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Testing behavioral finance models of market
under- and overreaction: do they really work?

ABSTRACT

We test the predictions of the three main behalforance theories of market under- and
overreaction using out-of-sample data conditiomathe nature of the news using the going-
concern audit opinion (bad news event) and itsdvétval (good news event). We find strong
support for the Daniel, Hirshleifer and Subrahnmamy@998) model for our bad news as well as
the good news case suggesting that market undéaie&o going-concern opinions is a
consequence of prior market overreaction resuftimigy incorrect classification of going-concern
firms by investors into trending regimes. In cosatrave find no support for the Barberis, Shleifer
and Vishny (1998) or Hong and Stein (1999) modelsur event-study setting in either the bad or
good news cases. Our results have a number ofdatplns relating to the value of such
theoretical behavioral finance models in practWe. also highlight the central role of the limits-

to-arbitrage assumption when testing such behdvioence theories.



Testing behavioral finance models of market underand
overreaction: do they really work?

1. Introduction

The behavioral finance paradigm is increasinglyolo@ng a serious alternative to market
efficiency in explaining many of the empirical analies observed over the past few decades (e.g.,
Shiller, 2003). The crux of behavioral financehs tdea that investors make small errors in
processing value-relevant information which causagket prices to deviate from what a rational
expectations model (such as the efficient markpothesis) would predict.

This paper focuses on two important empirical églrlarities which have attracted much
attention in the recent finance literature, matkederreaction and market overreaction; proponents
of behavioral finance argue these result fromioretl investor behavior. In an attempt to provide
an explanation for these phenomena, behavioratittetnave developed models based on
psychological concepts or the existence of hetereges investor groups. Most notable among
such models are Daniel, Hirshleifer and Subrahmau($898), henceforth DHS, Barberis, Shleifer
and Vishny (1998), henceforth BSV, and Hong andhSt999), henceforth HS. Not surprisingly,
these models work well on the anomalies they westgthed to explain (Fama, 1998).
Consequently, in assessing their contribution édfithance literature, it is necessary to assess the
out-of-sample predictive ability of these modelg)(eChan, Frankel and Kothari, 2004,

Rubinstein, 2001, Hirshleifer, 2001; Hong and Sté®B09; Fama, 1998). The only scientific way
to do this is to develop empirically rejectable bgeses (Barberis and Thaler, 2002; Fama, 1998).
However, very limited attempts have been madedbtiese models explicitly in an out-of-

sample context to date. This is mainly due to thetsassumptions required to find systematic



mispricing which would allow formal tests of the dads. Chan, Frankel and Kothari (2004)
discuss these assumptions and point out thatittahility to find evidence of mispricing
consistent with behavioral theories could be tisailteof abundant arbitrage opportunities, not
necessarily because such models lack descriptilieyabhis suggests that their tests are hindered
by the lack of limits-to-arbitrage problem, whicha serious limitation when seeking to test
behavioral finance modelsThey further suggest that future research migktit to test the
predictions of these models in contexts that arpexhibit limited arbitrage.

Our aim in this paper is to test the predictionthefthree main behavioral finance models of
market under- and overreaction using unambiguousdatary public accounting signals. More
specifically, we employ going-concern audit reghsiclosures to provide clean and direct tests of
these models. The going-concern environment hasaharacteristics that overcome the
limitations of previous studies and so make itdeal context for such analyses. This is because,
firstly, in the case of these mainly small finak@atressed firms the important limits-to-arbiteag
condition is met, and provides a plausible explandbr the observed mispricing (market
underreaction) to persist for a period of one yd#ar the publication of a going-concern audit
opinion (post-going-concern drift) (Kausar, Taffeerd Tan, 2005; Taffler, Lu and Kausar, 2004).
Second, use of going-concern opinions (GC) as wemts allows us to test these models in
different domains — good and bad news, which iesimsingly an important consideration in
applying such models (e.g., Chan, 2003; DichevRinttoski, 2001; Womack, 1996; Bernard and
Thomas, 1989). Going-concern opinions cast doultherability of the firm to continue to operate
in its present form and highlight an increased oskankruptcy. Similarly, the opposite is true

when such an opinion is lifted (going-concern withwlal) in a subsequent audit report. Finally,

! For the limits-to-arbitrage argument see e.g.ei®land Vishny (1997).
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testing these models will also permit us to sebkleavioral explanation for the post-going-
concermn drift anomaly.

To assess the out-of-sample validity of the DHSYB&d HS behavioral finance models, we
examine the medium-term market performance of fifwliewing the publication of going-
concern (bad news) and going-concern withdrawndguaews) audit report opinions. More
specifically, we categorize our bad and good neaasde firms into trending, mean-reverting and
momentum regimes to test the DHS, BSV, and HS nsa@spectively. This particular
classification of our tests is based on two comaiilens. First, in a medium-horizon event-study
context all three behavioral finance models prediiatket underreaction. Second, the assumptions
and arguments each model uses to generate made&treaction are quite distinct, and call for
such a classification. For example, the DHS modeadipts underreaction as a consequence of
overreaction, BSV seek to capture market undernmabl employing the idea of a mean-
reverting regime, and HS argue that underreactones from the gradual diffusion of
information. We argue that representation of threedels as tests of various market regimes is not
only appropriate, but also necessary, to providalia basis on which empirical testing of these
models in an event-study framework can be conducted

We examine the medium-term market response touhbkgation of going-concern and going-
concern withdrawal audit opinions and find thatim@rket underreacts to GC opinions (bad news)
and responds rationally to GC withdrawal opiniagsdad news), consistent with Kausar, Taffler
and Tan (2005). In our hypothesis test we findrgjrevidence in favor of the DHS model in both
the bad news and good news domains, using ousduiple of going-concern and going-concern
withdrawal firms. Interestingly, though, when weeggorize our GC firms into upward trending

and downward trending regimes, and then computdiffexence between the two portfolios, the



resulting market mispricing becomes much worse @regbto the full GC sample (-26% vs -
16%). However, in the good news case market misgyiocnly becomes evident upon
categorization of our GC withdrawal firms into tdamg regimes (upward and downward).
Nonetheless, a strategy of going long in the dowdviieending portfolio and short in the upward-
trending portfolio after the release of the goods€GC withdrawals) apparently earns, on
average, a return of 88% over a one-year periodrdladl costs.

On the other hand, categorization of sample firaeld on the BSV and HS models is not
supported by the data, in either the bad or gosdm®mains. As such, we have no evidence that
these two behavioral finance models are able ttaexmarket under- and overreaction outside the
context of their original framework. Our resultssrea number of important implications and
provide much needed direct empirical evidence oethdr the existence of behavioral biases
among investors generates anomalous market behapoactice.

The remainder of this paper is organized as foll@estion 2 develops our hypotheses, and
section 3 describes our data and test methodolSggtion 4 reports the results of our analyses,

and section 5 concludes.

2. Hypothesis development

This section develops testable hypotheses bas#tedhree behavioral finance models of
Daniel, Hirshleifer, and Subrahmanyam (1998) (DHE&}beris, Shleifer and Vishny (1998)
(BSV), and Hong and Stein (1999) (HS) conditiormakioe nature of the news event (bad or good).

We first briefly discuss each of the three modals then present our hypotheses.



2.1 Overview of the Models

In Daniel, Hirshleifer and Subrahmanyan (1998)estors are overconfident and exhibit biased
self-attribution. The authors define “overconfidehto mean that investors believe too strongly in
their own private information, which leads to sys&tic overreaction to private information and
underreaction to public information. “Biased sdtfHaution” means that investors attach too much
significance to signals that confirm their priotiets and too little significance to information
signals that contradict them. DHS use the ideaitivatstors overreact to their private information
and adjust only slowly when the public signal cadicts it. Underreaction is not caused by the
signal itself but is only a consequence of initieérreaction and then rectification of this initial
mispricing. Conversely, if the signal confirms ist@s’ beliefs, then overreaction will continue
and the price will move further out of line withticmal valuation. In this setting, drift following
public event/signal can be seen as either contiovedeaction or the subsequent reversal of the
earlier mispricing.

