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1 Introduction

Most of the bankruptcy prediction models develogedfar have in common that they are
based on quantitative data or more precisely fihmatios. Hard information has the ad-
vantage that it can easily and objectively be ctdld. Beaver (1966) applied a univariate dis-
criminant analysis method (UDA) and compared irdlial ratios for the accuracy of predict-
ability. The Z-Score developed by Altman (1968)aismultivariate discriminant analysis
method (MDA) using five accounting ratios. Latervel®ped methodologies are the logit and
probit analysis for example Ohlson (1980), who ewpla logistic regression model with
nine independent variables. The newest developmihin this field of research is to apply
artificial neural networks (NN). Together with MDiey are the most effective bankruptcy
prediction methods up to date (Bellovary et alQ2(. 10). Other suggested bankruptcy pre-
diction models include the recursive partitioninglysis (e.g., McKee and Greenstein, 2000)
and a cash flow simulation model (e.g., Ceccar2l)3). Bellovary et al. (2007) provide an
overview of bankruptcy prediction studies from 198@he present.

However, useful information can be lost when diardag soft information. Studies in the
area of credit risk management show that qualgatiformation (e.g., credit analyst’s judg-
ment of a firm’s market position based on the elgpere gathered from the bank-customer re-
lationship) leads to a more precise assessmengfatild risk (e.g., Lehmann, 2003; Godbil-
lon-Camus and Godlewski, 2005). Nevertheless Lemn{a003) is in doubt that the costs of

collecting qualitative data exceed the advantages.

With new technologies like the eXtensible BusinBeporting Language (XBRL) this may
change. XBRL is an internationally acknowledgedhdtad that has been developed for the
automatic electronic exchange of business datpatiticular, XBRL makes it possible to ana-
lyze quantitative and qualitative data of finan@ttements automatically by using mark-ups
(tags) that are associated with specific informmattems. On January 30, 2009, the Securities
and Exchange Commission (SEC) released a rule rtiagddl SEC filers to file interactive
data (or XBRL data) with the EDGAR (Electronic D&athering, Analysis, and Retrieval)
system over a three year phase-in (SEC, 2009).efdrer; a mass of XBRL filings will be

available soon.

In this work, we develop an automated content amaliechnique to assess the bankruptcy

risk of companies using XBRL tags. The extensivé @mplex information of annual reports

is reduced to the most important red flags for tety a threatening bankruptcy. We per-
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form an empirical investigation of a group of comigs that filed for Chapter 11 in the past
versus a healthy group of companies to test fordikeriminatory power of the proposed
method.

This paper proceeds as follows. The next sectidegcsizes our proposed method into the
context of content analysis. An initial red flagrt list is theoretically derived in the third sec-
tion. In the fourth section we present an empiringestigation on the discriminatory power
of the derived red flag item list. The study comgs with a short summary, explains limita-
tions and gives an outlook to further research dppidties.

2 Content analysis in the area of accounting

Content analysiss a common social science research techniquehich the research object
is texts that are analyzed in a special contexdatt be defined da research technique for
making replicable and valid inferences from texts) o the contexts of their us€Krippen-
dorff, 2004, p. 18). More precisely, content analys a subclass of quantitative textual analy-
sis, albeit being the most common form. In thisseercontent analysi$reaks down the
components of a text into units that you can themt” (McKee, 2003, p. 127).

The main aim of research of studies on contentyaigin the area of accounting is to meas-
ure the tone of the text by counting for the fragyeof occurrence of positive versus nega-
tive words. In doing so, Loughran and McDonald @0show that subject-specific word lists

are more effective in predicting future businesgomes (see also Henry and Leone, 2009).
Among others, context-specific word lists avoid lpems with polysemy. For example, the

term “division” has a negative meaning in the undat General Inquirer (GI) word list, but it

is commonly used in financial statements to descaitsegment of a firm (Henry and Leone,
2009). Studies that provide and apply word listsaimcounting are for example Loughran and
McDonald (2009; contains a specific word list foinaal reports in the English language) and
Henselmann et al. (2010; contains a specific wtdfdér annual reports in the German lan-

guage).

Instead of positive versus negative words, Humph€29009) counts words that represent
hedging devices (e.g., profits “will” occur nextayeversus profits “might” occur next year) in

order to detect the degree of fuzziness in the eantext. A logistic regression reveals a
correct classification in 69.3% of all cases. Anstéad of using common dictionaries or self-

defined word lists, Purda and Skillicorn (2011) tise Random Forest algorithm, which al-
4



lows them to conduct the analysis without an exeadéntification of words. This approach
leads them to an overall classification rate ofrapjmately 87% of all cases (Purda and Skil-
licorn, 2011, p. 32).

Content analysis seems to be important, as it edace the complexity of very long docu-
ments like annual reports to a minimum. Purda akitlic®rn (2011) compare the correct
classification rates of fraudulent reports whenlitgta/e information is used in the traditional
approach for fraud detection suggested by Dechak €2011). The results let them conclude
that the analysis of qualitative information is aaningful supplement to traditional quantita-
tive approaches. Besides, Tetlock et al. (2007sthat stock prices include qualitative in-
formation that represents otherwise hard to meaaspects of firm’s fundamentals, albeit in-
vestors apparently underreact to negative infownati herefore, Tetlock et al. (2007) state
that “models in which equilibrium prices induce tradersacquire costly information - e.g.,
Grossman and Stiglitz (1980) - are broadly consisteith our results”(Tetlock et al., 2007,
p. 33).

This leads us to the first limitation of conten@afysis: qualitative information is not always
easy to capture and often requires higher capifaltior costs. Engelberg (2008) empirically
examines the role of information processing costpost earnings announcement drifts and
finds that soft information predicts larger changefiture returns. She concludes that the ob-
served underreaction may be due to the fact thalitgtive information is more difficult to
process than quantitative information. This alsoyrba the reason, why Lehmann (2003)
doubts the cost-benefit aspect of additional qat information. Other limitations of con-
tent analysis are an unavoidable researcher higst@dwhich the so called intercoder reliabil-
ity correlation rate should be as high as possi®e, p. 23) and that the assumption that the
frequency of occurrence of certain words directiffeccts the emphasis that the text assigns to
them may not always prove to be true (Smith, 2@1150). Other limitations with automatic
content analysis on the basis of word frequendyg hse that the search for certain words can
lead to distortions due the fact that (1) the de=dovord is part of another word (e.g., “mate-
rial” can mean material, but it is also part of therd “materials” and “immaterial”) and
(2) word combinations may not be encountered (¢éhg.search for “reduction” with a posi-
tive meaning could also count for the word “redoictof earnings” with a negatively attached

meaning).

Some of these limitations can be overcome with lasrotextual analysis method that we in-

clude among the content analysis techniquesratidlag analysisRacanelli (2009) introduc-
5



es several red flag phrases in SEC filings siggaiiouble or potentially even fraudulent ac-
counting behavior (e.g., “unbilled receivables’hange in revenue recognition” or “selling
receivables with recourse”). Loughran and McDon@d11) examine 13 different red flag
phrases, especially those suggested by Racan@Bj2and find that they are significantly
related to excess filing period returns, analyshiegs forecast dispersion, subsequent return
volatility, and fraud allegations. Therefore, whklgdtinguishes analyses based on red flag item
lists from those based on word frequency listshm first place is that the aim is to examine
whether and how many warning signs are spread tbeetext instead of examining the tone
of the text. Therefore, red flags are counted amrdy variables, which means that for each
document the dummy variable will be set to onehi tase where the red flag phrase occurs
in the document and it counts as zero, in the vds®e it does not occur in the document
(see also Loughran and McDonald, 2011, p. 7).

Albeit in our study the focus lies on qualitativedrflags, it has to be noted that the term red
flags can be very broad. Thus, red flags may bditgtiee as well as quantitative warning
signs (Grove and Cook, 2004; Bayley and Taylor, 20@Grove et al., 2010).
Lundstrom (2009) defines red flags &s:.) a set of circumstances that are unusual inunat

or vary from normal activity and raise the audit®rinternal auditor’s or fraud examiner’'s
professional senses of suspicion. They are sighalssomething is not exactly as it should
be, and should be further investigated$ these warning signs indicate issues that befr ri

based on financial statements, red flag analyssitable for assessing investment risk.

In theory, red flag analysis mainly is recommenttedexternal auditors as a way to improve
fraud detection. For example, Brazel et al. (20H2@)gest that non-financial measures can be
a red flag for fraud, when they are used to vdiifgncial measures and there are inconsisten-
cies between the non-financial and financial messurdowever, they also find that, in prac-
tice, auditors often neglect to use non-financiglasures. This is amazing considering the
background of SAS No. 99 that contains guidelinedraud auditing and fraud risk factors

including an enumeration of potential red flagsa&se and Riley, 2010, p. 245).

The importance of red flag analyses as analytmalstfor investors is exemplarily demon-

strated by Brazel et al. (2010b). They show thaipnofessional investors may receive higher
market returns by considering red flags in thewestment decisions. However, Brazel et al.
(2011) find that nonprofessional investors do matct to red flag phrases in disclosure envi-
ronments (like the current situation), where anmapbrts face a lack of transparency. If this



is the case, they keep on investing and risk loaitay of money. On the contrary, when there

are multiple red flags present and transparent, itneestment levels are lower.

With XBRL, an automatic, fast and easy red flaglgsia might become possible at low cost
also for nonprofessional investors. How this miglrk and whether the suggested content

analysis model is sufficient for bankruptcy prewtiotshall be explained in the following.

3 Proposed content analysis model

3.1 U.S. GAAP XBRL Taxonomy and its potential use dr red flag

analysis

In an XBRL environment, for automatic electronipaoeting purposes in the field of account-
ing, each reporting standard (e.g., U.S. GAAP, IRRSAP) has to be defined in a standard-
ized hierarchical structure: the so callBRL Taxonomye.g., U.S. GAAP Taxonomy,
IFRS GAAP Taxonomy). Since 2010, the FASB is resgaa for the on-going development
and maintenance of the U.S. GAAP Taxonomy (UGT)§BA2011). In the U.S., companies
have to use the UGT when they are obligated togpeetheir financial statements according
to U.S. GAAP and SEC regulations (XBRL US, 2008).

As XBRL Taxonomies especially contain a predefihgtdof a business report’s possible con-
tent, taxonomies are often interpreted as “digltefionaries” for the transmission of financial
statements (Hoffman and Watson, 2010, p. 301). ,Tinuthe field of accounting, an XBRL
Taxonomy can be seen as a “Dictionary of Accounliegns” for the special GAAP rules it
represents. The taxonomy elements that describ@dbsible contents of a business report
(e.g., a financial statement) are so called XBRista&A simple approach to automate the ex-
traction of quantitative financial statement infatmon using XBRL and MS Excel is present-
ed by Ditter et al. (2011). But one of the main attages of XBRL is that it also facilitates
the automatic analysis of qualitative data (Hodigal.e 2004, analyze footnotes on stock op-
tion compensation). In creating an XBRL report, thigerent text elements are marked with
XBRL tags that add semantic meaning to the texdtaatent. Some of these XBRL tags might
represent red flag phrases (eRgJatedPartyTransactionDescriptionOfTransacjidi sender
and receiver use the same list of XBRL tags (¢hg,UGT for the SEC XBRL filing man-
date), XBRL provides the opportunity to analyze teehnical content of XBRL formatted
documents with low costs. One possibility is to tles digital dictionary of the U.S. GAAP

7



Taxonomy (UGT) for the development of an automedit flag analysis tool that can be used

for bankruptcy prediction.
3.2 Derivation of candidates for the red flag itenlist

The UGT 2011contains approximately 19,000 monetary and noneteog XBRL tags. In
order to reduce complexity and to avoid distortimgustry effects, we constrict our study to

the UGT module “Commercial and Industrial” thatsed by most companies.

