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ABSTRACT

We present two new hypotheses regarding the textual disclosures of fraudulent
firms. First, these firms discuss performance in a manner that is similar to their
industry peers. Second, their qualitative disclosures are distinct from their industry
peers but instead are similar to other fraudulent firms. We use text-based analysis of
10-K MD&A disclosures to compare disclosures of firms involved in SEC enforcement
actions to various counterfactuals including each firm’s own disclosure both before
and after the alleged violations. We find evidence that fraudulent firms do not make
qualitative disclosures that resemble their industry peers but instead cluster with other
fraudulent peer firms. Content analysis reveals that fraudulent firms under-disclose

details relating to governance, financial liquidity and explaining revenues.
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Many studies suggest that managers committing fraud likely do so to achieve various
objectives such as getting access to low cost capital (Dechow, Sloan and Sweeney (1996),
Povel, Singh and Winton (2007) and Wang, Winton and Yu (2010)) or to conceal dimin-
ishing performance (Dechow, Ge, Larson and Sloan (2011))E| We examine the question of
whether a firm’s 10-K MD&A disclosure to the U. S. Securities and Exchange Commis-
sion (SEC) reflects the decision to commit fraud. This issue should be particularly salient
to managers committing fraud because the SEC is tasked with identifying and pursuing
enforcement actions against these firms. These disclosures also are simultaneously submit-
ted to the public, which uses them to inform its decisions to allocate capital among firms

seeking financing and other resources.

The high degree of discretion associated with managements’ qualitative discussion of
its operating performance in the 10-K creates opposing forces regarding how a firm might
position its results. On one hand, fear of detection might lead fraudulent managers to
disclose in a way that attempts to minimize detection. For example, a manager might
under-disclose explanations of their fraudulent revenue or expense calculations. Alterna-
tively, they may over-disclose complex transactions to increase the cost of detection. Such
managers might also use excessively difficult to read text, or they may simply mimic the
disclosures of their industry peers to appear “ordinary”. These considerations suggest that

qualitative disclosures may be designed to strategically mislead financial statement readers.

While it may be the case that some firms strategically design qualitative disclosures, an
alternative and nearly empirically indistinguishable explanation is that the same economic
conditions that induce managers to commit fraud generate qualitative discussions that are
consistent with our main hypotheses. For example, a firm may experience a negative shock,
such as a labor strike or a product liability claim, that requires discussion in the MD&A,
which differentiates it from its industry peers. Alternatively, a negative industry-wide

shock could result in similar qualitative discussions among industry peers as they describe

'Dechow, Ge and Schrand (2010) provide a detailed review of fraud literature, and we summarize this
literature in detail in Section I of this paper.



similar economic conditions. In both of these examples, common qualitative disclosures
by fraudulent firms may be artifacts of either idiosyncratic or industry-wide conditions,
and do not necessarily reflect proactive attempts to influence perceptions. Although we
acknowledge and explore this possibility, it should be noted that these firms have already
chosen to pro-actively and fraudulently disclose their quantitative performance. Hence, on
the margin, the cost associated with attempting to disguise this fraud using manipulated

verbal disclosure might be relatively low.

Regardless of the underlying motive, the possibility that MD&A might contain a signal
that predicts whether firms have engaged in accounting fraud is an important research
question. While it is further important to then differentiate between potentially competing
explanations, the ability to improve the prediction of accounting fraud is practically relevant
to future researchers, investors and regulators alike, and it motivates future theoretical and

empirical research to understand why.