Barberis, Shleifer and Vishny (1998) build a moalethe behavior of a representative investor
based on the concepts of representativeness asdreatism. In their terminology,
“representativeness” means that investors ign@éativs of probability and behave as if the events
they have recently observed are typical of thernetar earnings) generating process.
“Conservatism” means that investors are slow taatgtheir prior beliefs in response to new
information. These two behavioral tendencies, apdrticular model structure involving two
states of nature, namely, mean reversion and tigmégimes, combine to produce underreaction
in some circumstances and overreaction in othensekample, BSV state that underreaction will

tend to occur when investors think they are in amaeverting regime and expect the (earnings)



signal to reverse in the following period (i.esignal at time t will have an opposite sign to a
signal in time t+1). However, if the new signalrisonsistent with their expectations (i.e., islod t
same sign) investors will react to this new sigmisth conservatism causing the market to
underreact to this new information.

Finally, Hong and Stein (1999) model the phenonwnanderreaction and overreaction by
focusing on a market composed of heterogeneoustionge They identify two types of investor:
“newswatchers” who trade on private informationd &momentum traders” who trade on simple
forecasts by extrapolating past price changes aliieors also assume that private information
diffuses gradually across the newswatcher populafibeir infinite-horizon model predicts that
stock prices will underreact to information in shiermedium run, but will overreact in the long
run. For example, when newswatchers are activeepmwill adjust slowly to new information
causing an underreaction, but never an overreacionlarly, when momentum traders are active
they will trade on the basis of past price chantieseby generating momentum and causing
prices to overshoot in the longer run, arbitragim@y any underreaction left behind by the
newswatchers.

Although, the three papers employ different motosat to drive their models, pricing
implications arising could be somewhat similar. Ewample, representativeness and
overconfidence can produce similar return pattarmsso can conservatism and biased self-
attribution. Similarly, the use of heterogeneousugss in Hong and Stein (1999) causes
underreaction in the short-run because of gradifaktbn of private information (i.e.,

conservatism) and overreaction in the long-run bseaf incorrect extrapolation of past price



trends® This inherent problem creates difficulties foreaschers seeking to isolate pervasive
behavioral biases, if any, affecting security psice

To overcome this problem we formulate our hypoteeésesuch a way that allows us to test
each model separately. This is because we arengeaiexplanation for the underreaction
phenomenon and each model has a different modeltste or set of assumptions generating
market underreaction. As such, we explicitly useébBds, Shleifer and Vishny's (1998)
framework of trending and mean-reverting regimeditierentiate between the DHS and BSV
models. For the HS model we rely on their assumpticgradual information diffusion and
categorize firms by momentum regime, by which wepdy mean post-event return continuation
in the same direction as pre-event returns i.@rices are going up they will continue to go upg an
vice versa. Using past research as a guide werasevpnt long-term raw returns to categorize our
GC firms into trending regime and medium-term raturns to categorize GC firms into mean-

reverting and momentum regimes.

2.2 Hypotheses

In the DHS model, the underreaction phenomenanesdsult of the correction of an initial
market overreaction to private information occugrgome time (long-term) prior to the event
being released in the public domain. As mentiorex/a, to test this prediction we view the DHS

model as a test of the trending regime where iovestecome increasing overconfident when their

% See Chan, Frankel, and Kothari (2004) for detadisdussion.

% Chan, Frankel and Kothari (2004), using accountigsures, fail to find evidence in favour of bébiaat
hypotheses. However, Daniel (2004) interpretsahibeing consistent with some behavioral modelauseche argues
that investors misinterpret non-accounting inforiorat To abstract from this debate we use pastnetas a source of
future return predictability, as any misinterprigtatof information (accounting or non-accountingpsld ultimately

be reflected in stock prices.



private signals are confirmed by public signalse(tiu self-attribution bias) leading them to over-
infer from a series of good news announcementsandupward trending expectations. This
leads to initial overreaction and later to retuenarsals when ultimately the public signal
disconfirms the past upward trend resulting in laykd market response to the new bad news
public signal due to biased-self attribution. Caisedy, the opposite holds true for a series of bad
news announcements. This argument implies that iowestors form upward (downward)
trending expectations regarding future firm perfanoe based on prior long-term performance,
the market should underreact to the new news eéferbntradicts the trend. We use the notion of
upward trending regime for firms with high pastfpenance and downward trending regime for
firms with low past performance and establish oypdtheses for bad and good news cases

separately in the alternative form:

H1B: GC firms categorized to an upward trending regime should exhibit higher levels of
mar ket underreaction compared to GC firms categorized to a downward trending regime on

publication of the going-concern opinion (bad news).

H1G : GC withdrawal firms categorized to a downward trending regime should exhibit higher
levels of market underreaction compared to GC withdrawal firms categorized to an upward

trending regime on publication of the going-concern withdrawal opinion (good news).

BSV’s model uses a mean-reverting regime scenamxplain the phenomenon of market
underreaction to news events. In their model, ntaskerreaction and underreaction are two

separate phenomena and do not necessarily driteeottaer as suggested by DHS and HS. BSV



argue that underreaction obtains if investors belia a mean-reverting regime and expect that
subsequent firm stock price performance will béhim opposite direction to prior medium-term
performance. However, if investors do not obsenahs pattern then they will underreact to new
information due to conservatism i.e., they will apeltheir beliefs slowly in the face of new
conflicting evidence. To test this proposition sepaly in our bad and good news domains, we
initially classify a subset of our sample firmsnasan-reverting and then categorize those firms
with low medium-term performance to a downward mearerting regime, and firms with high
medium-term performance to an upward mean-reveréggne. This enables us to establish our

alternative hypotheses H2B and H2G:

H2B: GC firms categorized to a downward mean-reverting regime should exhibit higher levels
of market underreaction compared to GC firms categorized to an upward mean-reverting regime

on publication of the going-concern opinion (bad news).

H2G: GC withdrawal firms categorized to an upward mean-reverting regime should exhibit
higher levels of market underreaction compared to GC withdrawal firms categorized in a
downward mean-reverting regime on publication of the going-concern withdrawal opinion (good

news).

Finally, market underreaction in the HS model atgarimarily from gradual diffusion of
private information among newswatchers. Hong, Lird &tein (2000), in the case of momentum,
report results which are supportive of the HS motleéy argue that if momentum arises from

gradual information flow, then there should be mok@mentum (underreaction) in those stocks for



which information emerges more slowly, such as spadrly-followed firms. Past research shows
that going-concern firms are generally small iresidth very low analyst following (Kausar,

Taffler and Tan, 2005; Taffler, Lu and Kausar, 20@b our going-concern context provides an
ideal opportunity for out-of-sample tests of the id8del in the bad news, as well as the good
news, case. For expositional convenience and densigwe term this a test of the momentum
regime where, due to gradual information flow, p@gnt period returns tend to have the same
sign as the medium-term pre-announcement periodn®tTo develop our hypotheses we
categorize our sample firms that have low mediumnmteerformance into a downward momentum
regime, and firms with high medium-term performamte an upward momentum regime, and
establish our hypotheses in the alternative forBB lfepresents the bad news scenario, while H3G

is a test of the HS model in the good news case.

H3B: GC firms categorized to a downward momentum regime should exhibit higher levels of
mar ket underreaction compared to GC firms categorized to an upward momentum regime on

publication of the going-concern opinion (bad news).

H3G : GC withdrawal firms categorized to an upward momentum regime should exhibit higher

levels of market underreaction compared to GC withdrawal firms categorized to a downward

momentum regime on publication of the going-concern withdrawal opinion (good news).
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3. Data and test methods

3.1. Web-based Sanple Collection Procedure

We use Thomson Financial’s free-text search fgdititidentify firms with going-concern audit
reports on SEC’s EDGAR database from 1994 to 2082.main combination of keywords used is
“raise substantial doubt” and “ability to continag a going-concern”. This search gives us 14,761
going-concern opinions published in 10-K filings.