Our task is to go through the list of XBRL tags adentify XBRL tags that may be red flags
for bankruptcy. The general decision criterionhe process is a high discriminatory power
for prognosis of financial distress. Therefore, ldeding search question is: ,Will this respec-
tive XBRL tag occur with a higher probability atrfis that are relatively near to bankruptcy

filing?”

We select the red flag phrases in two consecute@ssA preliminary list of potential candi-

dates for red flags (3.2) and the final selectibthe red flag items, as described in 3.3.

Due to the large amount of XBRL tags that are aorthin the UGT (module: Commercial
and Industrial), we use the search function of Eiireg’'s online Taxonomy Library
(http://bigfoot.corefiling.com/howto.html) in thergt step, in order to get a first overview.
Similar to content analysis with the aim of delimgrinsights into the tone of the text, we
search for words within the XBRL tags that migtdicate a poor business situation (e.g., ex-
traordinary, infrequent, unusual, nonrecurring, artainty, risk, changes, adjustments, mate-

rial, unbilled, sale and lease back, off-balanaesh

Since we want to conduct a qualitative analysispvimarily choose XBRL tags that are con-
tained within the UGT section “Disclosures”, whezepossible. We generally do not take
XBRL tags that are contained within the UGT secti8tatements” into account. This has the
positive side effect that otherwise possible dowdlenting will be avoided. Double counting
may occur, when a disclosure on the face of thenfiral statements has to be illustrated in
detail in the footnotes. However, this approach nheayl to distorting results in case there is
an accounting choice between recognition and disicé Therefore, we set these red flags to
one, if they are reported either on the face offit@ncial statements or in the footnotes. This
approach seems to be acceptable, since XBRL temtyalllows the taxonomy developer to
define the XBRL tags so that they work just in thisy (for more information, see XBRL In-
ternational Inc., 2008). Although, in individualses where it seems appropriate, XBRL tags
8



that are contained within the UGT section “Statetsieare also included into the red flag

item list.

Because it is our aim to find a practicable risklgsis tool based on qualitative data, in parts
also XBRL technology plays a role in determining tBRL tags for our red flag item list.
For example, we eliminate XBRL tags where the elanadtribute abstract is true, as these

XBRL tags cannot contain any content and theredoeenot included in an XBRL report.

In order to assure a high discriminatory power,clveose the lowest reporting level in the hi-
erarchical structure of the UGT where appropriéitee more general an XBRL tag, the higher
the probability that the respective XBRL tag occlmsbankrupt as well as for healthy com-
panies.

At the end of this step, we end up with 56 poteémtadidates for red flags. Mainly guided by

the literature, this list still has to be refined.
3.3 Derivation of the red flag item list

In a second step, we go through the list of candidBRL tags and analyze them in detail.
From the preliminary red flag item list of 56 XBRtags, we categorize and select
43 XBRL tags that are consistent with reasons dsedi in the literature. A detailed overview
of the selected red flags together with the respeaxplanation that is available within the
UGT 2011 can be found in Appendix A.

In line with standard literature on content anayée.g., Wimmer and Dominick, 2011,
p. 166), we assign the XBRL tags to 2 categoriesasubcategories according to their con-
tent before coding. We build the categories acogrdo the guidelines of Tesch (1990x
category is comparable to a list of idioms and sywos, but goes beyond that insofar as the
words and phrases in this category are meant tecall important aspects of the concept
represented by the category(Tesch, 1990, p. 186).

Category 1: Indicators for Earnings Management

It can be assumed that there are more incentivesaimings management, when a company

gets closer to financial distress or insolvency.nifgers will try to avoid bankruptcy filing

and try to conceal the critical situation by anagting behavior that helps to move earnings

upward. This expectation is supported by the staifdjaggi and Sun (2006) as well as Leach

and Newsom (2007). That managers want to meet stsalgarnings expectations also plays
9



an undeniable role (Healy and Wahlen, 1998, p. T&¢re is a higher market premium (pen-
alty) for firms that consistently (do not) meet s’ forecasts (Chevis et al., 2007). Alt-
hough the results of Barua et al. (2003) suggestittanagers of loss-reporting firms might
face incentives for big bath accounting, firms thiatiggle with bankruptcy most likely are in
a slightly different situation. We argue that firmeghere the financial performance is already
very weak, try to avoid bankruptcy and thereforalise income-increasing earnings man-
agement measures. In some cases, earnings mandgeithée broadened to an extent that
exceeds legal boundaries and managers will eraadifiient accounting behavior. The transi-
tion between legal earnings management and illiegatl is smooth (see also the illustration
in Albrecht et al., 2011, p. 190). Therefore, tbd flags within this category should also be
based on literature on detecting fraud.

We hypothesize that earnings management will oactew years before bankruptcy, when
managers still see a chance to turn the tide. Aypethesis is supported by Leach and New-
som (2007) that show in a time series analysisaokhupt firm’s earnings management be-
havior that the companies’ financial statementsitekhigh earnings management behavior
five years prior to the bankruptcy filing date, wées usually this behavior is reduced the

nearer the bankruptcy filing date advances.
1/1 Revenue Recognition

As Turner (2001) puts it‘The fundamental revenue recognition concept ist tfevenues
should not be recognized by a company until redlaerealizable and earned by the compa-
ny.”. However, there are several possibilities in antiog, where revenues can be recog-

nized at a very early stage, which bears a highkrfor stakeholders.

Under certain conditions, the recognition of revesnis already allowed, when goods are pro-
duced and billed but not yet delivered (so calldidaimd hold transactions) (Sondhi and Taub,
2008, p. 5.21). An example in which such an acaagrireatment may occur is when there
exists a supply agreement with a customer, buttdwedecline of sales the customer faces a
lack of inventory storage capacity and requestsshplier to hold the goods until a later
point of time (Whitehouse, 2010, p. 25). For a ldinge, bill and hold transactions were very
often reason for SEC fraud allegations (Sondhi Baab, 2008, p. 5.24). For example, Sun-
beam Corp.’s management applied bill and hold galésush up earnings, were charged with
alleged fraud and initially filed for Chapter 11nbauptcy. As outlined in the SEC Account-
ing and Auditing Enforcement Release (AAER) No. 3:3%pecifically, the Company began

10



offering its customers financial incentives to wrpurchase orders before they needed the
goods. Thus, Sunbeam sold goods in the secondequhat it would normally have sold in
later periods.” (SEC, 2001). Even if the recognition criteria hdeen tightened (e.g., the
goods that underlie the bill and hold agreementhawbe finished, see AAER No. 108), these
transactions still bring about a lot of discretipnpower or even bear the danger of fraud —
especially if they are initiated by the supplierdanot the customer. Therefore, Racan-
elli (2009) suggests “bill and h old” applied toremue to be a red flag phrase. Loughran and
McDonald (2011) find that if phrases like bill ahdld appear in 10-K reports, the respective
company is more likely to be accused of fraud (loag and McDonald, 2011, p. 3). Albeit
at the segment level, Hollie et al. (2011) alsal fihat firms with bill and hold transactions
have a higher risk of fraudulent financial statetaghan other firms and conclude that bill
and hold practices are a good indicator of frauter&fore, we include the XBRL td&Rpvenu-

eRecognitionBillAndHoldArrangementsour red flag item list.

Another warning sign may be that companies displalyilled receivables (Racanelli, 2009).
Loughran and McDonald (2011) demonstrate that glsréike unbilled receivables are posi-
tively correlated with fraud (Loughran and McDon&@11, p. 3). We define unbilled receiv-
ables as recognized revenues that are earned autrent period but have not yet been billed
(Georgiades, 2008, p. 2.11). There are several XBigk relating to this issue in the UGT
2011 that we add to our red flag item lishbilledReceivablesCurrent, IncreaseDecreaseln-
UnbilledReceivables, UnbilledContractsReceivablenbilledReceivablesNotBillableAtBal-
anceSheetDatandGovernmentContractReceivableUnbilledAmounts.

Further possibilities for earnings management tighe choice of the revenue recognition
method for long-term contracts. One opportunityoisswitch between accounting methods.
For example, based on the completed contract methashues cannot be recognized until the
goods are produced, whereas based on the percaritagmpletion method one successively
can recognize revenues by the construction proggmsnichael and Graham, 2011, p. 226).
Racanelli (2009) claims that it is conspicuous ompanies of industries with production

times less than one year use the percentage oflebompmethod. Besides, the percentage of
completion method itself provides several incomeraasing opportunities for accounting

managers, thereof estimates of completion and pssgiMelumad and Nissim, 2009, p. 26).
Therefore, we include the XBRL tag3ontractsAccountedForUnderPercentageOfComple-
tionMemberand RevenueRecognitionPercentageOfCompletionMetbodur red flag item

list.

11



1/2 Off-balance-sheet financing

Mills and Newberry (2004) find empirical evidendeat firms are more likely to use off-
balance-sheet debt, when they exhibit higher cresktand have higher incentives to polish
up their financial performance (e.g., because célatively low credit rating). Off-balance-
sheet financing means that the raised funds neetendisplayed on the face of the balance
sheet (Schwarcz, 2003, p. 29). Consistently, Nettal. (2003) list off-balance-sheet financ-
ing among their examples of common earnings managemstruments practiced based on a
survey of experienced auditors (Nelson et al., 2@0332). A prominent case of using the
earnings management or fraud possibility of sograuat debt that initially filed for bankrupt-
cy is Enron (Hobson, 2002). Therefore, at first, sl the more general XBRL tdge-
serveForOffBalanceSheetActivitiesMemberour red flag item list, before changing over to

more special XBRL tags on this issue.

Sale and leaseback transactions can be used t@uiatei the disclosure of assets and debts
(Racanelli, 2009). In a sale and leaseback traimsacan asset which was previously pur-
chased is sold and simultaneously contracted teasd” (Wells, 2007, p. 2). Because of the
selling of the asset, sale and leaseback transactian be used as an earnings management
tool to immediately improve liquidity and earningcherefore, Wells (2007) finds that sale
and leaseback transactions occur more often fmsfthat are cash poor and maybe are facing
problems with externally acquiring funds (e.g., ldemns to find a borrower or high capital
costs). Wells (2007) also provides a direct linkembankruptcy in stating that sale and lease-
back transactions may be used to ex ante redudeupday costs by limiting legal involve-
ment (Wells, 2007, p. 9). He empirically shows thahs with a higher risk of bankruptcy
tend to choose sale and leaseback transactionsefolee we add the XBRL taBaleLease-

backTransactionDescriptioto our red flag item list

Another way of off-balance-sheet financing is sé@ation (Bhattacharya and Fabozzi, 1996,
p. 180). Asset backed securities (ABS) can be ddfas‘the set of legal and financial tech-
niques that transforms illiquid assets into tradallinancial instruments’(Banakar, 2010,

p. 303). Underlying assets can be, for exampleivables. The advantage from the perspec-
tive of the debtor is that firms receive instargftanstead of future cash flows (Lupica, 1998,
p. 609). But, the disadvantage from the perspectivbe creditor is that, in case of bankrupt-
cy, assets that underlay an ABS transaction asnafot part of the lender’s assets any more
(Lupica, 1998, p. 597). Thus, under certain condgi the originator of an ABS transaction

can achieve so called bankruptcy remoteness (AwwiteGaon, 2005) and therewith reduce
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bankruptcy costs (Gorton and Souleles, 2005). iBhike case, because accounting and regu-
latory treatments handle an issue that in factfisancing construct as true asset sales (Hig-
gins et al., 2009). Higgins et al. (2009) concltidat securitization increases systematic risk
(Higgins et al., 2009, p. 25). Therefore, we adeIXiBRL tagsAssetBackedSecuritiesMember

andProceedsFromRepaymentsOfAccountsReceivableSeatimitiro our red flag item list.
1/3 Changes in estimates

It can be assumed that a high frequency of chaofascounting policies is an indicator of a
high degree of earnings management and eventuafindial distress. Therefore, Racanelli
(2009) suggests looking for phrases like “changesstimated useful life/lives” and “change
in the depreciation period”. Stanga and Kelton @08mpirically underlay this thesis by
showing on the basis of the theory of correspond#etences that accountants and stock-
holders explain changes in estimates (here: chaagéds warranty expenses) with earnings
management behavior, when the changes in estimedalf in earnings that meet analysts’
forecasts. In an interesting study on investor &t of accounting changes in the years after
the change, Bishop and Eccher (2000) act on thergdfon that increases (decreases) in the
useful life of long-term assets indicate highemgo) earnings management, because the con-
sequential changes of earnings are unreal (reldy $tate that investors act market efficient,
as changes in the useful life of long-term assitsng at increasing earnings are not priced
by investors. Therefore, at first we add the XBRiIggServiceLifeMemberintangibleAs-
setsAmortizationPeriodMemband ChangelnAccountingEstimateDescriptitmour red flag

item list.

