to Fu (2009) ldoeng et al. (2008) who claim that the
negative relation between lagged idiosyncratic tddkaand stock returns is due to short term
return reversal, inclusion of RET(-1) does not reemdhe significant negative relation
between L_IV and stock returns. However, as note&tng (2008) and Chen and Chollete
(2006), controlling for distress risk eliminatedetipricing power of lagged idiosyncratic
volatility. This is confirmed in Model 14, whichetudesDy.; into regression. After this, L IV

is no longer significant pricing factor.

Models 15-17 provide additional proof of a positretation between idiosyncratic volatility
and stock return by regressing returns on reaidiedyncratic volatility, R_IV. In Model 17,
inclusion of distress risk does not reduce the amagiory power of R_IV. This provides
additional proof that idiosyncratic volatility ardistress risk are two different asset pricing
factors with opposite effect. The correlation bew®;.; and R_IV is 0.33 meaning that
multicollinearity as not as big problem in Model 43 in Model 11 with EGARCH_IV. This

can be also from adjusted R squared of 7.79% sh&ei highest of all the models.



Table 5. Fama-M acBeth regressions
The table presents the results of cross-secticamiaFMacBeth regression. RET is the monthly rawrnetaported in percentage. BETA is the stock bstamated from the
full period regression for each firm. MV is the rketr value of equity in the previous month. Bookatarket equity (BEME) is the latest available qudytbook equity
divided by market value of equity in the previousnth. R_IV is the realized idiosyncratic volatilignd L_IV is the lagged idiosyncratic volatility lyne month.
GARCH_IV (EGARCH_IV) is the conditional idiosyncratvolatility estimate by GARCH(1,1) (EGARCH(1,I))odel. The measure of financial distress (Dt-Ipéasured
as in Campbell et al. (2008). RET(-2,-7) is the alative return from month t-7to t-2 and RET(-1)ré&turn on the previous month. TURN is the averagraver and
CVTURN is the coefficient of variation of turnoversthe past 36 months. MV, BEME, TURN and CVTURIé as the natural logarithm due to their high skesgn All

variables except RET and Dt-1 are winsorized éahd 99.5% levels. Observations with monthly mefugreater than 300% are deleted.The sample pisrfooim 1971 to
2008. For each variable of interest. *** ** andridicate that the estimate is statistically diéfetrfrom zero at 0.1%, 1% and 5% confidence leredpectively.

Model BETA IN(ME)  INBEME) RET(-2-7) RET(-1)  In(TRN) '“(Cl\\l/)T UR GARGHI EGARCH Dy LIV R_IV Algzj'

1 0.38 0.14 0.34 3.97
(1.87) (2655  (3.96)*

2 0.42 0.17 0.29 0.01 -0.06 0.24 0.38 6.31
232 (361 (341 (6.48)*  (L0.75)%F (3.0 (4.76)%

3 0.01 2.20

(0.41)

4 0.45 0.14 0.27 0.01 -0.06 032 -0.39 0.02 806
@41 (AL (299)%  (6.66)%F (1051  (4.89)%  (479)*  (1.08)

5 0.07 1.92

(4.09)*

6 0.32 0.00 0.41 0.02 -0.06 0.43 -0.48 0.11 087.
(L.71) (0.10) (5.27)™*  (7.46)%* (1L03)** (595  (6.51)" (7.74y

7 -0.06 1.86

(0.38)

8 0.45 023 0.34 0.01 0.07 021 037 033 6.70

241 (565 (4.03)%F  (447)%  (13.10)%  (2.67)%  (4.63)% (2.31)*

8v



Table5 continued. Fama-MacBeth regressions

Model BETA In(ME)  INBEME) RET(-2-7) RET(-1)  In(TRN) '“(Cl\\l/)T UR GARGHI EGARCH Dy LIV R_IV Algzj'
9 0.10 -0.34 3.15
(619 (2.84)
10 0.23 0.03 0.58 0.11 10,50 3.15
(1.15) (0.78) (7.40)* (8.68)  (4.20)"
11 0.33 -0.06 0.49 0.01 0.07 0.42 0.48 014  640. 5.68
(1.74) (1.89) (6.49)*  (4.06)™* (L3.47)**  (6.3F*  (6.56)"* (10.96)*  (5.40)"*+
12 0.18 0.40 0.02 0.10 0.38 0.02 455
(4020 (400  (7.07)" (1.00) (3.8)* (3.20)
13 0.41 0.17 0.33 0.01 -0.06 023 -0.40 0.02 6.41
219 (3.93)%*  (A0L)™*  (6.20)* (10.99)*  (3.07)%  (4.84)" (3.35)*
14 0.43 023 0.35 0.01 0.07 021 -0.38 034 001 6.71
231 (581 (454 (AAT) (14.03)F (2717 (4.68)% 2.46)  (1.40)
15 -0.02 0.49 0.02 023 -0.49 0.14 5.55
(0.35) (4.39)  (8.17)" 237)F  (4.69) (11.93)*
16 0.19 0.02 0.37 0.02 -0.06 033 -0.49 013 7.35
(1.03) (0.39) (A19)  (7.28)%* (LL6Y)™*  (4.4J*  (5.78)" (11.43)+*
17 0.25 011 0.43 0.01 0.07 030 -0.49 0.64 0.14 7.79
(1.36) (B.06)™  (55Ly™*  (A20)% (1458 (304  (5.65)* (4.35)* (12.35)*+*

SN
©
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Table 6 reports the results of regressions of Mddetseparately for micro, small, large and
all but micro stocks to control for the potenti@ntinance of small stocks in the regression.
The average slopes of the regression together tvathtistics for different size groups are
reported in Panel A. The differences between the¥ame slopes are reported in Panel B in
order to draw formal interference if the pricingpatt of regression variables is different in

different size groups.

Firstly, looking at the effect of control variablegthin different size groups reveals the same
conclusions as in Fama and French (2008). Theedfeet is significant in micro and large
stocks but not in small stocks. The value effecitisng within micro and small stocks but
only just significant within large stocks. Momentwand liquidity effects are only significant
in micro and small stocks whereas short term retewersal is significant in all size groups.
The prevalence of anomalies or liquidity effectsnitro and small stocks reflects the fact that
smaller stocks are more difficult to arbitrage fwofessional investors (e.g. Campbell et al.,
2008). The results are in line with Fama and Frg2€08) except that they find value effect
to be insignificant within large stocks and the nemitum effect to be pervasive among all

size groups.

The regression between the size groups reveal ithasyncratic volatility effect is
concentrated in micro and small stocks whereagptilseng impact of distress risk is prevalent
in all size groups. From Panel A we can see thasyahcratic volatility effect is very strong
within the smallest micro stocks. The slope of E@&R IV is 0.19 (t-statistic of 12.68). For
small stocks, the slope is only 0.03 but still figant at 5% level. However, for large stocks
or all but micro stocks, EGARCH_IV is not statislly significant. The distress risk on the
other hand is also strongest within the micro stakd weakest for large stocks. The slope of
D:.1 is -0.95 for micro stocks, -0.64 for small stocasd -0.39 for large stocks. However, the

distress risk is still statistically significant@tL% level within all size groups.

Panel B confirms the conclusion drawn from insgetf regression slopes in Panel A. The
differences between any size groups are signifiteante GARCH_IV andDy.1, so that in
larger stocks the absolute effect of EGARCH_I\Dgj is smaller.



Table 6. Fama-MacBeth regressionsin different size groups

The table presents the results of cross-sectica@iaFMacBeth regression within size groups. The gimaps: micro, small, large and all but micro &®are defined as in
Fama and French (2008). The breakpoints to septmase groups are 20% and 50% percentiles of masgjstalization for NYSE stocks. The t-statistics the average
regression slopes (or for the differences betwbheratrerage slopes) use the time-series standaratides of the monthly slopes (or the differencesaeen the monthly
slopes). The sample period is from September 18Tletember 2008. First 8 months of the originalgarperiod are excluded as micro stocks have no fitonths with
all required data within that period, in Septemb@r1 there are 56 micro stocks with all requirethdBor each variable of interest. ***, ** and ridicate that the estimate
is statistically different from zero at 0.1%, 1%dd&P6 confidence levels respectively.