We locate the searched companies orCirger for Research in Security Prices (CRSP)

Database as investigating longer-run stock price perforngiscour primary objective. Of the
14,761 firm-years, 9,896 are not found in the CKH8Rbase. We then search each remaining
company on the SEC’s EDGAR database. From the rengad ,865 firm-years, we further
eliminate firms if their previous year’s audit repis not clean or if they are financial firms,
utilities, in a development stage, filed for Chaydt#é prior to the GC publication date, are foreign
(incorporated outside U.S.) or have insufficientada CRSP/COMPUSTAT. Our final sample
consists of 845 first-time GC firm-year observasidar the 1994-2002 period (i.e. approximately
94 firm-years per year). Firms in this sample gwavive and have their going-concern opinion
withdrawn in the subsequent year, with sufficieatadin CRSP/COMPUSTAT, are classified as
our GC withdrawal sample (the good news case).d h22 firms represent 15% of our initial GC

sample and around 30% of those surviving for orae géter a first-time GC audit report.
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3.2. Descriptive Statistics

Our data consists of 845 (122) non-finance, nolityuthdustry firms with first-time going-
concern (going-concern withdrawn) audit reportslighled between the beginning of 1994 and the
end of 2002 with stocks fully listed on the NYSBVIEX or NASDAQ. These firms have 59
different 2-digit SIC codes indicating no significalegree of industry clustering. Returns data and
market values are taken from the CR&®abase. All other financial data are taken from
COMPUSTATand analyst coverage from IBES. Z-scores, measbangruptcy risk (Altman,
1968), are computed using data drawn from COMPUSTHllowing Shumway (1997) and
Shumway and Warther (1999), delisting returns ac&ided in monthly returns. To abstract from
the influence of outliers, extreme observationsalbour continuous variables except market value
and momentum (MOM) (defined as monthly averageriofrd1-month raw returns to one month
before the going-concern event) are set at thendl the 99 percentiles respectively. These
percentiles are derived from population statistied not from sample statistics.

Table 1 provides descriptive statistics. As casérn from Panel A, not surprisingly, our
going-concern (bad news) firms which, by definitiare in financial distress, have low market
capitalization (mean size = $34m) and are highég lmaking (mean return on assets = -77%).
Low current ratio (mean = 1.36) and high mean ratitotal interest bearing debt to total assets
(38%), together with average z-score = —1.7, whet#.8 means a high probability of failure,
equally demonstrate the high risk profile of threnfisample. Similarly, on average, these firms are
associated with a significant decline in pre-eaatk prices (mean MOM = -4%). On the other
hand, our going-concern withdrawal (good news) dilmave much improved financial figures.

Market data shows that these firms are signifigdatiger in size (mean size = $117m) compared

12



to the going-concern sample, and experience aantiEtrise in stock price prior to the
publication of the going-concern withdrawal audport (mean MOM = 8%). The accounting

ratios also show a significant improvement in fichraracteristics.

Table 1 here

Panel B shows 18% of our GC population have negditook value of equity, compared with
11% of our going-concern withdrawal (GCW) sampkeQi®3). Firms are five times more likely to
enter into bankruptcy/liquidation (delisting codéd60, 572, 574) in the year following the
publication of the going-concern opinion than a#iegoing-concern withdrawal opinion (p=0.00).
Similarly, 39% firms delist due to performance wes(delisting codes: 550 to 585) in the year
after the publication of a going-concern opinion tmly 12% delist after a going-concern
withdrawn opinion (p=0.00). This again confirms thstressed state of our GC sample, whereas
our GCW sample has bankruptcy and delisting rdtessecto the population base rates suggesting
a significant improvement in the financial healttG&W firms after the publication of their initial
GC opinion. Finally, there are no significant difaces between GC and GCW firms in terms of

dividend payment, proportion of firms that are stgently acquired, or analyst coverage.

3.3. Tests of Hypotheses

This section describes our classification of gatogeern and going-concern withdrawal firms
into categories based on their prior long-term @ediium-term stock price performance. We also

discuss our procedures for operationalizing ouoltypses for empirical testing.
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Trending regime: We use a trending regime scenario as the teeeddHS model and employ
prior long-term returns to classify going-concend going-concern withdrawal firms into trending
categories. More specifically, GC (GCW) firms wibsitive monthly average of prior 36-month
(t-36 to t-1) raw returns are classified as upwezdding firms, and GC (GCW) firms with similar
period negative raw returns are classified as dawmdwending firms. We postulate that if
investors believe firms to be in a trending regithen firms with positive prior long-term returns
(upward trending) should experience most of thensal phenomenon after the publication of the
GC bad news as this news would contradict theiefsehbout these firms. That is subsequent
positive performance due to incorrect extrapolatibpast trends. Similarly, the opposite is
predicted for our good news case i.e., downwarttdirgy firms should perform better relative to
the upward trending firms. The formation of categ®based on past trending regimes, designed
to test hypotheses H1B and H1G, are illustratddyures 1a and 1b. As can be seen, our
prediction based on the DHS model is that the diffee between portfolio A (upward trending

firms) and portfolio B (downward trending firms) noth cases should be negative and significant.

Figure 1 here

Mean-reverting regime: As mentioned above, a mean-reversion scenario doged to test the
BSV model. To test its predictive ability we neeshaasure than can classify our going-concern
(going-concern withdrawal) firms, or perhaps a stlo$ these, as mean-reverting firms. To do so
we use the idea that if returns of our sample fiextsibit negative autocorrelation at medium-term

horizons then this would be consistent with th@idemean-reversion in returns. We thus derive a
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serial correlation coefficient for each stock anert, based on this measure, use firms with
negative correlation coefficients to test the mearerting regime scenatrio.

More precisely, for each sample firm i, we estinthteserial correlation coefficient (CORR)
of its six-month returns, using 25 overlapping obaBons over the three-year period prior to the
GC (GCW) publication month® CORR captures the prior long-term return pattant, GC
(GCW) firms with negative CORR are subject to a meaverting pattern in returns over the prior
three-year period. We only work with negative CORRs as positive CORR would be indicative
of a trending regime for which we have already cmteld explicit tests above. We then further
split the GC (GCW) mean-reversion sample into twaugs based on the sign of each firm’s most
recent six-month monthly average return prior ®8C (GCW) event (i.e., t-6 to t-1). The two
portfolios formed are an upward mean-reverting frontfolio i.e., mean-reverting firms with
positive prior medium-term return, and a downwarhmreverting firm portfolio i.e., mean-
reverting firms with negative medium-term returnfpemance. In this setting, based on the BSV
model for our bad news case, we expect that a danhmean-reverting regime firm should
underreact to a new GC bad news signal as thisgosighal will contradict investor beliefs of
mean-reversion (i.e. expected subsequent posiifermance). For the good news case, investors
are expected to underreact to upward mean-revagmgige firms because the good news signal
(GCW) will be inconsistent with their belief of neaeversion. This categorization of our sample
firms into mean-reverting regimes, designed tohligpbtheses H2B and H2G, is illustrated in

figures 2a and 2b. As can be seen our predictisadan the BSV model is that the difference

* We construct our CORR measure analogous to Hangahd Stein’s (2000) RHO measure. However, thereaif
the tests we conduct using CORR are quite diffei#fatrequire a minimum of 12 overlapping observetifor each
firm to construct our CORR measure but not all §fim our GC bad news sample meet this criteriomyesavork with
the reduced GC firm set. All but two of our GCW @ginews) firms have a minimum of 12 overlappingestations.
® Computation of the CORR variable is analogousstrategy of investing for six-months based onmsir-month
monthly average return. It is because of such aguiare that there are no overlapping returns itfitbiefive months
and last six months of the three-year period.
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between portfolio A (upward mean-reverting firmaylgortfolio B (downward mean-reverting

firms) in both our bad and good news cases is éggdo be significantly positive.