Besides the estimation of the useful life of assstsounting managers can manage earnings
with the help of discretionary decisions in valoati There are several red flags that belong to
this category of changes in estimating the valuasskts that we add to our red flag item list:
SalvageValueMember InventoryValuationAndObsolescenceMembeand Goodwilllm-
pairedChangelnEstimateDescriptiomhe same goes for estimating the value of reserves:
WarrantyObligationsMember SalesReturnsAndAllowancesMemband ChangelnAssump-

tionsForPensionPlansMembher

As we defined red flags as being dummy variables da not count the XBRL ta@hange-
InAccountingEstimateFinancialEffea|though it bears important information for stadiel
ers. For example, Xerox did not disclose the fim@neffects of changes in accounting esti-

mates and thus mislead stakeholders (Albrecht.ef@ll, p. 190). We also eliminate the
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XBRL tag GoodwilllmpairedAdjustmentTolnitialEstimateAmoundm our preliminary red
flag item list, as we want to evaluate the curggamtiod, whereas the XBRL tag concerns fi-
nancial effects of a goodwill impaired adjustmentfoture periods. We also do not count for
the XBRL tagsSiteContingencyFactorsChangingEstimated ProductLiabilityContingency-
FactorsChangingEstimatas they list factors that possibly might lead tcadjustment of es-

timates in future periods.
1/4 Related party transactions

Racanelli (2009) suggests that corporate governphcases like “related party” or “related
party transactions” are important, when screenirpeument for potential trouble. Related
party transactions can be defined as transactimatsare“made with entities that are con-
trolled by the company or that have control oves tompany, including other businesses,
shareholders, directors, lenders, vendors, and austs.” (Sherman and Young, 2001,
p. 134).

Loughran and McDonald (2011) test this hypothesisaalata sample of 10-K reports filed
with the SEC EDGAR database and find that the frwolatility in the year following the
balance sheet date is greater, when the phrassedeparty transactions” appears in a com-
pany’s annual report. This might relate to a higinecertainty that is connected with less in-
dependent CEOs (Loughran and McDonald, 2011, p.Adgordingly, the logistic regression
results reveal a significantly higher probabilitiyroaterial accounting misstatements in mat-
ters of related party transactions (Loughran an®d&fald, 2011, p. 13). However, Loughran
and McDonald (2011) also find that a related pasgsaction is the business activity with the
most count within all examined 10-K reports, tlsatd say independent of whether the respec-
tive companies have been subject to shareholdgatlin under Rule 10b-5 afterward.

This is consistent to Henry et al. (2007), whoestttat disclosed related party transactions
are common while fraudulent financial reporting&atively uncommon’{Henry et al., 2007,

p. 27). They investigate AAERs including both fraarad related party transactions and find
that only a small portion of related party trangat is connected with fraudulent accounting
behavior (83 out of 2,500 AAERS, which is approxiety 3%). From this they conclude that
“It is reasonable to assume that most related p#@ysactions are not fraudulen{Henry et
al., 2007, p. 27). This may explain other studieg have found no differences between relat-

ed party transactions of fraud and non-fraud congsaf@.g., Bell and Carcello, 2000).
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Thus, empirical findings are ambivalent. Howeveg fall back on the studies Lin et al.

(2010) as well as Jian and Wong (2004) that arebledhe assumption that related party
transactions are twofold: there may be circumstamtevhich companies tend to use related
party transactions for improving their discloseanfiperformance (e.g., an imminent danger
of delisting or bankruptcy) and vice versa (e.g.situations of good firm performance, com-

panies might divert back resources to controllingrsholders).

There are no studies known that explicitly brinlgated party transactions in conjunction with
bankruptcy (risk). But we believe that it is reatigo assume that related party transactions
bear a very high potential for earnings managemaspecially in critical situations. This is
supported by many real-life examples of bankrugtarewhich this was the case and that in
the long run even lead to bankruptcy (e.g., Enr&®elated parties are closely linked to the
company, which probably allows a more open comnatiun connected with a higher proba-
bility that the other party is willing to help. Thyuit is most important for this category of red
flags to choose XBRL tags depending on their péssltscriminatory power. For this reason,
we decided to not adding the XBRL t&glatedPartyTransactionDescriptionOfTransaction
to the red flag item list as it is too general.

Based on a survey of 253 experienced auditors,0Nad$ al. (2003) show examples of how
managers attempt to manage earnings that theyenefewith AAERs in order to illustrate
extreme variants of their examples. Among thesengkes are sales to related parties with
recognition of associated profit in order to in@eaarnings (Nelson et al., 2003, p. 28). For
example, Lemout & Hauspie Speech Products N.V glgiBm based company specialized in
speech recognition technology that went bankruf0@1, used related party transactions to
make 25% of their revenues (Sherman and Young,,300134). Thus, covering sales diffi-
culties with the creation of higher revenues thiouglated party transactions may be an easy
to use creative accounting instrument that managrd to use during a financial crisis.
Therefore, we consider the XBRL t&gvenueFromRelatedPartieés be a red flag for a po-
tential troublesome financial situation of the ®trgompany and add it to our red flag item
list. In order to obviate possible double countirighe same issue, we eliminate the following
XBRL tags from our preliminary red flag item listat represent accounts receivables that re-
sult from related party transactionrSueFromRelatedPartiesCurrenDueFromRelatedPar-
tiesNoncurrentWhereas we account for upward changes in accoaoésvables against re-

lated parties in order to consider not only thedence of sales to related parties, but also the
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issue that sales to related parties have increastbdthe XBRL taglincreaseDecreaseln-

DueFromRelatedParties

When a company enters a financial crisis, anotbssipility to help restructuring and maybe
avoiding a bankruptcy filing may be loans from tethparties. This especially applies, when
the firm’s credit rating is that low that the bamk$use to contract new credits. Accordingly,
Henry et al. (2007) find that financing activitisesrolving related parties (e.g., loans or bor-
rowings to/from related parties) have a high dreanatory power in predicting fraudulent ac-
counting behavior and thus indicate an excessigatime accounting behavior. Therefore we
include the XBRL tagPueToRelatedPartiesCurrentAndNoncurremd IncreaseDecrease-
InDueToRelatedPartieim ouranalysis. We do not count the XBRL tRglatedPartyTransac-
tionExpensesFromTransactionsWithRelatedParyit is too general, but instead we use the
XBRL tag DueToRelatedPartiesCurrentAndNoncurre@ther possibilities for financing with
related party transactions in order to swiftly ghquidity and to improve the picture of the
company may be sale and leaseback transactionsreldted parties. Therefore we add the

XBRL tag SaleLeasebackTransactionRelatedPartyTransadtaur red flag item list.

As a general indicator of potentially higher usafearnings management behavior due to fi-
nancial distress is the changing of the terms lated party transactions compared to the pre-
ceding period (e.g., pricing terms or the duratbém loan). Therefore, we add the XBRL tag
RelatedPartyTransactionEffectsOfAnyChangelnMeth&d@blishingTermdo our red flag

item list.

For the later analysis that we want to conductctmporate entities, we eliminate the follow-
ing XBRL tags from our preliminary red flag itenstli as they do not apply for companies
with the legal status Corporation or IncorporatedercompanylLoansDescriptioand Man-

agingMemberOrGeneralPartnerRelatedPartyFeesAnd@thangements.
1/5 Other earnings management methods

There are several other methods of earnings mareagef@ne possibility is to use the explicit
accounting choices that accounting standards sorestoffer (Abdel-Khalik, 1998, p. 219).
Therefore, we add the XBRL taghangelnAccountingMethodAccountedForAsChange-
InEstimateMembertto our red flag item list. We also add the XBRL tBgscription-
OfNatureOfChangesFromPriorPeriodsinMeasurementMeslhusedToDetermineReportedSe
gmentProfitOrLossAndEffectOfThoseChangesOnMeas8exdientProfitOrLosso our red

flag item list.
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Another possibility of earnings management is tangfe the date of financial report or to
change the date for impairment test. Therefore, add the XBRL tag Disclo-
sureOfChangeOfDateForAnnualGoodwilllmpairmentTesour red flag item list. As men-
tioned above, there is a strong capital marketnitiee for accounting managers to meet ana-
lysts’ earnings expectations. Maybe against the kdgracnd of that assumption,
Das et al. (2007) examine the hypothesis that sesavhere the first quarters of a fiscal year
have been characterized by poor performance, menaged to execute income-increasing
measures. They find strong evidence for their etgpee. Therefore, we add the XBRL tag
YearEndAdjustmentsEffectOfFourthQuarterEventsDpson to our red flag item listAn-
other XBRL tag that we see as a potential red iBageclassificationsWe are doing this in
dependence on the study of McVay (2006), who fithds reclassifications between income
statement items represent earnings managementibel&cause earnings management dur-
ing a situation of financial distress may involhaalr earnings management through unusual
business activities, we see the XBRL tagusualOrinfrequentitemGrosss a further warning
sign for broadened earnings management due to gedan bankruptcy and add this XBRL

tag to our red flag item list.
Category 2: Characteristics of companies close tasolvency and influencing factors

There are several characteristics that companidanger of bankruptcy exhibit. We assume
that the visibility of these characteristics in@es with an approaching need for bankruptcy
filing and a decreasing of the possibilities fagdeaccounting adjustments in favor of the re-
porting company. We draw the red flags for thisegaty mainly from studies on bankruptcy
prognosis and / or analysis.

2/6 Infrequent events that might contribute to insdvency as the case may be

There are infrequent events that, if they occucannection with an already poor economic
situation of a company, they may contribute to imsiocy. We add XBRL tags for those in-
frequent events to our red flag item list that hthadr cause in business operations and likely
are not securedBusinessinterruptionLossesNatureOfEvant GainLossOnContractTermi-
nation. We do not incorporate the XBRL tagpssFromCatastrophess we believe that such

losses are secured by insurance and are too rare.
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2/7 Characteristics of companies potentially filingor bankruptcy

A study of characteristics of companies that fited bankruptcy reveals three issues that in
most cases are the reason for bankruptcy filing:etkternal business environment (e.g., new
competitor), financing (e.g., the inability to datancing) and business operations (e.g., mis-
management of business) (Warren and Westbrook,, 2005). These results are overall in-
dependent from the type of U.S. Bankruptcy Codethge.g., Chapter 7 or Chapter 11) the
firms’ managers filed for. In the case a bankrudtiyg threatens due to problems in busi-
ness operations, firm managers might try to coawteby applying restructuring measures.
Therefore, we add the following XBRL tags to oud ffeag item list:RestructuringCharges
and SeveranceCosti order to avoid double counting and the counthgvents that do not
concern the current period, we do not includle XBRL tagsRestructuringAndRelated-

CostDescriptiorandRestructuringAndRelatedActivitiesDescriptionour analysis.