Size percentile BETA In(ME) In(BEME) RET(-2,-7) RET) In(TURN) In(CVTURN) EGARCH_IV [} Agzj
Panel A: Model 11 within size groups

All stocks 0.33 -0.06 0.49 0.01 -0.07 -0.42 -0.48 0.14 -0.64 5.68
(1.74) (1.89) (6.49)*** (4.06)*** (13.47)*x* (6.33* (6.56)** (10.96)*** (5.40)**

Micro 0.50 -0.25 0.60 0.01 -0.08 -0.54 -0.54 0.19 -0.95 6.08
(2.54)* (4.31)** (9.00)*** (3.54)** (17.41)%* (7.44)%* (5.81)*** (12.68)*** (14.06)***

Small 0.28 -0.07 0.35 0.01 -0.04 -0.16 -0.41 0.03 -0.64 8.01
(1.45) (0.77) (4.82)*** (4.54)* (6.93)** (2.19% (3.94)*** (2.02)* (6.47)***

Large 0.03 -0.11 0.19 0.00 -0.04 -0.07 -0.16 -0.01 -0.39 11.39
(0.15) (2.62)** (2.49)* (1.13) (6.3)** (2.07) (B8) (0.34) (3.69)**

All but micro 0.21 -0.10 0.27 0.01 -0.03 -0.14 ®.2 0.02 -0.53 9.35
(1.12) (2.8)* (4.48)** (3.52)*** (7.58)*** (2.3)* (3.14)* (1.43) (6.48)**

Panel B: Differences between the average slopes

Micro- Small 0.22 -0.18 0.26 0.00 -0.04 -0.38 0.1 0.15 -0.32
(1.75) (1.68) (3.24)* (1.59) (8.06)*** (5.56)*** (0.98) (9.1)x* (3.52)***

Micro - Large 0.46 -0.14 0.42 0.00 -0.04 -0.47 0.3 0.19 -0.56
(2.52)* (1.95) (4.71)%* (1.13) (8.08)*** (6.28)** (2.91)* (10.75)*** (4.72)**

Micro - All but 0.28 -0.14 0.33 0.00 -0.05 -0.40 -0.29 0.17 -0.43

micro (2.21)* (2.07)* (4.48)** (0.52) (10.15)*** (6.55)** (2.39)* (11.6)** (5.07)***

Small - Large 0.25 0.04 0.16 0.01 0.00 -0.09 -0.25 0.04 -0.24

(1.61) (0.42) (2.07)* (2.53)* (0.36) (1.32) (2.32) (2.24)* (2.00)*

TS
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6.3 Return analysis of portfolios

This part presents the results of portfolios forntesed on idiosyncratic volatility and

financial distress. Based on the evidence from d&aviacbeth regression, | employ
EGARCH_IV as the measure of expected idiosyncradiatility. The first section reports

univariate sort results based on idiosyncratic tldla and the second section based on
financial distress. In third section | analyze thesults of the distressed controlled
idiosyncratic volatility sort and in the fourth sien of the idiosyncratic volatility controlled

distress risk sort.

6.3.1 Idiosyncratic volatility

Table 7 reports the results of trading portfoliogted based oBGARCH_IV Panel A reports
the monthly value weighted simple returns in excafs3reasury bill rate, with t-statistics
below in parentheses, and then alphas with regpeitte CAPM, the three-factor model of
Fama and French (1993), and a four-factor modepgwed by Carhart (1997). Panel B
reports estimated factor loadings for excess retomthe three Fama—French factors with t-
statistics. Panel C reports some relevant charsttsr for the portfolios: the skewness of
each portfolio’s excess return, the mean markeateyaharket-to-book, and estimated failure

probability for each portfolio.

The value weighted portfolio alphas reported indbak do not show a robust statistically
significant difference in portfolios sorted basedE©BGARCH_IV. The monthly Fama-French
alpha for the long-short portfolio holding the hégih idiosyncratic volatility stocks and

shorting the safest stocks is -0.48% but statibfigasignificant.
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Table 7. Returnson value weighted idiosyncratic volatility sorted portfolios

The table presents value weighted monthly percentaturns of 5 portfolios sorted based level ofestpd
idiosyncratic risk. Portfolio 1 (5) consists of ks with the lowest (highest) volatility measureneTreturn
spread of “5-1" refers to the difference in montihdturns between portfolio 5 and portfolio 1. ImpBA, |
report monthly alphas of value-weighted excessrmstwn a constant, market return (CAPM alpha), Fama
French 3-factor model and Carhart (1997) 4-factadeh with t-statistics in parentheses. Panel Bwsho
loadings on the three factor alphas and correspgnthistatistics. Panel C reports portfolio charasties
including skewness, mean size, market to book (iB) and expected idiosyncratic volatility, EGARCH,

for each portfolio. The sample period is from 1932008. For each variable of interest. ***, ** @p indicate
that the estimate is statistically different froer@ at 0.1%, 1% and 5% confidence levels respégtive

Portfolios 1 2 3 4 5 5-1
Panel A: Portfolio alphas

Mean excess return 0.45 0.42 0.49 0.22 0.24 -0.21
(2.34)* (1.80) (1.75) (0.64) (0.61) (0.71)

CAPM alpha 0.12 0.01 0.01 -0.34 -0.36 -0.48
(1.75) (0.09) (0.07) (2.17)* (1.68) (1.83)

3-factor alpha 0.06 -0.04 0.02 -0.26 -0.23 -0.29
(1.07) (0.58) (0.17) (2.05)* (1.39) (1.51)

4-factor alpha 0.06 -0.01 0.08 -0.17 -0.22 -0.29
(1.06) (0.11) (0.80) (1.31) (1.31) (1.44)

Panel B: Three-factor regression coefficients
RM 0.93 1.07 1.14 1.23 1.25 0.32
(69.00)***  (68.91)***  (50.57)***  (40.25)***  (31.82)*** (7.06)***
SMB -0.20 0.03 0.25 0.54 0.85 1.05
(11.25)%** (1.32) (8.29)*  (13.07)***  (15.99)*** (17.02)**

HML 0.15 0.08 -0.07 -0.25 -0.43 -0.58

(7.36)*** (3.25)** (2.04)* (5.39)*** (7.28)*** (8.41)**
Panel C: Portfolio characteristics

Skewness -0.240 -0.556 -0.353 -0.382 -0.362

Size ($mil) 3895 1920 1003 434 206

MB 2.114 2.252 2.484 3.044 4.224

EGARCH_IV (%) 6.029 8.758 11.566 15.466 30.359

MeanP (%) 0.046 0.050 0.067 0.100 0.182

Factor loadings reported in Panel B show that stadkh low failure idiosyncratic risk have
betas less than one and negative loadings onzbdastorSMBand positive loadings on the
value factorHML. The high distress risk stocks have betas mone om&, positive loadings
on SMB and negativeHML factors. High idiosyncratic volatility stocks hevhus high
proportion of small, growth firms as opposed tagéarvalue firms among the safest stocks.

This is consistent for example with the result&0f(2009).

The size of the companies is monotonically decngpsvith higher level of idiosyncratic
volatility as reported in Panel C. Furthermore, thwarket-to-book value increases

monotonically with higher EGARCH_IV. The strong calation between EGARCH_IV and
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D.: is apparent also in portfolios sorts. The meaturfaiof probability ) increases also

monotonically as idiosyncratic risk increases.

Possible reasons to why sorts in Tabl@éo not uncover a relation between idiosyncrasg ri
and return include that the relation is only vieilbh more extreme ends than lowest and
highest quintile or that using value weighted nesuleads large stocks to dominate the results.
Given the evidence from regression within differesize groups, which show that
idiosyncratic volatility is only significant in mio and small stocks, the latter explanation is
likely.

Table 8 reports a finer sort of portfolios of idyosratic risk portfolios into 10 portfolios,
where the first portfolio consists of the 10% oé ttocks with lowest BARCH_IVand last
portfolio with the highest level of GARCH_IV The monthly alphas of a long short portfolio
that goes long the 10% of stocks with high risk ahdrts the safest 10% are not statistically
significant in any pricing model as in the 5 politiosort. However, the finer sort reveals
significant negative returns in 70 to 80 and 8@@apercentile portfolios and positive returns
in the least risk portfolio. These results woulddioate a negative relation between
EGARCH_IV and stock returns, contrary to the resdfom Fama MacBeth regressions.
These puzzling results may be however explainedhigy correlation of idiosyncratic
volatility and distress risk in EGARCH_IV sortedrgolios. The average failure probability
for the lowest EGARCH_IV portfolio is 0.045%, whasefor the 70 to 80 percentile the
failure probability is 0.111% and for 90 to 100 gantile 0.214%. Comparison of these values
with finer sort based on distress risk that is reggbin Table 11 , the 70 to 80 percentile has a
statistically significant negative three factor fpwith an average failure probability of
0.093%, i.e. smaller than 70 to 80 percentile base&GARCH_IV. Thus low returns of 70
to 80 and 80 to 90 percentiles of EGARCH_IV sortyrba due to high distress risk in those
portfolios. The highest EGARCH_IV portfolio howevieas actually positive returns though
they are not statistically significant. Factor lowgs reported in Panel B and portfolio

characteristics reported in Panel C confirm thectumions from the earlier sort.