We use an empirical framework that incorporates the possibility that common disclosure
is either strategic or incidental by first examining whether verbal disclosure is abnormal
relative to three different benchmarks. The first examines whether each firm’s raw dis-
closure is similar to that of industry peers of similar size and age. The second considers
abnormal disclosure that is common to fraudulent firms after controlling for the disclosure
of the industry peers. This entails purging each firm’s disclosure of the common industry
component related to similar size and age, and then examining whether firms involved
in alleged fraud have systematically different disclosures. The third focuses on the time
series behavior of the fraudulent firm itself, and examines if firms have disclosures that
differ from themselves in the years prior to and after their alleged fraud. We find strong
and uniform support for our central hypothesis that firms committing fraud have a strong
common component in their disclosures, and this component is much less prevalent among
firms not committing fraud. It also cannot be explained by the disclosure of industry peers

or firm fixed effects, and hence this disclosure only appears abnormally during the specific



years firms are committing fraud.

Having established the presence of abnormal disclosure, we turn our attention to the
question of why it is present. We first test two specific non-strategic hypotheses: (1) disclo-
sure might appear aberrational relative to peers because certain disclosures are correlated
with the likelihood of an SEC review, and (2) certain disclosures are simply correlated
with poor economic conditions, which in turn are correlated with fraud. If (1) is true,
then the links we find between disclosure and alleged fraud may be partially attributable
to internal SEC procedures. To consider (1), we conduct tests examining the link between
disclosure and the issuance of Comment Letters, which are produced by the SEC’s Division
of Corporation Finance, which is tasked with the intake and evaluation of verbal disclosure.
Under this alternative, vocabulary linked to comment letters should coincide strongly with
the vocabulary linked to fraud. Our findings reject this hypothesis, as we find that the
thematic drivers of comment letters have little overlap with the thematic drivers of fraud.
These findings are not surprising given that Dyck, Morse and Zingales (2010) find that
SEC reviews likely account for very little fraud detection (employees and the media being

more relevant).

Regarding the economic conditions hypothesis (2), we consider three tests. First, we
examine disclosures relative to size-age-industry matched peers in each year after control-
ling for both firm and year fixed effects. This difference-based approach absorbs variation
associated with economic conditions (these peers, being in the same industry, likely face
similar economic conditions). Second, and perhaps even more directly, we compute the
“disclosure implied” economic conditions of the firm. To do this, we control for the im-
plied Tobins’ Q and profitability of each firm in each year based on the actual Tobins Q and
profitability of other firms that have MD&A sections of their 10-K that are most similar to
the given firm. If disclosures are systematically representative of poor economic conditions
when firms engage in fraud, these measures should subsume our existing fraud variables

in our key regressions. Third, and as we discuss next, we identify the verbal themes that



explain why our disclosure variables are informative regarding firms that are involved in
fraud. We interpret these themes, which are based on the LDA factors of Ball, Hoberg
and Maksimovic (2013), and discuss their potential links to each hypothesis. Although
we cannot rule out a role for economic conditions, these three tests do not support the

conclusion that economic conditions can fully explain our results.

Overall, we find that fraudulent managers make qualitative disclosures that are different
from their industry peers, but are common among fraudulent-firm peers. We draw this
conclusion based on conservative specifications using both cross sectional and time series
differences with firm fixed effects, and we stress test them using interpretable thematic
analysis of the specific vocabulary that drives our key results. Our study relies on text
analytic methods including the cosine similarity method and Latent Dirichlet Allocation
(LDA). Our use of cosine similarities is through the lens of whether fraudulent firms disclose
in a way that is similar to or different from industry peers of similar size and age, and also
whether their disclosure is similar to or different from other firms committing fraud. The
cosine similarity method is a standard approach used in computational linguistics (See
Sebastiani (2002) for example). It is easy to interpret given its range in the interval [-1,1]

and its standardization, which controls for document length.

We also consider LDA content analysis to identify the key themes that firms involved
in AAERs use relative to peers not involved in AAERs. LDA is a topic modeling technique
developed by Blei, Ng and Jordan (2003). It is a generative model solved using likelihood
analysis that discovers clusters of text (referred to as “topics”) that frequently appear in
various documents. LDA is intuitively akin to a sophisticated text-based analog of factor
analysis (commonly used for numerical data). We discuss LDA in greater detail in Section
Specifically, we consider the MD&A LDA factors from Ball, Hoberg and Maksimovic

(2013), and examine which particular themes are associated with firms committing fraud.