Vichitsarawong (2007) conducts a cross-sectionalyais and concludes that there is a posi-
tive correlation between goodwill impairment ane tielative efficiency or economic perfor-
mance of a firm. His study contributes economimfiation for studies on the connection be-
tween goodwill impairments and stock price downsufsee Bens et al. 2007; Li and Meeks,
2006). Hayn and Hughes (2005) find that goodwilitevoffs lag behind the economic im-
pairment of goodwill for about three to four yeandjich may underline the hypothesis, that
goodwill impairment is also part of earnings mamaget behavior. Accordingly, we assume
that accounting managers of firms with poor perfamge tend to delay impairment charges
that negatively affect net income until a non-rdauc of goodwill cannot be justified any
more or until the situation of financial distressnot be hidden from stakeholders any more.

Therefore, we add the XBRL t&podwilllmpairmentLosto our red flag item list.

In correlation to a poor financial performance réhmay be substantial doubt about the firm’s
ability to continue as going concern. This situati@as to be disclosed according to Paragraph
948-10-50-4 of the FASB Accounting Standards Codtfon. Therefore, we add the XBRL

tagLiquidityDisclosureGoingConcernNote our red flag item list.

Beaver (1966) defines financial distress‘iasurring huge overdraft, default on payment of
preferred stock dividends and corporate bonds, fdimdy bankruptcy.” Thus,another indica-

tor of financial distress that indicates liquiddgncerns may be that the company is in arrears
with dividend payments. Therefore, we add the XBRQ PreferredStockAmountOfPre-

ferredDividendsInArrearso our red flag item list

18



We regard debt covenant violations as another itapbipotential red flag for bankruptcy,
which exactly is their function within credit coatts: “Debt covenant violations serve as
early indicators of bankruptcy by signaling to citeds potential problems.”(Bryan et al.,
2002, p. 938). Most of the violated covenants appately correspond to solvency (e.g., re-
strictions on leverage or interest coverage), tidqui(e.g., working capital or current ratio)
and profitability requirements (Bryan et al., 20p2938; Benish and Press, 1993). Also, most
of the covenants that are part of credit contractsthose that have been identified as being
effective bankruptcy indicators in studies like Bea(1966) and Altman (1968) (Bryan et al.,
2002, p. 962). Because of their importance as prei of deterioration of the financial situa-
tion of a borrower and concurrently as control nausm for minimizing default risk, empir-
ical evidence shows that banks are using the irdoan about the probability for financial
distress in the determination of debt covenantsggda2003).

When non-professional investors accord fraud reégdeasments a high importance during their
investment decision-making process, Brazel et2z@l1Qb) find positive correlation to the use
of red flags. They also find that one of these ftags is that investors rely on violations of
debt covenants (Brazel et al., 2010b, p. 38). Thisonsistent with Kim et al. (2010) that
show that the probability of earnings managemehigber, when the danger of meeting the
debt covenants is higher, because managers tmotd debt covenant default. But independ-
ent of that, we are focusing on debt covenantsahiaady have been breached. Therefore, it
is irrelevant whether the breach concerns posiiiveegative debt covenants. Positive debt
covenants are financial requirements that deli@itasn business actions and negative (or af-
firmative) debt covenants are non-financial requieats (Janes, 2003, p. 5). We add the fol-
lowing two XBRL tags to our red flag item lidbebtDefaultShorttermDebtDescriptionOfVio-
lationOrEventOfDefaulandDefaultLongtermDebtDescriptionOfViolationOrEvent@fault.

19



4 Empirical investigation of the discriminatory power of selected red

flags
4.1 Methodology

We want to test the red flag item list for its disgnatory power. Our main research question
is whether companies that went insolvent exhibitigher occurrence of red flags than the
control group (RQ#0). If this is the case, we capp®rt the question whether our proposed
content analysis model is able to predict bankyupitierefore, the main hypothesis that we

test is:

Ho: Companies that went insolvent exhibit a highecwrence of red flags than the control

group.

In order to test this hypothesis, we examine twseaech questions by applying descriptive
statistical analysis as well as a binary logiségression. First we want to know which red
flags have the highest discriminatory power andcWwhied flags prove to be not efficient in

predicting bankruptcy (RQ#1). Therefore, we expectject the following hypothesis:

Hi:  All of the red flags of the red flag item listygathe same discriminatory power in pre-

dicting bankruptcy.

We believe that the answer to this research questsp depends on the time period between
the appearance of the red flag and the bankrupliog date. Thus, it is our next research
guestion, whether any change in the frequency affleegs can be observed in the lapse of
time (RQ#2). Thereby, we expect that the occurreiaed flags of the category 2 is higher
the nearer the bankruptcy filing date comes, wteetiea occurrence of red flags of the catego-
ry 1 is lower. In other words, we assume that ttegory 1 red flags give stronger indication
of the failure one year before the bankruptcy glohate than the category 2 red flags. There-
fore, the empirical investigation aims at testing following hypotheses:

H..: The occurrence of red flags of the category Bigher than the occurrence of red flags

of the category 1 one year before bankruptcy.

H.n,: The occurrence of red flags of the category bvger than the occurrence of red flags

of the category 1 two years before bankruptcy.
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Besides a simple descriptive statistical analysesapply a binary logistic regression, to test
the discriminatory power of the red flag model lmhsa our data sample. We apply the fol-
lowing general logit model:

n
B=ﬂ0+ Z'Bl Ri+E
i=1

Where: B = dependent variable that is a dumnmalbe representing the event of
bankruptcy filing (1 = yes, 0 = no)
Bo = regression constant
Bi = regressiogoefficient
R = independent variable that represents a redofidige red flag item list
€ =  errorterm

We aim at optimizing this logit model through aesion of best discriminant red flags.
4.2 Sample selection

Our final sample consists of 26 US-companies tied for Chapter 11 bankruptcy between
2006 and 2009 and 26 matched competitor compan&tsiid not file for Chapter 11 in the
respective year (see Appendix B). We are not exaqildS-companies that filed for Chap-
ter 7.

The information of bankruptcy filing comes from thatabase www.chapterlllibrary.com,
which is available for free online. It i& concise, confidential database of the most im-
portant, most sought-after corporate bankruptcyuwnents”and it“is not designed to be a
comprehensive bankruptcy libraryNationwide Research & Consulting, 2012). In ortter
avoid distortive effects of legal status and conypsire, from our original sample, we elimi-
nate companies that do not have the legal statosp:C(Corporation) and “Inc.” (Incorpo-
rated) as well as an asset size between $1.0 afdb$ton. We further eliminate bankrupt
companies of the industries Financial ServicesReal Estate (classification according to the
Chapter 11 database we used), because the retefiadjst is based on the “Commercial and
Industrial” module of the UGT 2011. From the renmagn44 companies we further eliminate
18 companies due to a lack of information. Aftegawe derived the control sample for the
examinable 26 US-companies that filed for Chaptebdnkruptcy by a pairwise search for
the main competitor via the Hoovers database.

Our study is primarily based on the annual rep@ftsm 10-K) of the selected 52 companies.
We draw the Form 10-K documents from the SEC EDGaRibase. In case the Form 10-K
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document has been amended ex post, we use theAlfdKdur study (Form 10-K/A) regard-
less of whether the respective Form 10-K docuneatailable on EDGAR. For a time series
analysis, we analyze the annual report with a ffigear end directly before the bankruptcy
filing year (one year before the bankruptcy filidgte) and the year before that (two years be-
fore the bankruptcy filing date). Due to a lacklOtK documents, we reduce our sample to 25
bankrupt companies in the two years before bankyugdnsideration. In total, we analyze 52
Form 10-K or 10-K/A documents for one year befoamkyuptcy and 50 Form 10-K or 10-

K/A documents for two years before bankruptcy.

On January 30, 2009 the SEC released a rule magdalti SEC filers to file interactive data
(or XBRL data) with the EDGAR system over a threaryphase-in (SEC, 2009). First of all,
the SEC XBRL mandate (or Interactive Data Progrstil)is in its beginning stages. In phase
one, the 500 largest issuers (i.e. domestic argigiorlarge accelerated filers that use U.S.
GAAP and have a worldwide public common equity flarove $5.0 billion as of the end of
the second fiscal quarter of their most recentlynpleted fiscal year) were required to file
XBRL reports beginning with the quarterly repourfr a fiscal period ending on or after June
15, 2009. All other domestic and foreign filerstthise U.S. GAAP were required to file
XBRL reports beginning with the quarterly repoxrfr a fiscal period ending on or after June
15, 2010. Since the beginning of the SEC XBRL méadidne number of XBRL filings of
listed companies available for analysis onlinetéadily increasing. However, most of the fil-
ers did not file XBRL annual reports until recentiyence there is not a sufficient number of
XBRL filings available for analysis concerning coamges that filed for Chapter 11. Addi-
tionally, in the case XBRL reports of bankrupt cangs are publicly available, they are not
yet sufficient for the purpose of our study. Foctegroup of companies (year 1 filer, year 2
filer or year 3 filer) there starts a second reguient - the so called detailed tagging of foot-
notes - in the second year of XBRL reporting. Baraple, the requirement includes the tag-
ging of each significant accounting policy. Up tatel blocktext tagging is sufficient, which
means that most of the tags in our red flag itestndie not contained in the current XBRL re-
ports, because they are from a very detailed rabyalevel in the UGT 2011. Therefore, we
decided to draw the complete submission text fifds extension *.txt) from the SEC ED-
GAR database and to simulate the forthcoming XBRgging with the help of the textual
analysis software MAXQDA. MAXQDA isone of the leading software tools for qualitative
data analysis” (VERBI, 2012). Like in an XBRL environment, oncket report contains
XBRL tags, an automatic output of the number of XBRgs defined as being red flags for a

threatening bankruptcy that are contained in eaeimeed annual reports is possible.
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4.3 Tagging methodology using MAXQDA

In general, content analysis techniques have fl fwo requirements: reliability and validity

(Krippendorff, 2004, p. 18). In order to receivdidaesults, we develop special coder guide-

lines, see Table 1. This approach contemporanestslyensure so called intercoder reliabil-

ity, which means that different coders will cometlhe same coding and finally to the same
conclusion (Neuendorf, 2002, p. 142).

Table 1
Coder Guidelines

No. Guideline Explanation

1 The relevant paragraphs shall b&his approach shall ensure valid results and waorkret
searched via the search function in thihireats of reliability. So called coder fatigue daa coun-
first instance. Afterward, the text shall beeracted (Neuendorf, 2002, p. 145) without losinther-
read through in detail. ough coding.

2 The tags shall be coded only once. We perceiddlags as dummy variables. This means, it

is only important, whether the red flags occur at n
(yes/no). The reason is that in practice, a sSiX@&L tag
will be used once for the same data content regssdbf
the number of different locations within a documertiis
has the advantage that distortions will be avoidedgine
the case where a company reports about havingdtia-v
ble interest entity (VIE) C at four different lo@ats within
the document, whereas company B reports abouffabts
at only one location. If company A would tag thega
graph with the same issue four times, it would bereal-
ued as compared to company B.

3 In case there is a conflict between a sp€&his approach shall ensure a high discriminatorwero
cial tag (e.g.SaleLeasebackRelatedParThe probability of a high discriminatory power ireses
tyTransactiof and a more general tagvith a more specialized tag. Or the other way adouhe
(e.g.,SaleLeasebackTransactionDescripprobability that both groups of companies (i.e. kvapt
tion), then the special case (e.g., sale asdmpanies and healthy companies) exhibit the sam@t
lease back related party) has priority.  creases with the generality of the tag.

4 For XBRL tags that begin within- For example, for the XBRL tagncreaseDecreaseln-
creaseDecrease(.”.) or “GainLoss DueToRelatedPartiege only count an increase, as we as-
(...)", dependent on the content of theume that only an increase is a hint for a detation of
XBRL tag we only count either an in-the financial situation of the business (see aounder-
crease or a decrease. lined words in Appendix A).