Table 9 reports the equally weighted returns adfiBGARCH_IV sort. The equally weighted
returns provide strong evidence of a positive m@abetween idiosyncratic volatility and

returns. The monthly alphas of a long short podfokported in Panel A are statistically
significant at 0.1% level for all pricing model3he monthly three factor alpha of 1.72% of
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the long short portfolio is also economically higtgignificant. The results provide further
evidence that idiosyncratic risk is positively telh to stock returns, but the effect is largely

driven by smaller stocks.



Table8. Finer sort of value weighted idiosyncratic volatility portfolios

The table presents value weighted monthly percentamrns of 10 portfolios sorted based level gfeeted idiosyncratic risk, EGARCH_IV. Portfolio 10) consists of
stocks with the lowest (highest) volatility measurie return spread of “10-1" refers to the diffeze in monthly returns between portfolio 10 andtfodio 1. In panel A, |
report monthly alphas of value-weighted excessrmston a constant, market return (CAPM alpha), FRmach 3-factor model and Carhart (1997) 4-factodel with t-
statistics in parentheses. Panel B shows loadinghe three factor alphas and corresponding isttst Panel C reports portfolio characteristimduding skewness, mean
size, market to book ratio (MB) and expected idimsgtic volatility, GARCH_IV, for each portfolio.l#e sample period is from 1971 to 2008. For eaclabkr of interest.
o+ and * indicate that the estimate is stdtcally different from zero at 0.1%, 1% and 5% ddafice levels respectively.

Portfolios 1 2 3 4 5 6 7 8 9 10 10-1
Panel A: Portfolio alphas

Mc_ean excess 0.54 0.31 0.42 0.43 0.54 0.49 0.33 0.06 -0.11 0.71 0.17
(2.83)** (1.50) (2.79) (2.73) (1.98)* (1.58) (0)p8 (0.16) (0.29) (1.70) (0.50)

CAPM alpha 0.22 -0.04 0.01 0.00 0.08 -0.02 -0.22 .510 -0.73 0.10 -0.12
(2.74)* (0.54) (0.13) (0.01) (0.73) (0.16) (1.37) (2.75)** (3.36)*** (0.39) (0.39)

3-factor alpha 0.15 -0.10 -0.06 -0.04 0.09 -0.02 .160 -0.43 -0.62 0.27 0.12
(2.24)* (1.26) (0.74) (0.47) (0.78) (0.13) (1.12) (2.85)** (3.69)*** (1.31) (0.50)

4-factor alpha 0.14 -0.08 -0.03 0.01 0.15 0.06 30.0 -0.37 -0.59 0.32 0.18
(1.99)* (1.00) (0.32) (0.09) (1.37) (0.50) (0.18) (2.39)* (3.38)*** (1.48) (0.73)

Panel B: Three-factor regression coefficients
RM 0.90 0.96 1.07 1.08 1.12 1.20 1.24 1.23 1.29 41.2 0.34
(56.31)** (52.12 )% (59.83)*** (51.07)** (43.14)**= (39.81)** (36.78)*** (34.02)** (32.06)*** (2 5.32)**=* (6.07)***
SMB -0.24 -0.12 -0.03 0.13 0.19 0.38 0.47 0.67 0.84 0.89 1.13
(11.30)*** (4.95)*** (1.12) (4.5)**=* (5.42)*** (9.51)**= (10.33)*** (13.81)** (15.48)*** (13.45)** (15.09)***

HML 0.18 0.13 0.13 0.05 -0.05 -0.09 -0.21 -0.29 370. -0.51 -0.69

(7.45)*** (4.62)** (4.70)%* (1.63) (1.25) (2.04% (4.16)** (5.26)*** (6.05)**= (6.84)** (8.17)***
Panel C: Portfolio characteristics

Skewness -0.001 -0.546 -0.556 -0.496 -0.165 -0.284 -0.269 -0.389 -0.433 -0.139

Size ($mil) 4561 3229 2263 1578 1183 824 523 345 2 23 181

MB 2.000 2.228 2.246 2.258 2.402 2.565 2.820 3.269 3.843 4.614

EGARCH_IV 5.036 6.881 8.115 9.358 10.739 12.336 214. 16.622 20.475 37.728

MeanP (%) 0.045 0.046 0.048 0.052 0.061 0.073 0.089 0.111 490.1 0.214




Table9. Finer sort of equally weighted idiosyncratic volatility portfolios

The table presents equally weighted monthly peagenteturns of 10 portfolios sorted based levelxpiected idiosyncratic risk, EGARCH_IV. Portfolio(10) consists of
stocks with the lowest (highest) volatility measurie return spread of “10-1" refers to the diffeze in monthly returns between portfolio 10 andtfodio 1. In panel A, |
report monthly alphas of value-weighted excessrmston a constant, market return (CAPM alpha), FRmach 3-factor model and Carhart (1997) 4-factodel with t-
statistics in parentheses. Panel B shows loadinghe three factor alphas and corresponding isttat Panel C reports portfolio characteristimduding skewness, mean
size, market to book ratio (MB) and expected idimsgtic volatility, GARCH_IV, for each portfolio.l#e sample period is from 1971 to 2008. For eaclabkr of interest.

*** ** and * indicate that the estimate is stétlly different from zero at 0.1%, 1% and 5% ddaefce levels respectively.

Portfolios 1 2 3 4 5 6 7 8 9 10 10-1
Panel A: Portfolio alphas
Mean excess 0.51 0.46 0.55 0.58 0.56 0.39 0.41 0.32 0.39 2.45 941
' (3.01)* (2.3)* (2.53)* (2.49)* (2.19)* (1.39) (B2) (0.96) (1.02) (5.14)%** (4.8)***

CAPM alpha 0.24 0.14 0.20 0.20 0.15 -0.05 -0.07 180. -0.15 1.85 1.6
(2.72)* (1.41) (2.91) (1.82) (1.18) (0.32) (0.38) (0.92) (0.61) (5.3)*** (4.43)***

3-factor alpha -0.02 -0.14 -0.10 -0.07 -0.10 -0.31 -0.32 -0.37 -0.37 1.70 1.72
(0.29) (1.86) (1.41) (0.93) (1.33) (3.5)*** (2.99) (3.07)* (2.26)* (6.31)*** (5.9)***

4-factor alpha 0.01 -0.09 -0.02 0.02 0.02 -0.16 140. -0.19 -0.13 2.04 2.03
(0.14) (1.17) (0.35) (0.30) (0.22) (1.83) (2.3) .5@) (0.81) (7.53)*** (6.87)***

Panel B: Three-factor regression coefficients
RM 0.76 0.89 0.95 0.96 1.00 1.04 1.09 1.10 1.14 21.2 0.46
(46.64)** (51.03)** (57.26)*** (54.75)** (54.14)**= (48.94)** (43.07)** (37.7)*** (29.36)*** (18 .94)*** (6.59)***

SMB 0.17 0.28 0.42 0.53 0.66 0.84 0.98 1.07 1.29 55 1. 1.38
(7.94)%* (11.94)** (18.76)*** (22.5)*** (26.68)*** (29.39)*** (28.62)** (27.42)** (24.54)%* (17. 98)*** (14.75)**

HML 0.46 0.45 0.47 0.40 0.33 0.31 0.26 0.14 0.14 .060 -0.52

(18.66)*** (17.08)*** (18.58)*** (14.86)*** (11.66)*** (9.81)** (6.85)*** (3.1)* (2.34)* (0.62) (4.94)**
Panel C: Portfolio characteristics

Skewness -0.001 -0.546 -0.556 -0.496 -0.165 -0.284 -0.269 -0.389 -0.433 -0.139

Size ($mil) 4561 3229 2263 1578 1183 824 523 345 2 23 181

MB 2.000 2.228 2.246 2.258 2.402 2.565 2.820 3.269 3.843 4.614

EGARCH_IV 5.036 6.881 8.115 9.358 10.739 12.336 214. 16.622 20.475 37.728
0.045 0.046 0.048 0.052 0.061 0.073 0.089 0.111 490.1 0.214