Figure 2 here

Momentumregime: We use HS’s argument of gradual diffusion of previstformation to form
momentum regime scenarios. Firms with positivegrenat medium-term raw returns are expected
to exhibit a positive return pattern post-event &rms with negative pre-event raw returns are
expected to exhibit a negative post-event retuttepa To test this proposition, we form two
portfolios by splitting our full GC sample basedtbe sign of prior monthly average six-month
returns (t-6 to t-1). The two portfolios are an @evmomentum portfolio i.e., firms with positive
prior six-month average raw returns, and a downwaodhentum portfolio i.e., firms with

negative prior six-month average raw returns. @mgoirtant thing to note is that for upward and
downward momentum firms if the new news event refbad or good) is consistent in sign with
its prior medium-term return performance, thenrtbemal momentum regime pattern is expected
in the post-event announcement period at leasieimtedium-term.

However, what to expect when the sign of the newsnevent return (good or bad) is
inconsistent with the prior six-month pre-eventiratpattern is not entirely clear. If investors
ignore the public news announcement then we expaatn continuation, but if they incorporate
the information contained in the signal in theiluadion models then we would expect the more
rational response of no abnormal performance fafigthe GC (GCW) signal. The logic is
simple: momentum traders follow medium-term priemtls. If the news event is simultaneously

observed and is consistent with the trend, theyilaety to continue to follow their existing
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strategy (i.e., selling if the trend is bad andibgyf the trend is good). But if the news sigral i
inconsistent with the previous trend in price moeeis, they would react more rationally by
modifying their investment strategies. In our enagairtests we rely on the more conservative
approach of no abnormal response if the observed siggnal is inconsistent with past medium-
term momentum. The formation of portfolios basedipward (downward) momentum regimes,
designed to test hypotheses H3B and H3G, arerditest in figures 3a and 3b. As can be seen, our
prediction based on the HS model is that the diffee between portfolio A (upward momentum
regime firms) and portfolio B (downward momenturginee firms), for both our bad and good

news cases, will be greater than zero and signfifica

Figure 3 here

3.3.1 Long-horizon Event-study Approach

We use a long-horizon event study approach totasbehavioral hypotheses presented in
section 2 above. This also enables use to provssible explanation for the apparent market
underreaction of GC bad news highlighted by previstudies (e.g., Kausar, Taffler, and Tan,
2005). Therefore, we collect monthly returns fomd@nths, 36-months pre- and 12-months post-
annual report publication month. We term the annegabrt publication month as the GC (GCW)
announcement month (t=0) and exclude it from oahaes. The returns for both events
(announcement of a GC audit report and announceofien&C withdrawn audit report) are
studied in parallel on an event-time basis. Thiamsehat our GC withdrawal firms are rebased in

event time according to their GC withdrawn audgtae publication date. We use the 10-K filing
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date taken from SEC’s EDGAR database as the @irgtdl announcement date of a going-concern
opinion® Monthly holding-period stock returns are takemir@RSP. For delisted firms, we
augment the CRSP stock return series with the fmaith delisting return also provided by the
CRSP database. Subsequent monthly returns aresemped by the equivalent monthly return on

the S&P 600 Small Cap. Index.

3.3.2. Return Generating Methodology

Two approaches are commonly used for generatingmgbver variable time horizons,
BHAR (buy-and-hold abnormal return) and CAR (cuntivaabnormal return). However, there is
some disagreement in the recent methodologicalestumh the best method. Barber and Lyon
(1997) favor BHARSs as they involve compounding nesuand reflect actual investor experience.
On the other hand, Fama (1998) argues for sumnhiag-s2rm abnormal returns and recommends
CARs due to their desirable statistical propenvbgch permit cleaner tests of mispricing. We
argue that if mispricing is strong then both methodn be considered as complementary
approaches for computing abnormal returns. Nonesiselong-run abnormal return measurement
problems using BHARSs usually occur over the 3-5 ymae horizon (Kothari and Warner, 1997;
Barber and Lyon, 1997), whereas, we restrict oueseto a one-year time period only. As such,
our main results employ the BHAR measurement medtic CAR results are substantively

identical to our main resulfs.

® Textual search of press articles using Factivaigenl only six cases (less than 1%) of prior puattian of news of
forthcoming GCs in our sample firms.
"We do not report CAR results, however, they aglable upon request from the first author.
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The return on a buy-and-hold investment in sampta f less the return on a buy-and-hold
investment in an asset/portfolio with an appropriexpected return known as the buy-and-hold

abnormal return (BHAR) is given by:
BHAR, =[] [L+R ]~ [] 1+ ER ) @

where R is the simple return on sample firm i in period t.

To further corroborate our BHAR-based results, 18e eeport buy-and-hold raw returns
(BHRRs) which can be viewed as a more stringentermarket mispricing and could also
highlight mis-measurement problems associated avittexpected return benchmark. BHRRs are

calculated as follows:

BHRRm=|j[1+ R]-1 ()

Due to the small average firm size of our sampke pwly consider equally weighted returns
as value-weighting could inflate standard erroid aould result in low power to detect abnormal

performance (Loughran and Ritter, 2000).
3.3.3. Performance Evaluation

We use a control firm approach (Barber and Lyor®,7)%0 determine our expected returns.

Sample firms are matched to control firms on th@daf specified firm characteristics. Barber
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and Lyon (1997) point out the control firm approatiminates the new listing bias, the
rebalancing bias, and the skewness proBldiralso yields well-specified test statisticsvirtually

all the situations they consider. Ang and Zhan@@@dditionally argue that the control firm
method overcomes another important problem whiassociated with the event firm not being
near the centroid of the respective matched paotinlthe reference portfolio approach. This leads
to the matched portfolio return not providing a d@stimate of expected firm return. They also
demonstrate this problem is more acute with snratisfwhich our GC population comprises. We
identify a control firm by matching each of our @@d GC withdrawal firms with that non-
financial, non-utility industry, non-GC firm with ost similar size and book-to-market ratio. More
specifically, we first identify all firms with a nieet value of equity between 70% and 130% of the
market value of equity of the sample firm at thd ehthe GC (GC withdrawal) month; from this

set of firms we choose the firm with the book-torkes ratio closest to that of the sample fitm.

4. Results

In this section, we study the medium-term markattien to first-time going-concern opinions.
First, for completeness we replicate the resultsafsar, Taffler and Tan (2005) to demonstrate
market mispricing of first-time going-concern firr{isad news) as opposed to going-concern

withdrawal firms (good news). We then conduct treemanalyses of this paper by subjecting our

® This is because the sample and control firms ot be listed in the identified event month, samaid control
firm returns are calculated without rebalancing both the sample and control firms are equallyljike experience
large positive returns.

°For robustness purposes, we also use an exteneedftittor matched portfolio approach but do nporethe
results in this paper, as they are qualitativetyilsi to those reported below using the contrehfapproach. In
addition to this, we run a Carhart (1997) two-sepnt time approach for our firms; again, the tssarle very similar.
For both these approaches, details of the exadtadelogy and results are available from the fitghar.

20



going-concern and going-concern withdrawn firmsets of the out-to-sample predictability of

the three behavioral finance models under alteradtypotheses H1 to H3.

4.1. Market Response to Bad and Good News

Tables 2 and 3 provide the mean and median posggmncern opinion announcement
month returns. Panel A of table 2 presents buyfarid-raw returns (BHRRS), and panel B buy-
and-hold abnormal returns (BHARS), over the follogviL2-month period. As can be seen, results
are consistent with Kausar, Taffler, and Tan (200%)elve-month (6-month) mean BHRRs and
BHARSs following the GC audit opinions are -3% (-1p&hd -16% (-13%). Equivalent median
results are -40% (-33%) and -17% (-13%). All theutes for our GC sample (bad news) are

significant at better than 1% levels, save the bvim mean BHRR results.

Tables 2 and 3 here

Whereas table 3 shows neither mean BHRR resufjnsfisant for our GC withdrawal sample
(good news), however, both median BHRR results@mificant at better than the 10% level.
However, when we adjust our GC withdrawal firmsrek using control firm BHARS, none of
the mean or median results is distinguishable freno.