Our content analysis suggests that fraudulent firms tend to under-discuss factors that

might explain potentially fraudulent accounting, including for example, attribution text



explaining revenues, financial market liquidity, and discussion of the management team it-
self. These firms also excessively discuss acquisitions, product lines, and growth strategies.
These verbal clusters can be consistent with specific motives managers might have to com-
mit fraud, and hence they might be viewed as evidence for strategic disclosure. However,
these tests do not rule out a role for economic conditions, as economic conditions that

induce fraud might relate to these variables through obscure channels.

In a final test, we thus consider the specific strategic hypothesis that managers commit
fraud to artificially improve their odds of issuing equity. Although other studies find
evidence consistent with this motiveﬂ no existing studies report supportive evidence in
verbal disclosures. Using an exogenous shock to equity market liquidity, which increases
the motive to commit fraud for this reason, we find that treated firms produce disclosure
that becomes more similar to fraudulent firms. In turn, we also find that the use of this
common fraudulent disclosure is associated with higher rates of equity issuance. These
results provide some suggestive evidence that at least some of our findings might be due
to managers using verbal disclosure to further achieve the same goals that drive them to

commit fraud in the first place.

The remainder of this article is organized as follows. Section I reviews the existing
literature and presents our hypotheses. Section II describes our data and methodology.
Section III presents our data and summary statistics and Section IV presents our central
disclosure regressions. Section V presents content analysis and summarizes the vocabulary

of fraudulent firms, and Section VI concludes.

2 See Dechow, Sloan and Sweeney (1996), Povel, Singh and Winton (2007) and Wang, Winton and Yu
(2010).



1 Literature and Hypotheses

1.1 Existing Literature

Many studies examine the links between accounting, stock returns and AAERs. Feroz,
Park, and Pastena (1991) and Karpoff, Lee and Martin (2008b) examine the issues that
motivate fraud and their consequences. Although we cannot summarize all literature in
the area due to space constraints, we refer readers to Dechow, Ge and Schrand (2010) for

a thorough review.

Earlier work links standard accounting variables with fraudulent activity. Beneish
(1997) considers a Jones model, and examines whether firms that manipulate earnings
can be separated from those that merely have more aggressive accruals. Beneish (1999)
considers a host of accounting ratios and constructs an index. Dechow, Sloan and Sweeney
(1996) find that a strong motive for earnings management is the desire to attract low cost
financing. Beneish (1999) finds that managers are more likely sell their own shares when

earnings are overstated.

More recent studies extend these earlier works and provide more depth. Dechow, Ge,
Larson and Sloan (2011) find that mis-stating firms hide diminishing performance, have
higher relative prices, and have abnormal reductions in the number of employees. Wang
(2013) addresses the partial-observability of fraud, and finds that R&D increases the like-
lihood of fraud while also reducing the likelihood of detection. Povel, Singh and Winton
(2007) and Wang, Winton and Yu (2010) show theoretically and empirically that the in-

centive to commit fraud is more intense during industry booms.

Dyck, Morse and Zingales (2010) take a different approach and examine who is most
likely to “blow the whistle”. The authors find that investors, the SEC, and auditors play
only a small role, whereas employees and the media play a larger role. Kedia and Philippon
(2009) find links to corporate hiring, executive option exercise, and firm productivity. Kedia

and Rajgopal (2011) show that firm locations relative to SEC offices, and areas with past



enforcement activity, are less likely to be involved in restatements.

The body of existing work regarding the incentives to commit fraud, and evidence that
can be used to detect fraud, is extensive. Yet, although many studies use text in SEC

disclosures to test various hypotheses, none have made a specific link to accounting fraudﬂ

1.2 Hypotheses

We briefly describe four hypotheses that might explain why firms committing fraud might
produce verbal disclosures that differ from similar firms that are not committing fraud. Two
hypotheses suggest that managers might act strategically, and two suggest that common

disclosure might be incidental or related to economic conditions.