MeanP (%)
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Figure 4 plots the cumulative excess return anda=Brench 3 factor alpha of the value and
equally weighted long short idiosyncratic risk polio (10-1) over the sample period. For
comparison, the cumulative market return is alsdushed in the figure. The value weighted
long short portfolio has a strong positive perfonee between 1975 and 1980 followed with
negative performance of equal magnitude betweenO 188d 1990 after which the
performance levels off. The equally weighted lohgrs has on the other hand experience
consistently positive returns throughout the sampégiod. The strong performance is
especially concentrated on expansionary periodsirb-1980 and 1999-2000. These two
periods do not however count all of the returnshef equally weighted portfolio. Both value
and equally weighted portfolios tend to experiepositive returns during expansionary
periods (except the strong negative performanceatfe weighted portfolio in 1980s) and
negative returns in recessions. This likely illag#s the changes in investors risk aversion,
with investors trying to earn abnormal returnsidiasyncratic risk when risk aversion is low
and on the other hand flight to safer assets wingn aversion rises. Particularly strong

evidence of this can be seen in 1999-2001 duriagite and fall of the IT bubble.
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Figure 4. Returnson long short idiosyncratic risk portfolio.. The figure plots the value and equally weighted
cumulative excess returns from January 1971 to iDbee 2008 for a long short portfolio that goes Iémigthe
10% stocks of highest idiosyncratic volatility astibrts the 10% safest stocks.. The figure plots thls
cumulative market return (CRSP). Shaded areasgmond to NBER recessions.
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6.3.2 Financial distress

Panel A of Table 10 shows the monthly excess retand alphas of portfolios formed based
on distress risk. Consistent with the results om@bell et al. (2008), the results indicate a
negative relation between distress risk and stetkrms. A long-short portfolio holding the

most distressed stocks and shorting the safesksstoas an average Fama-French 3-factor

alpha of -1.49%, which is statistically significait0.1% level

Table 10. Returnson value weighted distressrisk sorted portfolios

The table presents value weighted monthly percentaiyirns of 5 portfolios sorted based on the lefistress
risk at the end of previous month. Portfolio 1 ¢6psists of stocks with the lowest (highest) viitgtmeasure.
The return spread of “5-1" refers to the differericemonthly returns between portfolio 5 and poitol. In

panel A, | report monthly alphas of value-weightea@ess returns on a constant, market return (CARKag

Fama-French 3-factor model and Carhart (1997) tbfanodel with t-statistics in parentheses. P&hshows
loadings on the three factor alphas and correspgnthistatistics. Panel C reports portfolio chanastes

including skewness, mean size, market to book (MiB) and probability of failurgP) for each portfolio. The
sample period is from 1971 to 2008. For each véialb interest. ***, ** and * indicate that the @®ate is

statistically different from zero at 0.1%, 1% ar¥d 6onfidence levels respectively.

Portfolios 1 2 3 4 5 5-1

Panel A: Portfolio alphas

Mean excess return 0.48 0.42 0.41 0.35 -0.45 -0.93
(2.29)* (1.88) (1.66) (2.17) (1.05) (2.85)*

CAPM alpha 0.12 0.03 -0.02 -0.14 -1.06 -1.19
(1.58) (0.42) (0.20) (0.95) (4.13)*** (3.99)***

3-factor alpha 0.17 0.03 -0.13 -0.26 -1.33 -1.49
(2.13)* (0.40) (1.55) (1.83) (5.82)%* (5.50)**

4-factor alpha -0.03 0.01 0.06 0.16 -0.54 -0.51
(0.35) (0.12) (0.78) (1.26) (2.96)* (2.44)*

Panel B: Three-factor regression coefficients
RM 0.90 1.01 1.13 1.25 1.48 0.58
(48.33)***  (62.93)***  (56.85)**  (36.83)**  (27.21)*** (8.89)**

SMB -0.02 -0.04 0.07 0.24 0.90 0.91
(0.68) (1.98)* (2.47)* (5.24)**  (12.26)*** (10.49**

HML -0.08 0.01 0.20 0.18 0.30 0.38
(2.88)** (0.44) (6.55)*** (3.51)*** (3.66)*** (3.91)***

Panel C: Portfolio characteristics

Skewness -0.288 -0.328 -0.335 -0.481 0.096

Size ($mil) 2720 2276 1400 666 120

MB 2.682 2.859 2.788 2.894 3.332

MeanP (%) 0.021 0.035 0.051 0.082 0.267

EGARCH_IV 12.040 13.648 15.306 17.381 23.245

Panel B reports the factor loadings on Fama—Fr@ntdctors. Stocks with low failure risk

have betas less than one and negative loadingbeosize factolSMB and the value factor
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HML. The high distress risk stocks have betas monm ¢im&@ and positive loadings &MB
andHML factors, indicating predominance of small, grofitins among distressed stocks as
opposed to large, value firms among the safeskstddéence when using CAPM or 3-factor
model to correct for risk, the anomalously low ratiof high distress risk stocks are
amplified, which can be seen in Panel A. Includmgmentum in Carhart 4-factor model
reduces the anomaly, but it remains statisticatipiBcant. The results are consistent with
Campbell et al. (2008).

Panel C reports portfolio characteristics includgkgwness, size, MB, mean default risk and
mean idiosyncratic volatility. As indicated BYML andSMBJloadings, high distress risk firms
are small and have high market to book values. 8kew of the excess returns is positive for
the high risk portfolio, which may explain part thle anomalously low returns as noted by
Campbell et al. (2008). The reported average defash shows that default risk grows
exponential when moving to high default risk companThe mean default risk is gradually
linearly increasing in portfolios from 1 to 4, onesage at 0.04%, but in the highest risk
quintile the value jumps to 0.27%. The idiosynicrablatility increases also monotonically
with increases in distress risk, similar to incesa®f distress risk when sorted based on

idiosyncratic volatility.

| also perform a finer sort for value weighted stk risk portfolios from which the results
are reported in Table 11. The results are congistéh the 5 portfolio sort. Low returns of
distressed stocks are even more pronounced withintiesort. The 3-factor alpha decreases
almost monotonically by increase in distress ridke monthly 3-factor alpha of a long short
portfolio is -1.91%. Given the evidence from FamadHBeth regression in different size
groups that distress effect is strongest in miard small stocks, | do not perform equally
weighted sorts for distress risk as value weighétdrns already provide a strong evidence of

negative relation between financial distress andksteturns.

Figure 5 plots the value weighted cumulative exceggn and Fama-French 3 factor alpha of
the long short distress risk portfolio (10-1) tigaies long the 10% of most distressed stocks
and shorts the 10% safest stocks over the samptadpe~rom 1980 to 2000, both the excess
return and three factor alpha of the portfolio pegsistently negative, i.e. distressed stocks
have unperformed safe stocks. A notable sharpiniiee portfolio’s excess return and alpha

can be seen from third quarter of 2002 to the drD03. This rise coincides exactly with the
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start of the stock market rebound after the loray Inearket since the burst of the IT bubble in
2000. In other words, distressed stocks have emtlwery high returns during this period.
On the other hand, opposite returns of similar nmade are observed during the financial
crisis in 2003. The high returns of distressed ktaturing the expansionary period and low
returns during riskier periods are consistent il view that investors “flee to quality” and
sell distressed stocks when risk aversion increasésvice versa. Campbell et al. (2008)
document similar finding by showing that the retofrthe long short portfolio of distressed
stocks correlates with the implied volatility (VIXf S&P 500 index.
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Figure5. Returnson long short distressed risk portfolio. The figure plots the value weighted cumulative
excess return and Fama-French three factor alphaJanuary 1971 to December 2008 for a long slostfghio
that goes long the 10% most distressed stockstantifer the 10% safest stocks. The figure plose dhe
cumulative market return (CRSP). Shaded areasgmond to NBER recessions.



Table 11. Finer sort of value weighted distressrisk portfolios

The table presents monthly percentage returns @otffolios sorted based on the level of distrésis &t the end of previous month. Portfolio 1 (&0hsists of stocks with
the lowest (highest) volatility measure. The retapnead of “10-1" refers to the difference in mdytteturns between portfolio 10 and portfolio 1.panel A, | report
monthly alphas of value-weighted excess returna oonstant, market return (CAPM alpha), Fama-Fréafdttor model and Carhart (1997) 4-factor modi¢h tvstatistics
in parentheses. Panel B shows loadings on the flactor alphas and corresponding t-statisticseP@nreports portfolio characteristics includingeskess, mean size,
market to book ratio (MB) and probability of faitifP) for each portfolio. The sample period is from 193 2008. For each variable of interest. ***, *nc* indicate that
the estimate is statistically different from zet®d %, 1% and 5% confidence levels respectively.