Tables 2 and 3 demonstrate how the market res@mysmetrically to good and bad news in
the financial distress domain: good news is ardieig completely, while bad news is not.
Although the market does not, on average, misguoaE news firms, however, we nonetheless

continue to test the three behavioral models ih ied bad and good news domains. This is
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because it is quite possible that the mispricirigss severe for our good news firms, and on
average disappears, but it might become evidenh\whaeed in trending, mean-reverting or
momentum categories. The following three sub-sestmnduct empirical tests on the DHS, BSV

and HS models respectively.

4.2. Trending Regime: Testing the DHS Behavioral Model

Tables 4 and 5 report the differences in returfioperance between upward trending and
downward trending portfolios measured using rawrres over the prior three-year period, and
provide tests of hypotheses H1B and H1G. As ilaistit in figures 1a, and 1b, post-event returns
are derived by subtracting portfolio B returns frimse of portfolio A. Differences in mean
(median) BHRRs and BHARs subsequent to the pulicatf the GC (GC withdrawn) opinion
for the 12-month period are reported in panel A padel B respectively. Table 4 relates to the bad
news case, while table 5 represents the good nases c

As can be seen, the stories for both our bad nases able 4) and good news case (table 5) are
quite clear. Results strongly support firm catezmtion into trending regimes. In the going-
concern case, table 4 shows the 12-month mean B®BARIR) difference is -26% (-26%),
significant at the 1% level. This evidence is ferthorroborated by the median BHAR (BHRR)
difference results, for example, the 12-month me®@BAR (BHHR) difference is -19% (-19%),
again significant at conventional levél<Our post-going-concern drift appears to be a lemmp
return reversal phenomenon as predicted by the Bbi&I. This evidence is consistent with out

alternative hypothesis H1B.

2To check our results we conduct two additionalisibess tests (i) removing extreme outliers, a@hdefinoving GC
firms that have missing returns in any month inghier 36-month period. In both cases, our untaiedlaesults
strongly support our original results.
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A similar picture emerges for our good news case {@&hdrawals). This is more surprising
because there is no evidence of mispricing in olllGC withdrawal sample, and categorization
based on trending regimes helps predict subsegeiemns. Table 5 shows the 12-month mean
(median) BHAR difference to be -88% (-51%), sigrafit at better than the 1% level. Our mean
(median) BHRR difference also supports our BHARIlss for example, 12-month mean
(median) BHRR difference is -77% (-14%), again gigant at conventional levels. These
findings are consistent with our alternative hyesis H1G. We thus conclude that investors do
form trending categories based on past long-temiopeance and respond in a biased way to both

bad and good news when the new market signal esistent with their expectations.

Tables 4 and 5 here

4.3. Mean-reverting Regime: Testing the BSV Behavioral Model

Tables 6 and 7 report the difference in returnqgrardnce of upward mean-reverting and
downward mean-reverting portfolios measured usingneturns over the prior six months, and
provide tests of hypotheses H2B and H2G. Post-aedutns are derived by subtracting returns of
portfolio B from portfolio A, as illustrated in figes 2a, and 2b. Differences in mean (median)
BHRRs and BHARSs subsequent to the publication @fGiC (GC withdrawn) opinion for the 12-
month period are reported in panel A and paneldpeetively. Table 6 presents results for the bad
news case, whereas table 7 relates to the goodaeses

Neither our bad nor good news case results prangesvidence consistent with firm

categorization into mean-reverting regimes. Fongx{a, panel B of table 6 shows 12-month mean
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(median) BHARSs of 1% (4%), not significant at contienal levels. Similarly, panel B of table 7
shows 12-month mean (median) BHAR difference is {38%0), not significant at conventional
levels, and with signs in the wrong direction. B#RR results confirm these findings. Based on
these findings we reject both of our alternativedtiieses H2B and H2G. These results contradict
the idea of categories based on mean-revertingesgiand, as such, are inconsistent with the

BSV model of market underreaction.

Table 6 and 7 her

1%

4.4. Momentum Regime: Testing the HS Behavioral Model

Tables 8 and 9 present the difference in returfopgance between upward momentum and
downward momentum portfolios measured using raurnstover the past six-months, and provide
tests of our hypotheses H3B and H3G. As illustrateyures 3a, and 3b, post-event returns are
derived by subtracting the returns of portfoliorBri those of portfolio A. Differences in mean
(median) BHRRs and BHARs subsequent to the pulicatf the GC (GC withdrawn) opinion
for the 12-month period are reported in panels & Briespectively. Table 8 reports results for our
going-concern opinion (bad news) sample, whilegt&bteports results for going-concern
withdrawn opinions (good news).

As can be seen, there is no evidence of graduakth of news in either our bad or good news
samples after the publication of the going-con¢going-concern withdrawn) opinion. Table 8,
panel B shows the 12-month mean (median) BHAR wiffee is -7% (2%), not significant at

conventional levels. Similarly, table 9, panel &; the good news case, shows 12-month mean
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(median) BHAR difference is -5% (-4%); again thessults are not significant at conventional
levels. In both the cases the signs are also iwtbag direction. The equivalent BHRR results in
the respective panel As also portray the same.sitigse findings lead us to reject alternative
hypotheses H3B and H3G. We thus conclude thatrmdtion does not diffuse gradually among
our small, less-followed firms, highlighting cldack of out-of-sample support for the HS

behavioral model.

Tables 8 and 9 here

In a nutshell, we have clear out-of-sample evidesuggporting behavioral theories based on
trending regimes. In particular, our results aneststent with the DHS model, and show that
market underreaction following going-concern opmsgbad news) is a consequence of initial
market overreaction, which is visible only aftee tielease of the new news event into the public
domain. Interestingly, this mispricing is not lieut to our bad news case (GC), and when we
categorize our good news (going-concern withdrafual}s into trending regimes parallel
mispricing becomes evident. On the other handbétavioral models of BVS and HS find no
support whatsoever in our out-of-sample testsitireeof the bad or good news domains. Thus
these two models, based respectively on other tegriiases, and different types of investor, do

not appear to have empirical validity, at leasbum context.
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5. Conclusions

This paper tests the predictions of the three rhalravioral finance theories seeking to explain
market under- and overreaction in both bad and gesds domains and using out-of-sample data.
We use going-concern and going-concern withdravdit apinions, which are unambiguous
mandatory bad and good news signals to provide elaairical evidence on whether investors
appear to suffer from psychological biases whitecpssing price-sensitive information as
suggested by behavioral models of market mispriclimgtest this assertion, we categorize our
going-concern (going-concern withdrawal) firms itiending, mean-reverting and momentum
regimes to assess out-of-sample validity of thei@gaHlirshleifer, and Subrahmanyam (1998)
(DHS), Barberis, Shleifer, and Vishny (1998) (BSW¥d Hong and Stein (1999) (HS) models
respectively. Consistent with Kausar, Taffler, diah (2005) we find that the market underreacts
to the bad news conveyed by a going-concern apdiian, whereas it responds rationally to good
news as indicated by a subsequent going-concehdraival. In our important tests of our
hypotheses we find strong support for the DHS mod#ie bad news as well as the good news
case. For our full sample, we find that the matketerreacts to the going-concern announcement
by -16 percent at the 12-month stage. However, wenategorize our firms into upward
trending and downward trending regimes and therpedenthe difference between the two
portfolios, the mispricing increases by almost thies to around -26 percent. Similarly, and
more surprisingly though, when we categorize oun@i@drawal (good news) firms into trending
regimes, mispricing now becomes evident and ikedune of 88%. Both these results are highly

significant, and robust to bad model problems.dntrast, categorization of firms in line with
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either of the BSV or HS models is not supportedbiydata, whether in the bad or good news
domains.