5 We only count for issues that concern thEhe reason is that we want to assess the likelitafad-
economic situation of the examined osolvency to the current point in time on the baxfighe
current fiscal year. business development in the current fiscal yeausT for

example, we do not count for statements on restrinct
measures in previous years or planned restructuring
measures.

Notes:

This table presents guidelines for the red flagysisof the examined annual reports using MAXQDA.
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Following Loughran and McDonald (2011), the red flagsntractsAccountedForUnderPer-
centageOfCompletionMembandRevenueRecognitionPercentageOfCompletionMesihadi
not be counted for companies of construction imiest as the percentage of completion
method is common for the industries constructioachmery, aircraft, shipbuilding, and de-

fense.
4.4 Descriptive statistics

First we examine the annual reports with a fisearyend one year before the bankruptcy fil-
ing date. For a time series analysis, we repeaatiadysis for the annual reports with a fiscal

year end two years before the bankruptcy filingedat

For the further explanations, we do not discuss tKBRL tags 1|BillHold,
1|IncreaseUnbilledRev and 1|ChangesPoC (subcat€devREC), because they are not dis-
closed in either of the examined annual reportse Shme applies to the XBRL tags
2|VIENonConsolidated (subcategory OFFBALFIN), 3|AtReriod and 3|GoodwilllmpCh
(subcategory CHINEST), 4|SaleLeasebackRelParty 4ielPartyChTerms (subcategory
RELPARTY), 6|Businterruption (subcategory EVTS) afi@horttermDebtDefault (subcate-
gory BANKRPTY). Although there were a lot of compesthat had transactions with varia-
ble interest entities (e.g., in connection with AB&sactions), the companies generally spec-
ified that these variable interest entities aresotidated. Naturally, business interruptions are
not very common. There were a few companies thairted about business interruptions in
former years that mostly were covered by proceems fnsurance. As it often was not clear,
whether the underlying credit facility is shortsteor long-term, we decided to use the XBRL
tag 7|LongtermDebtDefault in case of uncertaimysummary, the 43 red flags narrow down
to a number of 33 red flags for further analysee(dppendix A).

4.4.1 One year before the bankruptcy filing date

In a broad view, we can support.HWhen we compare the mean usage rates of allethe r
maining red flags within the examined annual reposte name this list of red flags model 1.
The results show that in the mean the red flagsuroaoore often in the bank-
rupt group (23.89%) as compared to the healthymid@s.15%), see Table 2. We calculate
the mean usage rate by relating the observed fneguaf occurrence of the red flags to the
maximum observable frequency of occurrence of fagsf The mean usage rate difference
for model 1 is + 8.74%-points in total.
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A statistical t-test for comparing means suppouishypothesis with a significance at the 1%-
level (fsa2) = -3.790, p-value = 0.000). Appendix C containsogarview of the red flags and

their absolute and relative occurrence in the anreports for the two groups of companies
(bankrupt / healthy). Since there are also redsfiagluded in the list that may be little or not

discriminatory, the overall results are very good.

Table 2
Mean usage rates (one year before the bankrupitoy €late)

Model 1 Model 2

Bankrupt (N = 26) | Healthy (N = 26) Bankrupt (N = 26)| Healthy (N = 26)

Mean Usage Rate| Mean Usage Rat Difference Mean Usdgate | Mean Usage Rate Difference
1|REVREC 3.08% 3.85% -0.77% 3.08% 3.85% -0.77%
2|OFFBALFIN 18.27% 12.50% 5.77% 18.27% 12.50% 5.77%
3|CHINEST 28.57% 24.18% 4.40% 14.62% 5.38% 9.23%
4|RELPARTY 23.08% 5.77% 17.31% 23.08% 5.77% 17.31%
5|0THERS 17.95% 12.18% 5.77% 10.00% 2.31% 7.69%
Category 1 18.79% 12.87% 5.92% 13.21% 5.69% 7.53%
6|EVTS 30.77% 15.38% 15.38% 30.77% 15.38% 15.38%
7|BANKRPTY 44.87% 21.15% 23.72% 38.46% 7.69% 30.77%
Category 2 42.86% 20.33% 22.53% 36.92% 9.23% 27.69%
Total 23.89% 15.15% 8.74% 17.45% 7.14% 10.30%

Notes:

This table presents an overview of the mean usatgs per category and subcategory for model 14@3lags) and model 2
(optimized red flag item list). We calculate theanaisage rate by relating the observed frequenogafrrence of the red
flags to the maximum observable frequency of o@nae of red flags. For model 2, we eliminate redd| that have an ab-
solute occurrence in ten or more examined annpalrte for the bankrupt group of companies and trathy group of com-
panies respectively.

In a detailed analysis of the red flags mean usatgs we have to reject;HThere are red
flags that seem to be more discriminatory than reth€herefore, the results improve, when
the test only includes certain variables of modé.4) = -4.991, p-value = 0.000). We name
this optimized red flag item list model 2 and derthe related red flags by eliminating red
flags that have an absolute occurrence in ten gerapamined annual reports for the bank-
rupt group of companies and the healthy group ofigamies respectively. For example, the
XBRL tag 3|ChInEstimate seems to be too generél@urred in the majority of all exam-
ined annual reports (the mean usage rate is 61&480.77%) even with a surplus for the
healthy group of companies (see Appendix C). A lsimstatement can be drawn for the
XBRL tag 3|ChPensionPlans (the mean usage ratg.t % or 65.38%). We further elimi-
nate the XBRL tags 5|Reclass, 7|RestructuringClaagd 7|SeveranceCosts for model 2. The

mean usage rate difference for model 2 is + 10.p0%ots in total.

Interestingly, the best discriminant variable is GadihgConcern followed by

7|LongtermDebtDefault, that we assumed are prediabd bankruptcy. For example Lear
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Corp. reportsiAs a result, as of December 31, 2008, we wereamgér in compliance with
the leverage ratio covenant contained in our prignaredit facility.” (Lear Corporation,
2009, p. 5). A categorical analysis reveals thimvahg categories with a mean usage rate dif-
ference of higher than 10.00%: 4|RELPARTY, 6|EVHE @|BANKRPTY (model 1 and 2).

In contrast, we can approvedFor model 1, as expected, the mean usage rdéseti€e of
the category 2 red flags (22.53%-points) is highan the mean usage rate difference of the
category 1 red flags (5.92%-points). This may be tuthe observance that in a lot of cases
the creditors amended the credit facilities, whiatluded restrictive negative covenants that
apparently inhibit earnings management behavior. &@mple, Hayes Lemmerz reports:
“The New Credit Facilities contain negative covetgrestricting our ability and the ability
of our subsidiaries to (...) engage in saleleaseliranksactions (..).”(Hayes Lemmerz Inter-
national Inc., 2009, p. 69). The difference of 18@points even enlarges for model 2 with a
mean usage rate difference of the category 2 @92%-points and of the category 1 red flags
of 7.53% (i.e., the difference between mean usatgedifferences of category 1 vs. category
2 for model 2 is 20.16%-points).

4.4.2 Two years before the bankruptcy filing date

Also for two years before the bankruptcy filing @&te can acceptdiAgain, there is a posi-
tive mean usage rate difference between bankruphaalthy companies for model 1 (3.39%-
points) and model 2 (4.00%-points), see Table 3véi@r, the mean usage rate differences
are lower than one year before the bankruptcydilitate, from which we assume that the
models are less predictive than one year beforéah&ruptcy filing date. The lesser discrim-
inatory power of our models for two years before Hankruptcy filing date is supported by
results of the t-test for two years before the bbapicy filing date that are inferior to one year
before the bankruptcy filing date. The t-test faamining mean differences does not show
significant results for model 14 = -1.567; p-value = 0.124). The t-test for modeh®ws
significant results, albeit the significance is Bvthan one year before the bankruptcy filing
date (o) = -2.489; p-value = 0.017). Similar to the apptoaoe year before the bankruptcy
filing date, for model 2, we eliminate the XBRL ta@|ChinEstimate, 3|ChPensionPlans,
5|Reclass, 7|RestructuringCharges and 7|Severasise®ecause they have an absolute oc-
currence of ten or higher for the examined annejadrts of the bankrupt group of companies

and the healthy group of companies respectively ekkample, the XBRL tag 3|ChInEstimate
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has a mean usage rate of 72.00% or 88.00% andBR&.Xag 3|ChPensionPlans has a mean
usage rate of 56.00% or 64.00%.

Again, we have to reject;HNot all of the red flags have a high discrimimgtpower. The
XBRL tag with the best discriminatory power two yedefore the bankruptcy filing date is
4|RevRelParty. For example, Lear Corp. reportssdal@ffiliates in the amount of $82.4 mil-
lion (Lear Corporation, 2008, p. 122). When definithe best discriminatory categories as
such to exhibit a mean usage rate difference of 40e00% then there is only one category
best discriminatory for two years before the bapiey filing date: 4|RELPARTY (model 1
and 2).

Table 3
Mean usage rates (two years before the bankruifitoy flate)

Model 1 Model 2

Bankrupt (N = 25) | Healthy (N = 25) Bankrupt (N = 25) Healthy (N = 25)

Mean Usage Rate| Mean Usage Ratg Difference Mean Usdgate | Mean Usage Rate Difference
1|REVREC 2.40% 2.40% 0.00% 2.40% 2.40% 0.00%
2|OFFBALFIN 16.00% 10.00% 6.00% 16.00% 10.00% 6.00%
3|CHINEST 22.86% 26.86% -4.00% 6.40% 7.20% -0.80%
4|RELPARTY 20.00% 5.00% 15.00% 20.00% 5.00% 15.00%
5|0THERS 25.33% 20.00% 5.33% 14.40% 9.60% 4.80%
Category 1 18.00% 14.62% 3.38% 11.30% 6.78% 4.52%
6|EVTS 12.00% 4.00% 8.00% 12.00% 4.00% 8.00%
7|BANKRPTY 20.67% 14.67% 6.00% 6.00% 1.00% 5.00%
Category 2 19.43% 13.14% 6.29% 7.20% 1.60% 5.60%
Total 18.30% 14.91% 3.39% 10.57% 6.57% 4.00%

Notes:

This table presents an overview of the mean usatgs per category and subcategory for model 14@3lags) and model 2
(optimized red flag item list). We calculate theanaisage rate by relating the observed frequenogafrrence of the red
flags to the maximum observable frequency of o@nae of red flags. For model 2, we eliminate redd| that have an ab-
solute occurrence in ten or more examined annpalrte for the bankrupt group of companies and trathy group of com-
panies respectively.

As expected, the characteristics of an impendintkihgtcy are not as obvious as one year
before the bankruptcy filing date. There is no @atdiion of a doubtful going concern (the
mean usage rate of the XBRL tag 7|GoingConcern08%) and almost all companies were
in compliance with credit facility covenants (theeam usage rate of the XBRL tag
7|LongtermDebtDefault is 0.00% or 4.00%). In confity with this observation, the mean
usage rate difference of category 2 red flagsridefss (6.29%-points for model 1) than one

year before the bankruptcy filing date (22.53%-pofor model 1).

However, for model 1 and model 2, we have to repecthypothesis k. Contrary to our ex-
pectation, for model 1, the mean usage rate diffterdor category 2 red flags (6.29%-points)

still is higher than for category 1 red flags (3@®oints). But, the difference of 2.91%-points
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is only about one third of the difference one ykeafore the bankruptcy filing date (8.74%-
points). For model 2, the mean usage rate differdéoccategory 1 (4.52%-points) is 1.08%-
points lower than the mean usage rate differencedtegory 2 (5.60%-points). Compared to
a mean usage rate difference between the two cagseguf 20.16 %-points for one year be-
fore the bankruptcy filing date, a difference 0d8%-points is very low and may turn nega-

tive (in favor of category 1 red flags) for thresays before the bankruptcy filing date.
4.5 Binary logistic regression

In order to investigate the relationship betweeanrthmber of red flags and the event of bank-
ruptcy filing and especially to test for the preulie ability of our models, we conduct binary
logistic regressions with the event of bankruptitipd as dependent variable. The dependent
variable is coded as a dummy variable, which igs@ne for companies that filed for bank-
ruptcy and which is set to zero for companies #ratincluded in the healthy group of com-
panies. Pearsons’ correlation coefficients werepaed in order to test for a possible multi-
collinearity problem. The tests did not show ang@malities.