Portfolios 1 2 3 4 5 6 7 8 9 10 10-1
Panel A: Portfolio alphas
Mean excess 0.58 0.43 0.43 0.42 0.49 0.31 0.38 0.21 -0.42 -0.60 -1.19
‘ (2.55)* (2.02)* (1.87) (1.80) (2.03)* (1.18) (182 (0.6) (1.03) (1.22) (2.84)*
CAPM alpha 0.22 0.07 0.03 0.02 0.07 -0.13 -0.09 330. -1.02 -1.26 -1.48
(2.90) (0.82) (0.42) (0.22) (0.86) (1.15) (0.64) 1.7Q) (4.12)** (3.66)**= (3.8)x*
3-factor alpha 0.31 0.08 0.05 -0.02 -0.03 -0.27 220. -0.46 -1.26 -1.60 -1.91
(2.68)** (0.97) (0.63) (0.19) (0.31) (2.44)* 1p7 (2.42)* (5.59)*** (5.25)** (5.34)**=
4-factor alpha 0.03 -0.06 -0.01 0.01 0.09 0.00 0.12 0.07 -0.50 -0.76 -0.79
(0.30) (0.72) (0.06) (0.13) (2.09) (0.00) (0.98) 0.44) (2.75)** (2.78)** (2.61)*
Panel B: Three-factor regression coefficients
RM 0.87 0.93 0.99 1.04 1.10 1.17 1.21 1.33 1.45 415 0.67
(31.98)** (46.27)*** (48.47)x* (52.74)** (53.85)** (44.13)*** (37.52)*** (29.75)*** (26.96)*** (2 1.19)* (7.86)**=
SMB 0.04 -0.03 -0.03 -0.04 0.06 0.11 0.20 0.36 0.80 1.18 1.15
(1.02) (1.06) (1.09) (1.37) (2.04)* (3.22)** (4.p6 (6.03)**=* (11.02)%* (12.07)*** (9.98)***
HML -0.18 -0.02 -0.03 0.07 0.18 0.24 0.22 0.16 0.27 0.39 0.57
(4.24)*= (0.67) (0.93) (2.39)* (5.79)% (5.99)** (4.42)% (2.35)* (3.34)%+ (3.57)** (4.4)%=
Panel C: Portfolio characteristics
Skewness -0.147 -0.104 -0.240 -0.430 -0.297 -0.370 -0.458 -0.547 -0.100 0.517
Size ($mil) 2330 3111 2591 1962 1513 1287 925 407 76 1 64
MB 2.418 2.946 2.911 2.807 2.798 2.778 2.838 2.951 3.178 3.497
MeanP (%) 0.017 0.025 0.031 0.038 0.046 0.056 0.070 0.093 420.1 0.392

EGARCH_IV 11.701 12.371 13.221 14.061 14.979 15.626 16.503 18.218 20.746 25.498
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6.3.3 Distress risk controlled idiosyncratic volatility

Multivariate portfolios sorts enable a closer exaation of how idiosyncratic risk and distress
risk effects vary along the full spectrum of otlvariable. Table 12 reports the results of
sequential sort of distress controlled idiosyncraisk portfolios. Panel A shows value
weighted excess returns and Panel B the Fama-Ftaneh factor alphas and corresponding
t-statistics. Panels C to E report the averageariiprobability, idiosyncratic volatility and

size of each portfolio.

Panels A and B show that after controlling for idiss risk, idiosyncratic risk spread seems to
be negative for the least distressed stocks anignifisant for more distressed stocks.
However, an inspection of average failure probaédi and idiosyncratic volatilities of
portfolios shows that sequential sort fails to agbi considerable spread between low and
high idiosyncratic volatility portfolios within digess quintiles. In fact, within the distress
quintiles which are reported in rows, EGARCH_ I\Vois average only 17% higher in highest
EGARCH_IV portfolio than in lowest EGARCH_IV portfo. Distress risk on the other hand
increases on average 126% along the low — highsydimratic volatility sort. Thus the
negative spread of -0.37% (with t-statistic of 3.8Dlong short idiosyncratic risk portfolio in
lowest distress quintile tells more about the negatelation between distress risk and return
than about the relation between idiosyncratic vighatand return. From Panel E, which
reports the average sizes of the portfolios, wesesnthat within distress quintiles, stocks

The results differ from Song (2008) who find a piesi (negative) relation between
idiosyncratic risk and stock returns given low (iglistress risk. As the sequential sort fails
to give a sufficient spread for idiosyncratic vdigt portfolios within distress quintiles due to
high correlation of the two measures, an independent of idiosyncratic volatility and
distress risk should be performed before drawingkesions. | perform this robustness check

in 6.3.5 after examining idiosyncratic volatilitpmtrolled distress risk portfolios.



Table 12. Distress controlled idiosyncratic volatility portfolios
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The table presents the Fama-French 3 Factor alphide 25 distress controlled, value weighted igiasatic
volatility portfolios.. A sequential sort is perfoed to control for the level of distress: | firgirisstocks into 5
quintiles based on their level of distress, andhthéthin each distress quintile, further sort stodkto 5
portfolios based on their level of idiosyncratidatdity (EGARCH_IV). The return spread of “5-1&fers to the
difference in monthly returns between idiosyncrais& portfolio 5 and portfolio 1 within each diess quintile.
T-statistics are reported in brackets. The samplgog is from September 1971 to December 2008t Birs
months of the original sample period are excludedrder to have sufficient number of stocks in epatifolio.
For each variable of interest. ***, ** and * indite that the estimate is statistically differewnirzero at 0.1%,
1% and 5% confidence levels respectively.

Ranking on Idiosyncratic Volatility

1 Low 2 3 4 5 High 5-1
Panel A: Excess returns
1 Low 0.74 0.64 0.46 0.48 0.36 -0.37
Distress risk (2.98)** (2.64)* (2.03)* (2.15)* (60) (2.30)*
2 0.52 0.52 0.45 0.48 0.35 -0.17
(2.18)* (2.16)* (1.85) (2.01)* (1.45) (1.23)
3 0.55 0.49 0.37 0.33 0.40 -0.15
(2.22)* (1.84) (1.49) (1.16) (1.39) (0.99)
4 0.33 0.34 0.54 0.12 0.25 -0.08
(1.13) (1.10) (1.70) (0.34) (0.64) (0.35)
5 High -0.02 -0.62 -0.34 -0.45 -0.32 -0.30
Distress risk (0.04) (1.37) (0.72) (0.86) (0.53) .76
Panel B: Three factor alphas
1 Low 0.38 0.40 0.18 0.11 -0.02 -0.40
Distress risk (2.75)* (2.90)** (1.44) (1.05) (019 (2.47)*
2 0.12 0.17 0.01 0.04 -0.09 -0.22
(1.12) (1.59) (0.08) (0.37) (2.03) (1.55)
3 0.04 -0.02 -0.18 -0.27 -0.22 -0.26
(0.37) (0.13) (1.63) (2.03)* (1.51) @.7
4 -0.26 -0.30 -0.08 -0.52 -0.42 -0.16
(1.86) (1.88) (0.47) (2.44)* (1.87) (0.75)
5 High -0.83 -1.50 -1.33 -1.41 -1.48 -0.64
Distress risk (3.55)*** (5.37)*** (4.58)** (4.08)** (3.42)*** (1.64)
Panel C: Average failure probability
1 Low 0.014 0.019 0.022 0.024 0.027
2 0.029 0.031 0.034 0.037 0.040
3 0.043 0.046 0.050 0.054 0.059
4 0.064 0.070 0.077 0.087 0.099
5 High 0.116 0.142 0.183 0.262 0.591
Panel D: Average idiosyncratic volatility
1 Low 11.51 11.80 12.01 12.26 12.59
2 12.85 13.39 13.59 13.97 14.38
3 14.78 15.03 15.27 15.59 15.83
4 16.02 16.67 17.21 17.99 18.87
5 High 19.89 21.00 22.34 24.22 27.91
Panel E: Average size (MUSD)
1 Low 1473 2871 3262 3215 3068
2 2911 2620 2297 2103 1912
3 1705 1520 1411 1374 1327
4 1132 930 729 478 320
5 High 234 174 119 81 35
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6.3.4 Idiosyncratic volatility controlled distress risk