Our findings have a number of important implicasioRirst, we find out-of-sample evidence
consistent with the idea that investors suffer fsuroh behavioral biases as overconfidence and
biased-self attribution on which the DHS modelasdd, both in the bad and good news case.
More generally, these results are also consistéhtpgychological theories based on
representativeness. Second, though, explanatieesilman conservatism or gradual diffusion of
news are not supported by our data. Third, basemioempirical analyses we are able to provide
a behavioral explanation for the post-going-conckift anomaly. The market underreaction that
we observe after the going-concern announcemeint fiact, return reversals of going-concern
firms categorized to an upward trending regimel{lpgst performers) detectable only after the
release of the going-concern signal in the pubdimdin. Finally, our study highlights the

centrality of the limits-to-arbitrage assumptiortasts of behavioral finance theories.
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Table 1
Data Summary Statistics

This table presents summary statistics relatimgutgpopulation of 845 (122) non-finance, non-utilitdustry firms listed on NYSE, AMEX or
NASDAQ receiving first-time going-concern (goingrmern withdrawn) audit reports between 1.1.199412n81.2002. Panel A reports
continuous financial variables and Panel B ottren fiharacteristics.

Panel A: Continuous financial variables

Going-concern (n=845) Going-concern withdrawal1(®2)
Mean Median
Variable Mean Median  St. dev. Mean Median  St. dev. difference p-value difference p-value
SIZE 33.79 12.25 133.28 116.82 30.73 229.10 -83.04 0.00 -18.49 0.00
TA 176.18 24.15 1300.78 199.86 29.74 693.56 -23.68 0.84 -5.59 0.12
SALES 147.41 19.79 970.23 195.57 26.60 727.75 -48.15 0.60 -6.81 0.19
ROA -0.77 -0.48 0.95 -0.35 -0.11 0.81 -0.42 0.00 -0.37 0.00
CR 1.36 0.95 142 1.97 1.43 1.74 -0.62 0.00 -0.48 0.00
LEV 0.38 0.32 0.38 0.32 0.22 0.34 0.05 0.13 0.10 0.12
z-score -1.73 -0.47 8.78 0.26 1.19 10.75 -1.99 0.02 -1.65 0.00
MOM -0.04 -0.04 0.09 0.08 0.05 0.09 -0.12 0.00 -0.10 0.00

SIZE = market value measured by market capitatimaiti $ million at the end of the calendar monttaodlit report publication date, TA = total
assets in $ million, SALES = sales in $ million, RG return on assets (net income/total assets)zCRrent ratio (current assets/current
liabilities), LEV = leverage proxy defined as totidbt/total assets, Z-SCORE = financial distressare (Altman (1968)), and MOM = monthly
average of prior 11-months (t-12 to t-2) raw retupefore the publication of the GC (GCM withdrawalit report.
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Table 1 Cont...

Panel B: Other characteristics

Going-concern (n=845)

Number of positive

Going-concern withdrawal (n=122)

Number of positive

Difference in proportions

Variable cases % of sample cases % of sample (p-value)
EQUITY 687 81.3 109 89.3 0.03
DIVID 213 252 38 31.2 0.16
DEAD 43 5.1 1 0.8 0.03
DELIST 332 39.3 15 12.3 0.00
ACQU 51 6.0 5 4.1 0.39
ACOV 303 359 41 336 0.63

EQUITY = book value of equity dummy (1 if positive, otherwise), DIVID = dividend paid dummy (1 ifvilend paid, O if nominal or
omission), DEAD = bankruptcy dummy (1 if the firmters into Chapter 11, Chapter 7, voluntary ligtiatg or is wound up within one year of
the audit report date, O otherwise), DELIST = dadismmy (1 if the firm is delisted due to any otlheason within one year of the audit report
date, 0 otherwise), ACQU = acquired dummy (1 iffihm is acquired within one year of the audit repdate, 0 otherwise), and ACOV = analyst
coverage dummy (1 if number of analysts > 0, O mtfse) is measured by the number of analysts piogidarnings estimates on IBES at any

time in the quarter centered on the going-conogoim@-concern withdrawal) announcement month.
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TABLE 2
First Time Firm Going-concern Audit Report Pre-announcement 12-month Buy-and-hold Returns

This table presents buy-and-hold raw (abnormal)rnst (BHRRs and BHARS) for our population of 84%1fimance, non-utility industry firms
listed on the NYSE, AMEX or NADSAQ which publishedgoing-concern audit report (GC) (bad news) fer first time between 1.1.1994 and
12.31.2002. The 12-month period reported commeordke first day of the month immediately followitite going-concern opinion audit report
release month. Returns earned by delisted firmgeprmesented by the equivalent monthly return anSBP 600 Small Cap. Index. Panel A
provides mean and median BHRRs and Panel B theaqnt BHARS results using a control firm benchmark

Each GC firm in our population is matched with thah-finance, non-utility, non-GC firm with mostslar size and book-to-market ratios.
Specifically, all non-financial, non-utility firmsvithout GC audit reports listed on the NYSE, AMEX MASDAQ are first identified with a

market value of equity between 70% and 130% ofdh#tte sample firm. The control firm is then stéel as that firm with book-to-market ratio
closest to that of the sample firm.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHRR -0.01 -0.04 -0.08 -0.10 -0.24 -0.15 -0.16 -0.15 -0.11 -0.09 -0.05 -0.03
t-value -0.38 -205 -334 -39 535 577 577 -517 -322 -230 -1.02 -0.67
Median BHRR -0.08 -0.13 -0.19 -0.24 -0.32 -033 -0.36 -0.38 -0.37 -0.35 -0.38 -0.40
Wilcoxon z-value -457 -6.46 -871 -9.92 -10.68 -11.59 -11.33 -11.13 -10.37 -10.06 -9.94 -10.09
Sign z-value -7.02 -8.38 -10.29 -11.12 -12.15 -13.11 -1249 -12.11 -1142 -12.04 -11.63 -11.90
Panel B: Buy-and-hold returns derived using a abfittm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR -0.03 -0.05 -0.08 -0.09 -0.13 -0.13 -0.13 -0.15 -0.13 -0.212 -0.17 -0.16
t-value -1.69 -228 -2.79 -276 -350 -368 -354 -362 -291 -3.70 -281 -2.59
Median BHAR -0.05 -0.06 -0.10 -0.13 -0.13 -0.16 -0.17 -0.18 -0.16 -0.16 -0.16 -0.17
Wilcoxon z-value -340 -4.04 -485 -487 -494 -540 514 -534 -5.08 -514 -497 -497
Sign z-value -445 -399 -440 -502 -488 -6.05 -585 -585 -564 -433 -461 -4.68
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TABLE 3
First Time Firm Going-concern Withdrawal Audit Report Pre-announcement 12-month Buy-and-hold Returns

This table presents buy-and-hold raw (abnormal)rnst (BHRRs and BHARS) for our population of 122+fimance, non-utility industry firms
listed on the NYSE, AMEX or NADSAQ which published going-concern withdrawn audit report (good neimsthe year following the
publication of going-concern audit report (GC) betw 1.1.1994 and 12.31.2002. The 12-month perjported commences on the first day of
the month immediately following the going-concepinion audit report release month. Returns earnjeddtisted firms are represented by the

equivalent monthly return on the S&P 600 Small agdex. Panel A provides mean and median BHRRsRaxttl B the equivalent BHARs
results using a control firm benchmark.