Our logistic model is as follows:

B =Bo + P1 SUM +¢

Where: B = dependent variable that is a dumnmalée representing the event of
bankruptcy filing (1 = yes, 0 = no)
Bo = constant
By =  regressiomstimator
SUM = aggregated independent variable that is ctetpas the sum of the red
flag item results
€ =  error term

In order to have a reliable regression model, tmmpe size has to be a multiple of the
amount of predictors (Field and Miles, 2010, p.)13However, our data sample consists of
50 or 52 observances as compared to 33 variabdéstluld be used as predictor variables.
Therefore, we construct an aggregated independeiatble SUM that sums up the results of
all independent variables in the model. Similathte descriptive statistics, we compare two
models. For model 1 the aggregated independerdablarSUM contains all 33 red flags (see
Appendix C). For model 2 the variable SUM only @ns the 28 red flags of the optimized
red flag item list as described in section 4.4 @ee Appendix C).
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4.5.1 One year before the bankruptcy filing date

Table 4 reports results of logistic regressiongiiertwo models. The Omnibus-Test shows an
overall fit of the two models being very good amghgicant at the 1%-level (p-value model 1
and model 2 < 0.001). This means that the examiméebendent variables have a high ex-
planatory power for the event of bankruptcy filifidhis is also supported by other statistical
measures. Model 1 has a -2LL of 58,539a and motlas2a -2LL of 50,179a. The smaller the
-2LL, the better is the model (Pampel, 2000, p. 880 Nagelkerke’s R-square indicates a
higher explanatory power for model 2 (the dependemtable can be explained to 45.8%)
compared to model 1 (30.6%).

Table 4
Binary Logistic Regression Results (one year befagebtinkruptcy filing date)

Omnibus-Test Classification
. -2 Log- R-square Power of
Chi-Square of p-value Likelihood Nagelkerke Prediction
Model 1 13.54¢ 1 0.00( 58,539: 0.30¢ 69.23:
Model 2 21.90¢ 1 0.00( 50,179: 0.45¢ 73.077
Notes:

This table presents the results of binary logistigression for one year before the bankruptcydilifate. Model 1 contains
all of the 33 discussed red flag items. For modek@ eliminate red flags, that have an absoluteimeace in ten or more
examined annual reports for the bankrupt groupafiganies and the healthy group of companies raspbct

As the descriptive statistics already have inditatiee proportion of firms correctly classified
is higher for model 2 (73.0772%) compared to mdd€$9.231%). These results affirm our

hypothesis that the model 2 red flags have a higtestictive power than model 1 red flags.
4.5.2 Two years before the bankruptcy filing date

In total, the logistic regression results for tweays before the bankruptcy filing date are still
acceptable, but not as good as one year beforbahleruptcy filing date, see Table 5. The
Omnibus-Test is significant at the 5%-level for rab# (p-value < 0.05), but it shows no sig-
nificance for model 1 (p-value > 0.1). The res@itts-2LL of 66,835a (model 1) or 63,167a
(model 2) as well as Nagelkerke’s R-square of 0(@&&del 1) to 0.154 (model 2) are inferior

to the results for one year before the bankrugtmgfdate.
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Table 5

Binary Logistic Regression Results (two years befoechankruptcy filing date)

Omnibus-Test Classification
. -2 Log- R-square Power of
Chi-Square of p-value Likelihood Nagelkerke Prediction
Model 1 2.480 1 0.115 66,835a 0.065 62.000
Model 2 6.147 1 0.013 63,167a 0.154 62.000
Notes:

This table presents the results of binary logistgression for two years before the bankruptcydildate. Model 1 contains

all of the 33 discussed red flag items. For modek@ eliminate red flags, that have an absoluteimeace in ten or more
examined annual reports for the bankrupt groupafganies and the healthy group of companies raspbct

For two years before the bankruptcy filing dateltdwgstic regression shows a lower power of
prediction (the power of prediction is 62.000% fwth models) than one year before the
bankruptcy filing date (the power of prediction69.231% or 73.077%). These results are
plausible considering that the event of a laterkkbapicy filing is more obvious the closer the
annual reporting data is to the bankruptcy filigedand the more inevitable a bankruptcy fil-

ing gets.

5 Conclusions, limitations and outlook

There is a lot of qualitative data contained inwaneports that could be analyzed in addition
to quantitative data for predicting a later bankeydiling. It is the aim of the article to devel-
op an approach of including qualitative data treat be extracted from SEC filings using the
XBRL data format.

It is our main hypothesis that XBRL Taxonomies eimtXBRL tags that can serve as red
flags or warning signs for bankruptcy risk and auaity be used for an automated assess-
ment of investment risk based on the narrativeanofual reporting data. We develop a list of
potential red flags based on the U.S. GAAP taxonamy assign the elements to 2 categories
and 7 subcategories. In assuming that compani@sgfac deterioration of business perfor-
mance have higher incentives to earnings managebedatvior, Category 1 contains XBRL
tags that presumably indicate earnings managereemt RevenueRelatedPajtyCategory 2

is comprised of XBRL tags that represent charasties and influencing factors of companies
near bankruptcy filing (e.gL,ongtermDebtDefault Then we test our red flags based on U.S.
GAAP annual reports of 26 companies with Chapterbahkruptcy filings and a control
group. The empirical results show that in totag thd flag item list has predictive power of
bankruptcy risk. Logistic regression results alsove that the predictive power is higher one

year before the bankruptcy filing date in comparigoth two years before the bankruptcy fil-
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ing date. We furthermore observe that the categord flags (bankruptcy characteristics and
influencing factors) have higher discriminatory mowhan category 1 red flags (earnings
management indicators) for one year before the rogdy filing date. This difference nar-

rows for two years before the bankruptcy filingedand may turn in favor of category 1 red
flags for three years before the bankruptcy fildege. The latter expectation would be con-
cordant with Leach and Newsom (2007) that showtima series analysis of bankrupt firm’s
earnings management behavior that the companresmidial statements exhibit high earnings
management behavior five years prior to the bartkyufiling date, whereas usually this be-

havior is reduced the nearer the bankruptcy fitlate advances.

In summary, the results of our study contributéhi® bankruptcy prediction literature as well
as the earnings management detection literature rddhflag analysis based on XBRL filings
can serve as an extension of classical creditrsg@pproaches. One of the main advantages

of using XBRL tags is that otherwise often unusddrimation in the notes gets usable.

For example, Hirschey and Richardson (2003) finghieoal evidence that investors still un-
derreact to goodwill write-offs. Our red flag itdist contains goodwill impairment charges as
a red flag. With this instrument, investors migbtne to different results. Red flag analysis
may also resolve limitations of conventional ratassfinancial distress indicators like a possi-
ble bias through R&D spending (Franzen et al., 2007

One first limitation concerns the realization iragtice. So far the proposed model cannot be
tested on real-life XBRL filings, as stated aboMewever the ongoing SEC XBRL mandate
and especially the introduction of a detailed taggiequirement are positive perspectives.
More and more (detailed tagged) XBRL filings wik lavailable soon for analysis online via
the SEC EDGAR database. Second, in today’'s XBRUempntation there still exist errors
(Bartley et al., 2010), albeit the errors decredse to increasing tagging experience (see
https://edgardashboard.xbrlcloud.com/edgar-daskiideshboard.do). It is critical that com-
panies’ XBRL tagging is carried out accurately a@noroughly. This could be assured by an
(mandatory) audit of XBRL filings (Plumlee and Pl 2008). Third, a further limitation is
that XBRL tagging only can be as good as the ugohgyldisclosure. Also, we assumed that
companies always use the XBRL tags in favor of maxoy extensions. Maybe the SEC will
decide to release more restrictive taxonomy extensiles. Otherwise some information may
be lost due to difficulties in automatic analysfstaxonomy extensions. Also, the proposed
analysis model and consequently our empirical study be distorted by the fact that it can

only contain information that is filed within theofin 10-K document. For example, section
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G(3) of the SEC'’s general instructions for FormKLQSEC, 2012) allows SEC filers to store
information as required by Item 13 of Form 10-Kf@gimation about transactions with related
persons, promoters and certain control personsedisas information about director inde-
pendence according to Items 404 and 407(a) of RégualS-K) in proxy statements, if these
are filed no later than 120 days after the fisaiqul end of the respective Form 10-K docu-
ment. If the latter is not the case, then the mi@iion must be filed as an amendment to Form
10-K.

Other limitations are inherent to red flag analy3isere are some potential indicators for fi-
nancial distress for which we do not know that XBRbs exist (yet) and therefore cannot be
included into the red flag analysis. This invohfes example, a change of auditors (Kluger
and Shields, 1989), the reported doubt of futuramance with debt covenants and a delist-
ing of the company. Examples are The Reader’s Di§ssociation Inc.*A decline in our
operating results or available cash could causéousxperience difficulties in complying with
covenants contained in our financing agreementschvbould result in our bankruptcy or
liquidation.” (The Reader’s Digest Association Inc., 2008, p.&% BearingPoint Inc'On
November 13, 2008, the New York Stock ExchangéNth8E") notified the Company that it
had decided to suspend trading in the Company’shoemstock prior to market open on No-
vember 17, 2008, based on its determination thaatridding price of the Company’s common
stock was “abnormally low”.” (BearingPoint Inc., 2009, p. 2). Additionally, setimes not
only the occurrence of a certain issue is releamtrather its amount or frequency (e.g., the
amount of related party sales) — a problem thatrdymariables cannot solve. Also, red flags
may not be red flags but rather red herrings (Ltrods, 2009), which means there is a possi-
bility of “false alarm”. For example, related pattgnsactions have a twofold nature and can
also be used with the objective to enhance theieffty of an organization (Lin et al., 2010,
p. 83).

Therefore, the red flag analysis should not beettadusive research method, but rather a sup-
plement to traditional approaches, and the anakgsslts always should be assessed with
caution. However, this is in accordance to theridin of red flags that we have chosen, in

which red flags are warning signs that identifyess that need further or deeper investigation.

Future research could broaden the data sampleedmtie series analysis. Also the search for
yet more discriminatory XBRL tags would be inteiregt However, the most interesting part
of future research will be to analyze real-life XBRlings. Up to now the SEC’s XBRL fil-

ing mandate is still in its beginning stages, Inig soon will change. Hence, the accessibility
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of annual reporting information for investors thgbuimproved automatic analysis possibili-
ties and as a result the transparency for investorsases. This is also true for qualitative in-
formation, as this study has shown.
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Notes

1 We interpret the theme “content analysis” in thesgeof Weber (1990) as thematic content
analysis. Thus, contrary to Jones and Shoemak®&dj1@e are not including readability

analysis within the definition scope of the themeritent analysis”.

2 The taxonomies supported by the SEC XBRL mandaée liasted on the Web site

http://www.sec.gov/info/edgar/edgartaxonomies.shtml

A taxonomy viewer is available online at http:/iver.xbrl.us/yeti2/resources/yeti-
gwt/Yeti.jsp. The UGT also can be downloaded in dixcat http://xbrl.us/
taxonomies/Pages/US-GAAP2011.aspx.