Table 13 shows the results of the multivariate atfigetween idiosyncratic volatility and
financial distress when distress risk is controligdidiosyncratic volatility. Panels A and B
show that after controlling for idiosyncratic voldy, distress risk spread seems to be
negative for low idiosyncratic volatility stocks @mpositive for high idiosyncratic volatility
stocks. However, Panels C and D show that theydmsatic volatility controlled sort suffers
from the same problem as distress controlled dortthe lowest idiosyncratic volatility
quintile, there is almost no spread in distresk. ri3n average, distress risk increases 33%
within idiosyncratic volatility quintiles, whereaBGARCH_IV increases 63% within the
quintiles. Hence no definitive conclusions can bawh from idiosyncratic controlled

sequential sort.
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Table 13. Idiosyncratic volatility controlled distressrisk portfolios

The table presents the Fama-French 3 Factor alph#ise 25 idiosyncratic risk controlled, value wtigd
distress portfolios.. A sequential sort is perfodnte control for the level of idiosyncratic volayt | first sort
stocks into 5 quintiles based on their level ob&incratic volatility, and then within each quiatifurther sort
stocks into 5 portfolios based on their level ddtdiss. The return spread of “5-1" refers to themknce in
monthly returns between distress risk portfolio r&l goortfolio 1 within each idiosyncratic risk qulet T-
statistics are reported in brackets. The samplegés from September 1971 to December 2008. Birsibnths
of the original sample period are excluded in orbehave sufficient number of stocks in each pdicfd-or
each variable of interest. *** ** and * indicathat the estimate is statistically different froera at 0.1%, 1%
and 5% confidence levels respectively.

Ranking on Financial Distress

1 Low 2 3 4 5 High 5-1
Panel A: Excess returns
1 Low 0.63 0.54 0.49 0.33 0.35 -0.28
Idiosyncratic risk (3.22)* (2.63)** (2.30)* (1.48) (1.60) (1.92)
2 0.51 0.46 0.31 0.59 0.46 -0.05
(2.15)* (1.82) (1.20) (2.22)* (1.72) (0.28)
3 0.32 0.65 0.73 0.44 0.29 -0.03
(1.22) (2.15)* (2.37)* (1.30) (0.85) (0.15)
4 0.34 0.33 0.48 0.12 -0.13 -0.47
(0.97) (0.92) (1.32) (0.32) (0.33) (2.99)*
5 High 0.06 -0.22 0.12 0.58 1.20 1.14
Idiosyncratic risk (0.15) (0.54) (0.26) (1.23) @8 (3.78)***
Panel B: Three factor alphas
1 Low 0.26 0.15 0.04 -0.15 -0.04 -0.30
Idiosyncratic risk (2.81)* (1.76) (0.44) (1.76) .69) (2.07)*
2 0.00 -0.05 -0.13 0.08 0.02 0.02
(0.04) (0.40) 1.17) (0.70) (0.19) (0.13)
3 -0.17 0.22 0.23 -0.08 -0.17 0.00
(1.37) (1.42) (1.62) (0.54) (0.99) (0.00)
4 -0.15 -0.17 0.02 -0.36 -0.61 -0.46
(0.85) (1.02) (0.12) (1.87) (3.07)* (1.96)
5 High -0.42 -0.75 -0.40 0.17 0.77 1.18
Idiosyncratic risk (1.93) (3.67)*** (1.62) (0.60) 2(79)** (3.86)***
Panel C: Average default probability
1 Low 0.045 0.045 0.045 0.045 0.046
2 0.047 0.048 0.050 0.052 0.054
3 0.057 0.061 0.066 0.071 0.077
4 0.083 0.090 0.098 0.108 0.120
5 High 0.134 0.153 0.178 0.211 0.233
Panel D: Average idiosyncratic volatility
1 Low 4.04 5.39 6.17 6.75 7.26
2 7.74 8.23 8.72 9.22 9.74
3 10.29 10.87 11.49 12.15 12.84
4 13.59 14.40 15.28 16.28 17.47
5 High 18.93 20.82 23.52 28.36 49.53
Panel E: Average size (MUSD)
1 Low 4938 4539 3741 3298 2962
2 2527 2193 1822 1618 1443
3 1304 1143 1010 859 700
4 605 484 411 367 302

5 High 256 225 195 166 190
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6.3.5 Multivariate independent sort

To control for the drawbacks of sequential sortsnof generating large enough spreads, |
perform independent sort with idiosyncratic volatiand financial distress. Table 14 presents
the results of the sort. Panel A reports the valagghted excess returns and Panel B the
Fama-French three factor alphas and correspondstgtistics. Panels C to F report the
average failure probability, idiosyncratic voldtili size and number of companies of each

portfolio.

In Panels A and B, the long short idiosyncraticatiity spread reported in column “5-1"
shows that high idiosyncratic volatility stocks éihsignificantly positive returns only in the
least distressed quintiles. The three factor afghang short idiosyncratic volatility portfolio
Is 1.24% and is significant at 0.1% level. The exn of average failure probabilities and
idiosyncratic volatilities show that positive retsrof the long short portfolio can be attributed
to idiosyncratic volatility. The average failureopability of the least distressed quintile
reported in Panel C is constant at 0.021% whileatierage idiosyncratic volatility increases
from 6.20% to 27.82% within the least distressethtija. Distress risk remains relatively
constant across the idiosyncratic risk quintilesegt in the highest idiosyncratic volatility
quintile where distress risk increased from 0.131800.314%. Idiosyncratic volatility
increases quite uniformly in each distress quirftiteen around 6% to 30%. The results of
idiosyncratic volatility spread are qualitativelynslar to Song (2008) who finds a negative
spread of lagged idiosyncratic volatility portfadionly in high distress risk quintiles whereas
in the lowest distress risk quintile the idiosyricravolatility spread is positive albeit
insignificant. My results do not show a negativiatien between idiosyncratic volatility and
returns even in the highest distress risk quintibet the positive relation between
idiosyncratic volatility and stock returns in ordignificant in the lowest distress risk quintile.

The returns of the long short distress risk ar@ntel in row “5-1” in Panels A and B. Three
factor alphas are significantly negative for albsyncratic risk quintiles, except the second
quintile. With the exception of second idiosynaratplatility quintile, the return spread of
long short distress portfolio decreases as idiasincrisk increases. This is mainly explained
by simultaneous increase in distress risk in tlghdst distress risk quintile as idiosyncratic
risk increased. In the fourth distress quintile vehéistress risk remains constant across
idiosyncratic risk quintiles, the three factor apis significantly negative only in the highest
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idiosyncratic risk portfolio. The results suggdsittthe asset pricing impact of distress risk is
not depended on idiosyncratic volatility thoughistsomewhat amplified by idiosyncratic

volatility.

The size of the companies decreases almost mooatlynacross each distress (idiosyncratic
volatility) quintile as idiosyncratic volatility {dtress risk) increases. Due to high correlation
of the measures, a drawback of independent straisaumber of companies in each portfolio
can differ greatly. Panel F reports than in low@gghest)D..1, highest (lowestEGARCH_IV
portfolio there is on average 48 (31) stocks. Cagtit al. (2001) suggest that the number of
stocks needed to achieve complete portfolio difieegion has been about 20 between 1963
and 1985and about 50 during 1986-1997 as the tdvdiosyncratic volatility has increased.
Thus on average there is quite well enough stoldsia these extreme portfolios to achieve
sufficient portfolio diversification even after tak into account that there fewer stocks in

these portfolios than on average in the first yeathe sample period.
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Table 14. Multivariate independent sort of idiosyncratic risk and distressrisk portfolios
The table presents the results of independenbsoidiosyncratic volatility and level of financidlistress. | sort
stocks into 5 quintiles based on their idiosyncrablatility and level of financial distress indeyently and
then form 25 portfolios by matching both criteranel A and B report the value weighted excessneind
Fama-French three factor alphas of the value weifportfolios respectively. The spread of long-skotatility
trading strategy is reported in column “5-1". Thesad of long-short distress trading strategy pored in row
“5-1". T-statistics are reported in brackets. Parelto F report the average default probabildypsyncratic
volatility, size and number of companies in eachtfptbio respectively. The sample period is from tepber
1971 to December 2008. First 8 months of the oaiggample period are excluded in order to havecsefit
number of stocks in each portfolio. For each vdeialf interest. ***, ** and * indicate that the &®ate is
statistically different from zero at 0.1%, 1% ar¥d Sonfidence levels respectively.