Each going-concern withdrawal firm in our populatis matched with that non-finance, non-utility,nr@C firm with most similar size and
book-to-market ratios. Specifically, all non-firal, non-utility firms without GC audit reportsted on the NYSE, AMEX or NASDAQ are first
identified with a market value of equity betweerf7@nd 130% of that of the sample firm. The contiroh is then selected as that firm with
book-to-market ratio closest to that of the sarfipte.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHRR 0.03 0.02 0.04 0.00 -0.03 -0.05 -0.04 0.02 -0.02 0.05 0.09 0.25
t-value 0.75 0.37 0.61 0.07 -0.37 -0.87 -0.57 0.20 -0.24 056 0.79 1.44
Median BHRR -0.05 -0.10 -0.12 -0.12 -0.17 -0.20 -0.21 -0.19 -0.23 -0.21 -0.22 -0.20
Wilcoxon z-value -155 -252 -2.01 -217 -252 -2.66 -2.76 -2.14 -200 -2.04 -224 -1.82
Sign z-value -259 -3.17 -299 -3.17 -3.71 -3.17 -299 -3.89 -281 -3.563 -3.17 -2.26

Panel B: Buy-and-hold returns derived using a abfitTm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR 0.07 0.04 0.00 -0.07 -0.07 -0.04 0.01 0.08 0.04 0.11 0.14 0.28
t-value 144 0.62 001 -0.67 -0.67 -0.47 0.06 0.85 0.37 097 1.16 1.62
Median BHAR -0.01 -0.04 0.01 -0.01 -0.02 0.00 0.01 0.07 0.00 0.00 -0.01 0.06
Wilcoxon z-value -0.64 -0.38 0.09 -0.02 -0.46 0.15 0.27 0.40 0.12 -0.17 -0.25 0.58
Sign z-value -0.36 -1.00 0.09 -0.81 -0.27 0.27 0.27 1.8 0.00 -0.09 -0.45 0.81
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TABLE 4
First Time Going-concern Audit Report (Bad News) Pet-announcement Month Returns Conditional on PriorLong-term
Performance (Trending Regime)
This table presents buy-and-hold raw (abnormal)rnst for our population of 845 non-finance, nodiytindustry firms listed on the NYSE,
AMEX and NASDAQ which published a going-concern iauedport (GC) (bad news) for the first time betwekr1.1994 and 12.31.2002. The
table provides results for the portfolio of 55Infs with negative pre-event long-term performance thie parallel portfolio made up of the 294
firms with positive pre-event long-term performanteng-term performance is measured as the moatréyage of prior 36-month (t=-36 to t=-
1) raw returns. The table provides mean and metiféerences between the two portfolios along Wihit significance levels for the 12 months
commencing on the first day of the month immediafellowing the going-concern audit report releasenth. Panel A presents mean and

median difference buy-and-hold raw returns (BHR&)d Panel B the equivalent buy-and-hold abnorntatme (BHARS). Control firms are
selected as described in Panel B of table 2.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHRR difference -0.11 -0.15 -0.15 -0.18 -0.20 -0.22 -0.26 -0.25 -0.26 -0.27 -0.28 -0.26
t-value -341 -385 -323 339 -375 -400 -451 -399 -369 -351 -3.03 -254
Median BHRR difference -0.04 -008 -0.10 -0.09 -0.10 -0.10 -0.12 -019 -0.20 -0.21 -0.19 -0.19
Mann-Whitney Z -296 -369 -3.12 -3.17 -321 -306 -356 -3.76 -3.77 -365 -353 -359

Panel B: Buy-and-hold abnormal returns derivedgisircontrol firm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference -0.07 -0.10 -0.12 -0.15 -0.22 -0.24 -0.26 -0.23 -0.27 -0.25 -0.28 -0.26
t-value -1.88 -2.10 -2.04 -224 -279 -3.12 -3.28 -2.71 -287 -207 -2.24 -1.98
Median BHAR difference -0.04 -0.09 -0.13 -0.11 -010 -0.15 -0.17 -0.16 -0.18 -0.17 -0.16 -0.19
Mann-Whitney Z -247 -263 -242 -205 -285 -315 -365 -335 -3.36 -299 -297 -3.22
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TABLE 5
First Time Going-concern Withdrawn (Good News) Audt Report Post-announcement Month Returns Conditionaon Prior
Long-term Performance (Trending Regime)
This table presents buy-and-hold raw (abnormal)rnst for our population of 122 non-finance, nodiytindustry firms listed on the NYSE,
AMEX and NASDAQ which published a going-concernhgiitawn audit report in the year following the pabtion of GC audit report between
1.1.1994 and 12.31.2002. The table provides refuitthe portfolio of 47 firms with negative preent long-term performance and the parallel
portfolio made up of the 75 firms with positive greent long-term performance. Long-term performanameasured as the monthly average of
prior 36-month (t=-36 to t=-1) raw returns. The léalprovides mean and median differences betweentwbeportfolios along with their
significance levels for the 12 months commencindghanfirst day of the month immediately followinget going-concern withdrawn audit report
release month. Panel A presents mean and medi@nedce buy-and-hold raw returns (BHRR), and Pdhéhe equivalent buy-and-hold
abnormal returns (BHARS). Control firms are seldae described in Panel B of table 2.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHRR difference -0.07 -0.11 -0.22 -0.22 -0.25 -0.22 -0.12 -0.27 -0.29 -0.28 -0.54 -0.77
t-value -081 -102 -159 -161 -176 -186 -0.78 -159 -190 -157 -247 -2.24
Median BHRR difference -0.04 -0.07 -0.112 -0.06 -0.11 -0.112 -0.16 -0.17 -042 -0.20 -0.16 -0.14
Mann-Whitney Z -096 -134 -181 -145 -193 -202 -2.13 -2.19 -293 -257 -273 -2.43

Panel B: Buy-and-hold abnormal returns derivedgisicontrol firm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference -0.06 -0.11 -0.31 -0.22 -030 -0.36 -025 -040 -042 -0.37 -0.62 -0.88
t-value -061 -089 -151 -101 -151 -202 -139 -2.05 -205 -166 -258 -2.49
Median BHAR difference -0.07 -0.08 -0.07 -0.03 -0.12 -0.24 -026 -030 -046 -0.34 -0.41 -051
Mann-Whitney Z -0.73 -0.65 -1.18 -059 -184 -248 -227 -253 -290 -253 -3.03 -2.90
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TABLE 6
First Time Going-concern Audit Report (Bad News) Pst-announcement Month Returns Conditional on Mediumterm Return
Performance of Mean-reverting Firms (Mean-revertingRegime)

This table presents buy-and-hold raw (abnormal)rnest for our 582 non-finance, non-utility indusfiyms listed on the NYSE, AMEX and
NASDAQ which published a going-concern audit rep@C) for the first time between 1.1.1994 and 12802. These 582 GC firms are
classified as mean-reverting firms based on thathegestimate for each GC firm’s serial correlataefficient (CORR) of its six-month raw
returns, using 25 overlapping observations overttinee-year period prior to the GC publication nmonthe remaining 263 GC firms with a
positive CORR estimate are dropped from the armbsia positive CORR estimate indicates a trerfitimg Our GC firms are further split into
two portfolios based on the sign of each GC firmienthly average prior six-month raw return (t-6tib). The table provides results for the
portfolio of 363 firms with negative pre-event medhi-term performance and the parallel portfolio mageof the 219 firms with positive pre-
event medium-term performance. The table providesmand median differences between the two pa#faiong with their significance levels
for the 12 months commencing on the first day & thonth immediately following the going-concern iudport release month. Panel A

presents mean and median buy-and-hold raw retBR&RRs), and Panel B the equivalent buy-and-holdoabnal returns (BHARS). Control
firms are selected as described in Panel B of table

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHHR difference -0.04 -0.06 -0.05 002 -0.01 -0.010 -0.03 -0.02 0.01 0.03 0.09 -0.01
t-value -1.17 -1.43 -1.09 032 -0.08 -0.18 -045 -0.22 0.11 0.32 0.80 -0.10
Median BHHR difference -0.03 -0.05 -0.03 0.04 0.05 0.07 0.10 0.10 0.06 0.06 0.10 0.05
Mann-Whitney Z -1.38 -1.54 -0.63 0.96 143 1.16 0.99 0.70 0.73 0.64 072 0.32

Panel B: Buy-and-hold abnormal returns derivedgisircontrol firm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference -0.01 -0.01 0.03 0.02 0.00 0.01 -0.04 0.00 -0.04 0.03 0.04 0.01
t-value -0.16 -0.15 0.41 021 -0.05 0.3 -0.39 0.03 -0.34 0.21 0.30 0.06
Median BHAR difference -0.01 -0.08 0.02 0.08 0.10 0.11 0.10 0.08 0.09 0.03 0.02 0.04
Mann-Whitney Z -0.99 -0.36 0.60 0.54 0.28 0.35 0.51 0.44 0.56 0.41 044 0.79
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1.1.1994 and 12.31.2002. These 91 GCW firms assifled as mean-reverting firms based on the negatitimate for each GCW firm’s serial