We see a calculation of intercoder reliability ® ot within the scope of this study. For
further information about the issue of measurirtgricoder reliability see Popping (1988),

who points out 39 different agreement indices fmting nominal categories.
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Appendix

Appendix A: Red Flag Items List

Table Al
Independent Variables or Red Flags Variable Definibns (equates to the XBRL names and respective daoentations drawn from the UGT 2011)
1|BillHold RevenueRecognitionBillAndHoldArrangements
= Disclosure of accounting policy for revenue regtgn under bill and hold arrangements. This disake addresses how all criteria and factors used i
evaluating bill and hold arrangements are met @eofor revenue recognition.
2 |1|unbilledRev UnbilledReceivablesCurrent

= The amount due for services rendered or prodiiifsped, but not yet billed, recognized in confoymiith revenue recognition criteria. This element
is distinct from unbilled contracts receivableséese this is based on noncontract transactions.

- 3 |1|IncreaseUnbilledRev IncreaBecreaselnUnbilledReceivables

G = The increase (decrease) during the reportinggerf the amount of revenue for work performedvitrich billing has not occurred, net of

é - uncollectible accounts.

g i 4 | 1|UnbilledContractsRev UnbilledContractsReceivable

g °>: = Unbilled amounts due for services rendered dretoendered, actions taken or to be taken, or mipecto refrain from taking certain actions in

(4} g/ accordance with the terms of a legally bindingegrent between the entity and, at a minimum, onergiharty. An example would be amounts

g s associated with contracts or programs where thegnied revenue for performance thereunder exdéedamounts billed under the terms thereof as of

3 2 the date of the balance sheet.

S ? 5 |1]|UnbilledRevNotBillable UnbilledReceivablesNotBilleAtBalanceSheetDate

g & = The total amount of unbilled receivables fromtounsers under long-term contracts that have not béled and were not billable at the balance sheet

g % date.

S | ¢ | 6 [lGovContractRevUnbilled GovernmentContractReceivableUnbilledAmounts

: i = Unbilled amounts (net of unliquidated progresgrpents) of government contract receivables.

g - 7 |1] ChangesPoC ContractsAccountedForUnderPercenta@e@pletion

2 = Modifications to or changes in assumptions surding contracts accounted for under the percemtiagempletion method of accounting. Percentage

8 of completion is a method of accounting wherebyfipmm a long-term (construction) contracts is iguned based on reliable estimates as to the degree
of completion generally based on contractual mfehips (costs incurred to total costs anticipated)

8 |1|PoC RevenueRecognitionPercentageOfCompletionMethod
= Disclosure of accounting policy for revenue redtgn for long-term construction-type contracts@mted for using the percentage-of-completion
method. The disclosure would generally be expemiedclude the method or methods of measuring éxiEprogress toward completion. If the entity
departs from using the percentage-of-completiorhoefor a single contract or a group of contraotsifhich reasonably dependable estimates cannot
be made, such a departure from the basic polidis@osed. The disclosure may also describe thmuating for significant changes in estimate.
Notes:

This table displays the 43 XBRL tags that we detigeadd to the red flag item list consistent withsons discussed in the literature as well aeepective assigned variable names.
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Table Al (Continued)

# |Independent Variables or Red Flags Variable Definibns (equates to the XBRL names and respective daoentations drawn from the UGT 2011)

9 |[2|ReserveOffBal ReserveForOffBalanceSheetActivigesiér
= Accrued liability to reflect obligations, contieng liabilities, and other exposures relating tehaflance sheet arrangements such as unfunded loan
commitments, contractual obligations, recourse fleems securitized, and variable interest entities.

10 |2| SaleLeaseback SaleLeasebackTransactionDescription
= A description of the significant provisions okttransaction involving the sale of property totheoparty and the lease of the property back ¢o th
seller.

11 |2| ABS AssetBackedSecuritiesMember

= This category includes information about secesithat are primarily serviced by the cash flowa discrete pool of receivables or other financial
assets (such as mortgage loans or credit-card/abtes).

12 |2|ProceedsABS ProceedsFromRepaymentsOfAccountsitdeSigcuritization
= Proceeds from (repayments of) securitizationecdivables treated as collateralized borrowindschvare classified as financing transactions.
13 |2|VIENonConsolidated VariablelnterestEntityNoncoisdedCarryingAmountAssetsAndLiabilitiesNet

= The net carrying amount of the assets and ligsilin the reporting entity's statement of finahpiosition that relate to the reporting entityésiable
interest in the Variable Interest Entity (VIE).

2|Off-balance-sheet financing (OFFBALFIN)

= Description of a change in the estimated amofiatgpodwill impairment charge, including the faatsd circumstances, including a change in
assumptions, underlying the change in estimate.

20 |3|WarrantyCh WarrantyObligationsMember

= A revision in the estimated costs to be incutrecthake repairs or fix problems on sold goods orises pursuant to promises or guarantees made as
to satisfactory performance.

€
[}
£
Q
[=)]
I
g
§ 14 |3|ServLife ServiceLifeMember
o = A revision in the estimated economic usefuldife long-lived tangible asset (the period of tiover which the asset is projected to benefit
'% operations).
u 15 |3|AmortPeriod IntangibleAssetsAmortizationPeriodMemb
L = A revision in the estimated economic usefuldifa finite-lived intangible asset (the period iofi¢ over which the asset is projected to benefit
S e operations).
8 4 16 |3| ChinEstimate ChangelnAccountingEstimateDescriptio
e % = Describes the specific accounting estimate tle mevised, including the nature of and justifmatior the revision.
— Q [ 17 [3|SalvValue SalvageValueMember
2 b = A revision in the estimated value of an asse¢hatend of its useful life.
g g 18 |3|InventoryVal InventoryValuationAndObsolescenceMamb
8 E = A revision in the estimate of excess and obsatetentory to reduce the carrying amount of inventm net realizable value.
k= 19 |3|GoodwilllmpCh GoodwillmpairedChangelnEstimateDrgston
3
j=2)
C
IS
<
O
™

21 |3|ReturnsCh SalesReturnsAndAllowancesMember
= A revision in the estimated reserve needed fodpct returns and price or other concessions giaoteustomers.
22 |3|ChPensionPlans ChangelnAssumptionsForPensionPlangdér

= Revisions in the assumptions (for instance, itmest yield on plan assets, projected increaselaries and compensation, forfeitures, discour)rat
used in calculating the amount of liability and iperexpense associated with pension obligations.
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Table Al (Continued)

# |Independent Variables or Red Flags Variable Definibns (equates to the XBRL names and respective daoentations drawn from the UGT 2011)
23 |4|RevRelParty RevenueFromRelatedParties
= Revenues arising from transactions between f@rent company and its subsidiaries; (b) subséiaf a common parent; (c) an entity and trusts for
the benefit of employees, such as pension andtpsioéiring trusts that are managed by or underrtis¢ageship of the entity's' management; (d) an
E entity and its principal, owners, management, anbrers of their inmediate families; and (e) afféist
S(: 24 |4|IncreaseDueFromRelParties Incred3ecreaselnDueFromRelatedParties
% = The increase (decrease) during the reportingg@énireceivables to be collected from other eggithat could exert significant influence over the
'3 reporting entity .
@ 25 |4|DueToRelParties DueToRelatedPartiesCurrentAndNoeot
-% = Carrying amount as of the balance sheet datéligations due all related parties.
g 26 |4|IncreaseDueToRelParties IncreddecreaselnDueToRelatedParties
E = The increase (decrease) during the reportinggénithe aggregate amount of obligations to bd pathe following types of related parties: a pare
“ > company and its subsidiaries; subsidiaries of axomparent; an entity and trust for the benefiemployees, such as pension and profit-sharing
5 § trusts that are managed by or under the trusteeshige entities' management; an entity and itagipial owners, management, or member of their
g b immediate families; affiliates; or other partieghvihe ability to exert significant influence.
§ % 27 |4|SaleLeasebackRelParty SaleLeaseback TransactiaeBBErty Transaction
g % = An indication that the transaction involving thele of property to another party and the leashe®property back to the seller was entered inth
28 a party connected to the seller.
£ 28 |4|RelPartyChTerms RelatedPartyTransactionEffects@@angelnMethodOfEstablishingTerms
Iﬁ = Description of the effects of any change in thethod of establishing the terms of a related pawygsaction for example, pricing terms, from that
5 used in the preceding period.
E 29 |5|ChAccountingMethod ChangelnAccountingMethodAcealifirAsChangelnEstimateMember
% = A change from one acceptable accounting metha@hother based upon a revision in estimated fuienefits or obligations.
§ 30 |5|ChMeasurementMethodsSegmentProfitOrLpss DesaripfidatureOfChangesFromPriorPeriodsInMeasurementilistysed ToDetermineReportedSegmentProfitOrLoss AndBf hoseChanges
= OnMeasureOfSegmentProfitOrLoss
; = A description of the nature of any changes fraforgeriods in the measurement methods used &rmigte reportable segment profit or loss anc
% & effect, if any, of those changes on the measuseghent profit or loss.
8 & 31 |5|ChDateGoodwillmp DisclosureOfChangeOfDateForAn@aodwilllmpairmentTest
z = Change of date of the goodwill impairment testjal is performed at least annually.
Q 32 5|FourthQuarter YearEndAdjustmentsEffectOfFourthQesdtvents Description
g = Description of a material transaction, such hasiness combination, disposal of business (or corapts of an entity), extraordinary or unusual
g events, significant changes in accounting estimatesthe aggregate effect of year-end adjustmgmas occurred during the fourth quarter.
6" |33 [5|Reclass Reclassifications
= The entire disclosure for classifying currengficial statements, which may be different fromsifastions in the prior year's financial statensent
Disclose any material changes in classificatiofutfing an explanation of the reason for the chamgkthe areas impacted.
34 |5|UnusualOrInfrequent UnusualOrInfrequentltemGross

= The gross gain (loss) income statement effeetioh material event or transaction (that wouldreasonably be expected to recur in the foreseeable
future) that possesses a high degree of abnornaalitiyare clearly unrelated to, or incidentally tedlato, the ordinary and typical activities of graity.
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Table Al (Continued)

# |Independent Variables or Red Flags Variable Definibns (equates to the XBRL names and respective daoentations drawn from the UGT 2011)
"@ 35 |6|Buslinterruption BusinessinterruptionLossesNatuEa@ht
5 = A description of the event that resulted in aitess interruption loss.
% | 36 [6lContractTermination Gain Log3nContractTermination
’g = This element represents the income received éopay ment made to a third party in connection wlitd termination of a contract between the
o parties. The termination may be due to many caaskgling early termination of a lease by a lesadaeach of contract by one or the other party, a
© failure to perform.
37 |7|RestructuringCharges RestructuringCharges
= Amount charged against earnings in the periodhfmurrred and estimated costs associated witHrexit or disposal of business activities or
restructurings pursuant to a duly authorized pdanluding asset retirement obligations.
9 38 |7|SeveranceCosts SeveranceCosts
-‘g = The charge against earnings in the period fomknand estimated costs of termination benefits pleml/to current employees that are involuntarily
g terminated under a benefit arrangement associatédewit from or disposal of business activitiesrestructurings pursuant to a duly authorized plan,
_‘E excluding costs or losses pertaining to an entéylIp acquired in a business combination or a diseard operation as defined by generally accepted
O accounting principles and costs associated witktiome termination benefits.
g - 39 |7|GoodwillmpLoss GoodwilllmpairmentLoss
E E = Loss recognized during the period that resutimfthe write-down of goodwill after comparing thepilied fair value of reporting unit goodwill with
s 5 the carrying amount of that goodwill. Goodwill issessed at least annually for impairment.
-g % 40 [7|GoingConcern LiquidityDisclosureGoingConcernNote
© - = If there is a substantial doubt about an entiapifity to continue as a going concern for a reabte period of time (generally a year from thabeé
%] 2] . . L. L . . . . .
e 8 sheet date), disclose: (a) pertinent conditionsemetits giving rise to the assessment of substaiotidt about the entity's ability to continue as a
Ij>j 'g going concern for a reasonable period of timetlip)possible effects of such conditions and evénjsnanagement's evaluation of the significance of
c g those conditions and events and any mitigatingfaci(d) possible discontinuance of operationsm@agement's plans (including relevant prospe
5 E financial information), and (f) information aboutet recoverability or classification of recordedeassmounts or the amounts or classification of
3 o liabilities.
N 2 [ 41 [7DivinArrears PreferredStock AmountOfPreferredDivideInArrears
g ; = Aggregate amount of cumulative preferred dividemdarrears.
% § 42 [7|ShorttermDebtfDefault DebtDefaultShorttermDebtDiggion OfViolationOrEventOfDefault
[§) ~ = Discussion of the facts and amounts pertainireggith failure to comply with an affirmative or nigga covenant of a short-term debt instrument,
including violating pay ment terms or an inability rheet certain minimum financial requirements driex@ or maintain certain financial ratios. The
discussion would generally be expected to alsaidtecivhether or not the failure can and will be owere and a description of the terms of any waivers,
including the amount of the waiver and the peribtroe covered by the waiver.
43 |7|LongtermDebtDefault DefaultLongtermDebtDescrip@dWiolationOrEventOfDefault