Ranking on Idiosyncratic Volatility

1 Low 2 3 4 5 High 5-1
Panel A: Excess returns
1 Low 0.48 0.38 0.71 0.77 1.73 1.26
Distress risk (2.44)* (1.60) (2.45)* (2.16)* (4.08) (3.54)***
2 0.48 0.47 0.52 0.31 1.17 0.68
(2.27)* (1.92) (1.80) (0.87) (2.68)* (2.93)
3 0.45 0.54 0.27 0.04 0.10 -0.34
(1.95) (2.01)* (0.82) (0.112) (0.25) (1.04)
4 0.52 0.58 0.33 0.19 -0.12 -0.64
(1.96) (1.82) (0.95) (0.50) (0.27) (1.76)
5 High -0.24 0.39 -0.09 -0.75 -0.37 -0.13
Distress risk (0.71) (0.96) (0.22) (1.59) (0.72) .30
5-1 -0.72 0.01 -0.80 -1.52 -2.11
(2.56)* (0.03) (2.26)* (4.19)*** (4.56)**
Panel B: Three factor alphas
1 Low 0.19 0.01 0.37 0.37 1.45 1.26
Distress risk (2.33)* (0.08) (2.46)* (1.79) (4.9%)* (4.19)**
2 0.04 0.02 0.11 -0.05 0.79 0.75
(0.54) (0.17) (0.85) (0.27) (3.11)*= (2.72)*
3 -0.11 -0.05 -0.26 -0.54 -0.29 -0.19
(2.07) (0.42) (1.54) (3.08)* (1.32) (0.75)
4 -0.12 -0.14 -0.40 -0.34 -0.61 -0.49
(0.79) (0.79) (2.13)* (2.71) (2.63)* (2.79)
5 High -0.97 -0.51 -1.04 -1.69 -1.21 -0.25
Distress risk (4.00)*** (1.84) (3.82)*** (6.52)** (3.95)*** (0.71)
5-1 -1.16 -0.52 -1.41 -2.06 -2.66
(4.31)*** (1.56) (4.15)** (5.89)** (5.91)**
Panel C: Average failure probability
1 Low 0.021 0.021 0.021 0.021 0.021
2 0.034 0.034 0.034 0.034 0.035
3 0.050 0.050 0.050 0.050 0.051
4 0.073 0.078 0.081 0.082 0.083

5 High 0.131 0.160 0.199 0.236 0.314
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Table 14 continued. Independent sort

Ranking on Idiosyncratic Volatility

1 Low 2 3 4 5 High 5-1
Panel D: Average idiosyncratic volatility
1 Low 6.20 8.75 11.42 15.01 27.82
2 6.03 8.74 11.47 15.23 30.32
3 5.95 8.76 11.55 15.36 31.18
4 5.91 8.76 11.67 15.62 30.52
5 High 5.85 8.81 11.82 15.80 30.38
Panel E: Average size
1 Low 5409 2630 1714 844 479
2 4937 2464 1334 705 481
3 3262 1620 854 469 351
4 1795 992 533 301 201
5 High 239 309 201 123 77
Panel F: Average number of companies in portfolio
1 Low 205 215 173 110 48
2 196 189 165 128 73
3 185 161 157 143 105
4 134 135 152 169 161
5 High 31 51 104 201 365

For an additional robustness check, | divide thiresample into 4 subsamples, 1971-1980,
1981-1990, 1991-2000 and 2001-2006 and performpegent sorts for each subsample.
The results of these sorts are presented in TahlePdanel A (Panel B) reports the value
weighted three factor alpha of long short idioswticr (distress) risk portfolio across distress

(idiosyncratic) risk quintiles.

Panel A shows that the return spread of long sk@syncratic volatility portfolio is higher

in low distress risk quintile than in high distregsk quintile in all subsamples. The spread is
however statistically significant only in 1971-1980d 2001-2008 periods. The results are of
similar direction as in Song (2008) who finds thta idiosyncratic volatility spread is most
positive in 1971-1980 and 2001-2006.

Panel B shows that the negative distress spreadsaatiosyncratic volatility quintiles comes
mostly from 1981-1990, which is the only subsampleere distress spread is significantly
negative in all idiosyncratic volatility quintiledn other subsamples, the return spread is

significantly negative in some third, fourth ortfifidiosyncratic quintiles. As seen in Table



71

14, the difference in distress risk is higher ighhidiosyncratic volatility quintiles, which may

explain this pattern.

Table 15. Multivariate independent sortsin different time periods

The table presents the value weighted three faafiita of a long short portfolio idiosyncratic (désts) risk
portfolios*5-1" across distress (idiosyncraticykiquintiles from an independent sort. For eachat#e of
interest. *** ** and * indicate that the estimaie statistically different from zero at 0.1%, 1%da5%

confidence levels respectively.

5-1 idiosyncratic risk portfolio

1 Low distress /

idiosyncratic risk 2 3 4

5 High distress /
idiosyncratic risk

Panel A: 5-1 idiosyncratic risk portfolio

1971-1980 1.70 1.02 0.21 0.71 0.62
(2.77)* (2.02)* (0.41) (1.55) (1.07)
1981-1990 0.47 0.52 -0.82 -1.16 -0.98
(0.95) (0.97) (1.85) (2.92)* (1.78)
1991-2000 1.05 1.04 -0.52 -0.75 -1.08
(1.57) (2.16)* (1.08) (1.34) (1.63)
2001-2008 1.49 0.18 0.48 -0.57 0.51
(2.89)** (0.29) (1.01) (0.85) (0.54)
Panel B: 5-1 distress risk portfolio
1971-1980 -0.89 0.20 -1.17 -0.53 -1.97
(1.88) (0.34) (1.87) (0.88) (2.60)*
1981-1990 -1.44 -1.19 -0.98 -3.13 -2.88
(2.84)* (2.21)* (2.37)* (6.51)** (4.86)**
1991-2000 -0.44 0.02 -2.13 -2.40 -2.57
(0.95) (0.03) (3.88)*** (3.4)x+* (2.55)*
2000-2008 -1.02 -0.56 -0.64 -1.84 -2.00
(1.80) (0.66) (0.68) (2.00)* (1.71)




72

7. Conclusion

This study examines the asset pricing impact ajsighcratic risk and financial distress on
cross-sectional stock returns. Specifically, | stigate whether financial distress can explain
the observed positive or negative correlation betwadiosyncratic risk and return.
Idiosyncratic volatility is defined as standard @¢eon of the firm return that cannot be
explained by the Fama French (1993) three factataind’he conditional expected volatility
is then measured by exponential generalized autssiye conditional heteroskedasticity
(EGARCH) model whereas financial distress is meagury employing both market and
accounting data with Campbell et al. (2008) ecortamenodel. This study is the first to
study the interaction between idiosyncratic riskl dinancial distress by means of GARCH
models and in addition to unpublished working papgr Song (2008), first to employ
Campbell et al. (2008) measure of financial distrdsemploy the cross-sectional Fama
MacBeth regression and portfolio sorts in ordefoton a comprehensive picture of the asset
pricing impacts of idiosyncratic volatility and &ncial distress.

The summary of result is presented in Table 16.s{3tent with the under-diversification

hypothesis of Malkiel and Xu (2002) and narrow fragnhypothesis of Barberis and Huang
(2001), I find a positive relation between idiossatc volatility and expected stock returns.
The results are also consistent with previous engbiliterature employing EGARCH models
for conditional idiosyncratic volatility (Eiling, @6; Huang et al.,, 2007; Brockman &
Schutte, 2007; Fu, 2009). The relation is robutgrafontrolling for market beta, size, book-
to-market, momentum, short term return reversal &qdidity effects. The relation is

however driven by micro and small stocks, defing@@% and 50% percentile breakpoints of
market capitalization for NYSE stocks. Due to theason, the positive relation in portfolio
sorts is found only with equally weighted portfaid contribute to the existing literature by
providing evidence that the positive relation beswediosyncratic volatility and stock returns
is not model specific to EGARCH models. The positikelation between idiosyncratic

volatility and returns is also found by using Gt &ARCH(p,q) models.