TABLE 7
First Time Going-concern Withdrawn (Good News) Audt Report Post-announcement Month Returns Conditionhon
Medium-term Return Performance of Mean-reverting Firms (Mean-reverting Regime)

This table presents buy-and-hold raw (abnormal)rnat for our 91 non-finance, non-utility industriynis listed on the NYSE, AMEX and
NASDAQ which published a going-concern withdrawnC{®) audit report in the year following the publicett of GC audit report between

correlation coefficient (CORR) of its six-month raeturns, using 25 overlapping observations overttiree-year period prior to the GCW

publication month. The remaining 31 GCW firms wihpositive CORR estimate are dropped from the aitabs a positive CORR estimate

indicates a trending firm. Our GCW firms are furtlsglit into two portfolios based on the sign otled@cCW firm’s monthly average prior six-

month raw return (t-6 to t-1). The table providesuits for the portfolio of 33 firms with negatipee-event medium-term performance and the
parallel portfolio made up of the 58 firms with fin®e pre-event medium-term performance. The tgirtevides mean and median differences

between the two portfolios along with their sigcdfince levels for the 12 months commencing on teeday of the month immediately following

the going-concern withdrawn audit report releasatimoPanel A presents mean and median buy-andrwldeturns (BHRRS), and Panel B the

equivalent buy-and-hold abnormal returns (BHAR$)ntol firms are selected as described in PandltBhde 2.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3

4 5 6 7 8 9 10 11 12
Mean BHHR difference 008 -0.01 001 010 002 -0.12 -0.17 -0.25 -0.14 -0.19 -0.20 -0.02
t-value 0.72 -006 005 057 011 -0.80 -0.91 -119 -0.74 -083 -0.69 -0.05
Median BHHR difference -0.06 -0.03 -0.12 -0.11 -0.04 -0.13 0.01 -0.20 -0.33 -0.04 -0.07 -0.07
Mann-Whitney Z -0.75 -1.01 -093 -046 -051 -058 010 -068 -0.85 -044 -040 -045
Panel B: Buy-and-hold abnormal returns derivedgisicontrol firm benchmark
Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference 0.15 -0.02 -0.15 -0.05 -0.07 -0.27 -0.15 -0.24 -0.10 -0.17 -0.24 -0.03
t-value 115 -0.10 -056 -0.24 -034 -137 -0.76 -1.06 -046 -0.65 -0.82 -0.07
Median BHAR difference -0.04 -0.03 -006 005 -005 -0.04 004 -020 -0.18 -0.04 -0.05 -0.06
Mann-Whitney Z -0.07 -058 061 021 -026 -073 003 -063 -057 -024 -043 -054
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TABLE 8
First Time Going-concern Audit Report (Bad News) Pet-announcement Month Returns Conditional on PriorMedium-term
Return Performance (Momentum Regime)
This table presents buy-and-hold raw (abnormal)rnst for our population of 845 non-finance, noditytindustry firms listed on the NYSE,
AMEX and NASDAQ which published a going-concern iaveport (GC) for the first time between 1.1.199%d 12.31.2002. The table provides
results for the portfolio of 581 firms with negatipre-event medium-term performance and the phpaifolio made up of the 264 firms with
positive pre-event medium-term performance. Medtemm performance is measured as the monthly avexbthe prior 6-month (t=-6 to t=-1)
raw returns. The table provides mean and medidaréifces between the two portfolios along withrtisginificance levels for the 12 months
commencing on the first day of the month immediafellowing the going-concern audit report releasenth. Panel A presents mean and

median buy-and-hold raw returns (BHRR), and Pan#iéBequivalent buy-and-hold abnormal returns (BIHARControl firms are selected as
described in Panel B of table 2.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHHR difference -0.04 -0.05 -0.06 001 0.00 -0.03 -0.04 -004 -0.04 -0.06 0.00 -0.07
t-value -1.09 -136 -1.21 0.10 -008 -045 -0.73 -067 -053 -0.71 0.04 -0.69
Median BHHR difference -0.01 -0.03 -0.03 0.03 0.04 0.07 0.07 0.06 0.04 0.06 0.07 0.02
Mann-Whitney Z -091 -1.26 -0.39 1.16 157 1.27 1.04 059 0.48 0.36 0.38 0.00
Panel B: Buy-and-hold abnormal returns derivedgisircontrol firm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference -0.03 -0.02 000 -0.010 -003 -0.02 -0.07 -0.04 -0.07 0.01 -0.03 -0.07
t-value -0.71 -0.36 -0.02 -0.12 -042 -0.29 -0.88 -046 -0.69 0.11 -0.21 -0.53
Median BHAR difference -0.02 -0.06 0.02 0.09 0.07 0.10 0.08 0.07 0.13 0.05 0.03 0.02
Mann-Whitney Z -0.60 -0.44 047 046 034 0.39 0.59 0.53 0.66 059 074 0.84
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TABLE 9
First Time Going-concern Withdrawn (Good News) Audt Report Post-announcement Month Returns Conditionaon Prior
Medium-term Return Performance (Momentum regime)
This table presents buy-and-hold raw (abnormal)rnst for our population of 122 non-finance, nodiytindustry firms listed on the NYSE,
AMEX and NASDAQ which published a going-concernhgiitawn audit report in the year following the pabtion of GC audit report between
1.1.1994 and 12.31.2002. The table provides resoftshe portfolio of 39 firms with negative preeut medium-term performance and the
parallel portfolio made up of the 83 firms with fin® pre-event medium-term performance. Mediunmtgrerformance is measured as the
monthly average of the prior 6-month (t=-6 to t=rdyv returns. The table provides mean and medffereinces between the two portfolios along
with their significance levels for the 12 monthsreoencing on the first day of the month immediafeljowing the going-concern withdrawn

audit report release month. Panel A presents madmeedian buy-and-hold raw returns (BHRR), and P8nthe equivalent buy-and-hold
abnormal returns (BHARS). Control firms are seldae described in Panel B of table 2.

Panel A: Buy-and-hold raw returns

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHHR difference 0.02 -009 -0.08 001 -0.01 -0.11 -015 -0.27 -0.13 -0.16 -0.19 -0.11
t-value 025 -0.78 -054 005 -009 -088 -100 -151 -0.80 -0.87 -0.83 -0.31
Median BHHR difference -0.06 -0.03 -0.17 -0.12 -0.05 0.00 -0.04 -0.13 -0.21 -0.06 -0.03 -0.06
Mann-Whitney Z -094 -141 -146 -106 -062 -065 -036 -090 -0.91 -049 -035 -0.43

Panel B: Buy-and-hold abnormal returns derivedgisicontrol firm benchmark

Months in event time 1 2 3 4 5 6 7 8 9 10 11 12
Mean BHAR difference 0.11 -0.05 -0.12 0.15 0.11 -0.06 001 -0.15 0.04 -006 -0.14 -0.05
t-value 1.08 -037 -054 0.65 052 -034 006 -074 018 -0.26 -054 -0.13
Median BHAR difference -0.02 003 -0.05 005 -0.05 -0.01 0.09 -006 -0.10 0.00 -0.02 -0.04
Mann-Whitney Z -0.87 079 -058 082 -092 -076 081 -056 -0.72 092 -0.77 -0.61
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FIGURE 1
Graphical lllustration of Portfolio Tests of Trending Regime

High (+ve) E(R) < 0 — Portfolio A
(upward trending)

Sample Prior Long-term

Firms \ Performance

E(R) = 0 — Portfolio B
(downward trending)

N J

Pre-event period Event period Post-event period

Low (-ve)

GC (bad news)

Prediction H1; : Rp, — Rpg <0

Fig 1a : Trending regime — bad news case
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FIGURE 2
Graphical lllustration of Portfolio Tests of Mean-reverting Regime
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Fig 2a : Mean-reverting regime — bad news case Fig 2b : Mean-reverting regime — good news case
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FIGURE 3
Graphical lllustration of Portfolio Tests of Momentum Regime
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Fig 3a : Momentum regime — bad news case
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