= Discussion of the facts and amounts pertainiregih failure to comply with an affirmative or niéga covenant of a long-term debt instrument,
including violating pay ment terms or an inability meet certain minimum financial requirements dviexe or maintain certain financial ratios. The
discussion would generally be expected to alsadecivhether or not the failure can and will be ogere and a description of the terms of any waivers,
including the amount of the waiver and the peribtioe covered by the waiver, and if reclassifioatof long-term debt to current has been madeen th
current balance sheet.
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Appendix B: Data Sample

Table A2
Data Sample

Year of

# Chapter 11 Filers Bankruptey Filing Industry Competitors
1 BearingPoint Inc. 2009 Consulting/Legal/Accounting @Anternational Inc.
2 Chemtura Corp. 2009 Chemicals, Manufacturing Albeler@orp.
3 Citadel Broadcasting Corp. 2009 Media Radio One Inc.
4  Cooper-Standards Holdings Inc. 2009 Automobile/ARiats/Services, Manufacturing Clarcor Inc.
5 FairPoint Communications Inc. 2009 Telecommunicatioable Comcast Corp.
6 Hayes Lemmerz International Inc. 2009** Automobileté Parts/Services, Manufacturing Accuride Corp.
7 ldearc Inc. 2009 Business Services, Media AT&T Inc.
8 Lear Corp. 2009 Automobile/Auto Parts/Services, Manufacturing hndon Controls Inc.
9 Nortek Inc. 2009 Manufacturing , Construction/Engineering Lenhmzrnational Inc.
10 Six Flags Inc. 2009 Entertainment/Recreation Walt Disney Corp.
11 Spansion Inc. 2009 Manufacturing, Computers & Electronics Microrciieology Inc.
12* The Reader's Digest Association Inc. 2009** Adiging & Marketing, Media Meredith Corp.
13 Visteon Corp. 2009 Automobile/Auto Parts/Services, Manufacturing VW 'Rutomotive Holdings Corp.
14 Circuit City Stores Inc. 2008 Retail, Computer &d@&tonics Radioshack Corp.
15 Hawaiian Telcom Communications Inc. 2008 Teleconivations/Cable Alaska Communications Systems Groap |
16 Linens Holding Corp. 2008 Retail, Household Prosluct Bed Bath & Beyond Inc.
17 Pigrim's Pride Corp. 2008 Food & Beverage Sandefsoms Inc.
18 VeraSun Energy Corp. 2008 Energy, Manufacturing izabCorp.
19 WCI Communities Inc. 2008 Construction/Engineering entex Corp.
20 Buffets Holdings Inc. 2008 Restaurants, Foods &eBage Cracker Barrel Inc.
21 Chesapeake Corp. 2008 MailPackaging, Manufacturing Greif Inc.
22 Kimball Hill Inc. 2008** Construction/Engineeringlomebuilder The Ryland Group Inc.
23 Pierre Foods Inc. 2008 Food & Beverage Tyson Faudls |
24 SIRVA Inc. 2008 Transportation Ryder Systems Inc.
25 Movie Gallery Inc. 2007 Entertainment/Recreatiosteft Netflix Inc.
26 Dura Automotive Systems Inc. 2006 Automobile/A&rarts/Services, Manufacturing Arvinmeritor Inc.

Notes:

Our study is based on U.S. GAAP annual reportsniFbd-K or 10-K/A) of 26 US-companies that filed Bhapter 11 bankruptcy between 2006 and 2009 amda2éhed competitor companies
that did not file for Chapter 11 in the respectyear. For a time series analysis, we analyze theameport with a fiscal year end directly beftre bankruptcy filing year (one year before bank-
ruptcy) and the year before (two years before hagtky). The (*) mark refers to the pair of compantieat we eliminate for the examination of two gelbefore bankruptcy, because there is no
Form 10-K available for The Reader's Digest Asgamialnc. for the Fiscal Year 2007. The (**) manfer to annual reports with a fiscal year end othan 12/31/XX.
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Appendix C: Mean Usage Rates

Table A3
One year before the bankruptcy filing date Two yearsefore the bankruptcy filing date
Bankrupt (N = 26) [ Healthy (N = 26) Bankrupt (N = 25)| Healthy (N = 25)

# |Red Flags Mean Usage Rate| Mean Usage Rat A Mean Usage Rate| Mean Usage Rat A

1 [7|GoingConcern 50,00% 0,00% 50,009 0,00% 0,00% 0,009
2 [7|LongtermDebtDefault 34,62% 0,00% 34,629 4,00% 0,00% 4,009
3 |4|RevRelParty 30,77% 0,00% 30,779 24,00% 0,00% 24,009
4 |4|DueToRelParties 38,46% 11,54% 26,929 40,00% 20,00% 20,0094
5 [7|GoodwilllmpLoss 50,00% 23,08% 26,929 20,00% 4,00% 16,00%
6 [3|InventoryVval 26,92% 7,69% 19,239 0,00% 0,00% 0,009
7 |5|ChM easurementM ethods SegmentProfitOrLdss 19,23% 0,00% 19,239 8,00% 8,00% 0,009
8 [3|warrantyCh 30,77% 15,38% 15,389 16,00% 24,00% -8,0Q%4™
9 [6|ContractTermination 30,77% 15,38% 15,389 12,00% 4,00% 8,00po
10 | 7|SeveranceCosts 61,54% 50,00% 11,549 52,00% 44,00% 8,00pe
11 [7|DivinArrears 19,23% 7,69% 11,549 0,00% 0,00% 0,009
12 [1|UnbilledContractsRev 7,69% 0,00% 7,69% 0,00% 0,00% 0,009
13 [2|ReserveOffBal 26,92% 19,23% 7,69% 24,00% 12,00% 12,009,
14 [2|ABS 26,92% 19,23% 7,69% 20,00% 16,00% 4,00po
15 [3|ServLife 7,69% 0,00% 7,69% 8,00% 4,00% 4,009
16 |4|increaseDueFromRelParties 11,54% 3,85% 7,69%) 8,00% 0,00% 8,00%0,
17 [5|ChAccountingM ethod 7,69% 0,00% 7,69% 8,00% 4,00% 4,0090™
18 |5|FourthQuarter 15,38% 7,69% 7,69% 48,00% 36,00% 12,00%],
19 |5|UnusualOrinfrequent 7,69% 0,00% 7,69% 8,00% 0,00% 8,0090,
20 | 7|RestructuringChargés 53,85% 46,15% 7,69% 48,00% 40,00% 8,00p4],
21 [1|GovContractRevUnbilled 3,85% 0,00% 3,85% 4,00% 0,00% 4,0096,
22 |2|SaleLeaseback 15,38% 11,54% 3,85% 12,00% 8,00% 4,00p0,
23 |2|ProceedsABS 3,85% 0,00% 3,85% 8,00% 4,00% 4,006,
24 [3|ReturnsCh 3,85% 0,00% 3,85% 4,00% 4,00% 0,009
25 [ 3|ChPensionPlarls 65,38% 61,54% 3,85% 56,00% 64,00% -8,0q%
26 |4|IncreaseDueToRelParties 11,54% 7,69% 3,85% 8,00% 0,00% 8,009,
27 (3|SalvValue 3,85% 3,85% 0,00% 4,00% 4,00% 0,006
28 |1|UnbilledRev 0,00% 3,85% -3,85% 4,00% 4,00% 0,0096,
29 |1|UnbilledRevNotBillable 0,00% 3,85% -3,85% 0,00% 0,00% 0,0096,
30 |5|ChDateGoodwilllmp 0,00% 3,85% -3,85% 0,00% 0,00% 0,00%0,
31 [ 5|Reclas$ 57,69% 61,54% -3,85% 80,00% 72,00% 8,00p4,
32 |1|PoC 3,85% 11,54% -7,69% 4,00% 8,00% -4,00p4],
33 [ 3|ChinEstimaté 61,54% 80,77% -19,23% 72,00% 88,00% -16,0p%,

Notes:

This table contains an overview of the mean usatgs of the red flag items within the examined ahneports (see Appen-
dix B) with fiscal year ends one year and two ydmfore the bankruptcy filing date of the bankrupiugp of companies.
The table also displays the mean usage rate differef the single XBRL tags for the bankrupt andthgajroup of compa-
nies (A) as well as the fact, whether the mean usageditigzence increaseg), decreaseg|) or stays unchanged-) one
year before the bankruptcy filing date as comp#oed/o years before the bankruptcy filing date. Téx flag items are sort-
ed descending according to the magnitude of thenrasage rate difference for one year before thé&rbatcy filing date.
We calculate the mean usage rate by relating teergbd frequency of occurrence of the red flaghéomaximum observa-
ble frequency of occurrence of red flags. Of thakftag item list that contains 43 red flags (se@@mpdix A), the table omits
the following 10 XBRL tags, because they are notldssd in either of the examined annual reportofar year before the
bankruptcy filing date: 1|BillHold, 1|IncreaseUnbdRev and 1|ChangesPoC (subcategory REVREC),
2|VIENonConsolidated (subcategory OFFBALFIN), 3|AtReriod and 3|GoodwilllmpCh (subcategory CHINEST),
4|SaleLeasebackRelParty and 4|RelPartyChTerms (SgbcatRELPARTY), 6|Businterruption (subcategory EVT3da
7|ShorttermDebtDefault (subcategory BANKRPTY). Modetontains the remaining 33 red flag items. Thekn(® indi-
cates the red flag items that were eliminated fooptimized red flag item list (model 2), becau$@am absolute occurrence
in ten or more examined annual reports for the hagstkgroup of companies and the healthy group aoffanies respective-

ly.
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Content analysis as an efficient supplement of bankruptcy prediction?

Empirical evidence based on U.S. GAAP annual reports

Most of the bankruptcy prediction models developed so far have in common that they are based on
quantitative data or more precisely financial ratios. However, useful information can be lost when
disregarding soft information. In this work, we develop an automated content analysis technique to assess
the bankruptcy risk of companies using XBRL tags. We develop a list of potential red flags based on the
U.S. GAAP taxonomy and assign the elements to 2 categories and 7 subcategories. Then we test our red
flag item list based on U.S. GAAP annual reports of 26 companies with Chapter 11 bankruptcy filings and
a control group. The empirical results show that in total, the red flag item list has predictive power of
bankruptcy risk. Logistic regression results also show that the predictive power increases the nearer the
bankruptcy filing date approaches. We furthermore observe that the category 2 red flags (bankruptcy
characteristics and influencing factors) have higher discriminatory power than category 1 red flags
(earnings management indicators) for one year before the bankruptcy filing date. This difference narrows
for two years before the bankruptcy filing date and may turn in favor of category 1 red flags for three years
before the bankruptcy filing date.
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