The relation between distress risk and expecteck steturns is found robustly negative in
both cross-sectional regressions and portfoliossditie results are consistent with the theory
that the returns of distressed stocks are corceiata way that is not captured by the market

return due to deteriorating investment opportusiii§lerton, 1973), decline in unmeasured
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components of wealth such as human capital (Fankaeich, 1996), or incomplete market
proxy that excludes debt securities (Ferguson &cBley, 2003). The results are also
consistent with previous empirical work by Camplsllal. (2008) who find a significant

negative relation.

The main contributions to the literature of thigdst are the results relating to the interaction
of idiosyncratic volatility and financial distressln cross-sectional Fama-MacBeth

regressions, | find that both idiosyncratic volgtiland financial distress maintain their

explanatory power when both variables are incluitethe regression. This result is to the

contrary of previous results of Song (2008) andrCaed Chollette (2006) who find that a

negative effect of idiosyncratic risk exists comahtl on high distress risk. Furthermore, |

show that the negative relation between laggedyetoratic volatility and stock returns is not

fully explained by short term return reversal aggasted by Huang et al. (2007) and Fu
(2009), but an inclusion of distress risk does axpthe negative relation as suggested by
Song (2008) and Chen and Chollette (2006).

Another main contribution of this study is the fing that the positive relation between
idiosyncratic volatility and stock returns is cotmainal on low distress risk. This moderating
effect of distress risk on the asset pricing impaicidiosyncratic volatility, meaning that
lower distress risk is associated with more positidiosyncratic volatility spread, is
consistent with findings of Song (2008) and Ched @hollette (2006). However, contrary to
Song (2008), | do not find a negative relation lestwidiosyncratic volatility and distress risk
even in the highest distress risk quintile. Funtin@re, | provide additional evidence that the
negative effect of distress risk persists acrogsyehcratic volatility quintiles in multivariate

independent sort.
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Table 16. Summary of results

Expected relation Empirical evidence

Hypothesis  Formulation of hypothesis Summary of tegings

H1 Positive cross-sectional relation  Partial support. The positive relation exists only
c between idiosyncratic volatility and in micro and small stocks and in equally weighted
2 excess returns portfolios. The relation is not EGARCH model
g specific.
9
8 H2 Negative cross-sectional relation  Strong support. The negative relation exists in all
_g between distress risk and excess size groups and in value weighted portfolios.
5 returns

H3a Controlling for financial distress, Rejected. Positive relation between idiosyncratic
S there is no relation between volatility and stock returns remains after inclusio
= idiosyncratic volatility and excess of distress risk in regression. In independentssort
© returns the relation exists only in the low distress risk
Q stocks.
'% H3b Controlling for idiosyncratic Strong support. Distress risk effect remains after
2 volatility, there is a negative inclusion of idiosyncratic volatility in cross-
E relation between financial distress sectional regressions. The negative relation gsrsis
= and excess returns in all idiosyncratic risk quintiles in independent

sort.

In the interpretation and generalization of theultssof this study, a few of important
limitations need to be taken into account. Botlosgincratic volatility and distress risk are
estimated using full period data, imposing a lobkad bias into the results. While the
severity of the bias is likely to be minor (Frenehal., 1987; Song, 2008; Fu, 2009), the
results do not suggest directly a useable tradingtegly. Secondly, a strong correlation
between idiosyncratic volatility and distress righkeasures imposes a multicollinearity
problem in uncovering the true relation betweentthe variables and stock returns. | have
employed various robustness checks, most notadpendent multivariate sort to alleviate
this problem in the study. The results from theepehdent sort suggest that the conclusions

draw from cross-sectional regressions and univegatts are robust.

In future research, it would be interesting to aegecomposition of idiosyncratic volatility
that includes a distress risk component. Idiosyiicresk could be defined relative to an asset
pricing model that includes distress risk and redateverage as outlined by Ferguson and
Shockley (2003) and then further modeled with GAR@Hdels. Another interesting topic
would be investigate the relation between changd&imsyncratic volatility and financial
distress on stock returns. If the volatility of then’s asset value unexpectedly increases, the
option value (equity price) will increase in Mert®n(1974) model. Hence the change in

idiosyncratic volatility should also be positivetglated to stock returns. The option effect
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also implies that the observed relationship bengo for firms with higher financial
leverage, since the equity of these firms are nopten-like. Thus it would be interesting to
see if financial distress moderates the effecth@inge in idiosyncratic volatility differently

than the asset pricing impact of the level of igiagatic volatility.
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Appendix 1 - Construction of the distress risk measure
In this appendix, | describe in detail the condinmc of measure for financial distress as

outlined in Campbell et al. (2008).All variablesearonstructed using COMPUSTAT and

CRSP data. Relative size, excess return, and asnguatios are defined as follows:

Firm Market Equity;
RSIZE;, = log< e )

Total S&P 500 Market Value ;;
EXRET;, = log(1 + R;.) —log(1 + Rsgp s00.)

Net Income; ,

NIMTA;e = (Firm Market Equity; . + Total Liabilitiesi,t)
TLMTA,, = — Total.Liabilitiesi,t _
' (Flrm Market Equity;  + Total Llabllltlesi‘t)
CASHMTA,, = Cash and Short Term Investments; ,

(Firm Market Equity; , + Total Liabilitiesl-,t)
Firm Market Equity;

MB;, =
" Firm Book Equity;

The COMPUSTAT quarterly data items used are ATQtdbal assets, NIQ for net income,
LTQ for total liabilities, and CHEQ for cash andstterm investments.

To deal with outliers in the data that are very lsraad probably mismeasured, adjust |
market to book ratio by adding 10% of the differetetween market equity (ME) and book
equity (BE) to book equity. After this adjustmergch of the six explanatory variables is

winsorized using a 5/95 percentile interval in oreeliminate outliers.

Book equity is as defined in Davis, Fama, and Fnig2000) and outlined in detail in Cohen,
Polk, and Vuolteenaho (2003). Book equity is tleelsholders’ equity (data item SEQQ, plus
balance sheet deferred taxes and investment talkt ¢data item TXDITCQ; if available),
plus postretirement benefit liabilities adjustm@PRCAQ); if available), minus the book value
of preferred stock (data item PSTKQ). If stockholslequity is not available | use common
equity (data item CEQQ) plus book value of pref@istock instead.
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To measure the volatility of a firm’s stock returhsise an annualized 3-month rolling sample

standard deviation:

N[ =

1
SIGMAi,t—l,t—3 = 252 * N — 1 Tfk
ke{t—1,t—2,t—3}

To eliminate cases in which few observations am@lable, SIGMA is coded as missing if
there are fewer than five nonzero observations the3 months used in the rolling window
computation. In calculating summary statistics astimating regressions, | replace missing
SIGMA observations with the cross- sectional me8IGMA; to avoid losing some failure
observations for infrequently traded companiessd a similar procedure for missing lags of
NIMTA and EXRET in constructing the moving averagariables NIMTAAVG and
EXRETAVG.

The twelve month moving average variables NIMTAAWGd EXRETAVG are constructed

by imposing geometrically declining weights:

1-—
NIMTAAVG; o1 1y = 1_—212 (NIMTA;_q + -+ ¢ NIMTA;_1,)
_1-9¢ 11
EXRETAVGi,t—l,t—lZ —_ m(EXRETt—l + i + d) EXRETt_lz),

1
where ¢ = 273, implying that the weight is halved each quariéote that while the same
quarterly data of Net Income and Total Liabilitissused for two preceding months, Firm
Market Equity is measured monthly and thus adjeath monthly NIMTA.



Appendix 2 - GJR and GARCH(p,q) Fama-Macbeth regressions

The table presents the results of cross-secticanrabFMacBeth regression. The sample period is frdfil o 2008. For each variable of interest. ***, &nd * indicate that

the estimate is statistically different from zet®d %, 1% and 5% confidence levels respectively.

Model BETA In(ME) In(BEME) RET(-2,-7) RET(-1) In(TRN) In(CVTURN) GIR_IV GARCHpq_IV ASZJ'
1 0.04 2.31
(1.82)

2 0.39 -0.07 0.31 0.01 -0.07 -0.40 -0.41 0.06 6.89
(2.09)* (1.95) (3.53)%* (7.02)%+ (10.38)%** (6.7 (4.55)%* (3.78)%*

3 0.02 2.21

(1.21)

4 0.38 -0.09 0.31 0.01 -0.06 -0.38 -0.44 0.05 6.87

(2.02)* (2.63)* (3.45)%+ (6.82)*+ (10.9)*+ (5.85)%* (5.82)*+ (3.31)*+
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