H1 [Strategic Disclosure to Conceal Fraud]: Managers committing fraud engage

in strategic disclosure to conceal the fraud and to reduce the likelihood of detection.

There are at least three channels through which H1 might be implemented. First,
managers might under-disclose specific discussions, such as detailed explanations of revenue
or expenses. Second, managers might strategically “herd” with industry peers to appear
“ordinary” from the regulator’s perspective. Third, managers might produce disclosures

that are difficult to read (e.g., a high fog index). We examine all three channels.

H2 [Strategic Disclosure to Achieve Fraud-Driven Motives]: Managers of firms
committing fraud will over-disclose or under-disclose various topics to achieve the same

specific benefits that led the firm to commit fraud.

An example is that managers might under-disclose problems with financial market
liquidity to further increase the likelihood of getting access to low cost capital. Similarly,
managers committing fraud to report strong revenue growth and attract more customers

might excessively grandstand their firm’s growth.

3 Antweiler and Frank (2004) and Tetlock (2007) are among the earliest studies in Finance. Also see Cole
and Jones (2005), Feldman, Govindaraj, Livnat, and Segal (2010), Li (2008), Li (2010), Brown and Tucker
(2011), Hanley and Hoberg (2010), Hoberg and Phillips (2010), Kothari, Li and Short (2009) , Loughran and
McDonald (2011), and Bryan (1997). These studies examine textual tone, information content, readability,
links to economic quantities, revision intensity, and the cost of capital.



H3 [Likelihood of Regulatory Review]: Managers do not act strategically. Instead,
some LDA topics correlate with AAER actions because firms with certain disclosures are

more likely to be reviewed by the SEC.

Because reviews by the SEC’s Division of Corporate Finance, and the comment letter
process, is the primary intake and review process used by the SEC regarding 10-K dis-
closures, H3 further predicts that the verbal content used by fraudulent managers should

strongly overlap with the verbal content that most associates with comment letters.

HY [Economic Conditions]: Firms involved in fraud might have common com-
ponents in their disclosure that relate to poor economic conditions. For example, firms

committing fraud might be experiencing losses.

Hypothesis H4 is perhaps the most difficult to separate empirically from the other
hypotheses. It predicts that controls for the disclosure of industry peers facing common
industry conditions should explain much of the common disclosure produced by fraudulent
firms. These tests rely on a number of measures to absorb this variation, and further include
controls for the economic state of the firm that is implied by its MD&A disclosure (we

include a control for the profitability and Tobins ¢ of firms with similar MD&A disclosures).

2 Data and Methodology

We create our sample and our key variables using two primary data sources: COMPUSTAT
and the text in the Management’s Discussion and Analysis section (extracted using software

provided by metaHeuristica LLC) of annual firm 10-Ks.

We first extract COMPUSTAT observations from 1997 to 2008 and apply a number of
basic screens to ensure our examination covers firms that are non-trivial publicly traded
firms in the given year. We start with a sample of 87,887 observations with positive sales, at
least $1 million in assets, and non-missing operating income. We also discard firms with a

missing SIC code or a SIC code in the range 6000 to 6999 to exclude financials, which have



unique disclosures (especially because MD&A covers financial market liquidity and capital
structure). This leaves us with 71,637 observations. After requiring that observations are
in the CRSP database, we have 60,853 observations. Our sample begins in 1997 because
this is the first year of full electronic coverage of 10-K filings in the Edgar database. Our

sample ends in 2008 as this is the final year of our AAER database.

We also require that each observation has a machine readable MD&A section with a
valid central index key (CIK) link to the Compustat databaseﬁ We use software pro-
vided by metaHeuristica to web crawl and to extract the MD&A section from each 10-K.
MetaHeuristica uses natural language processing to parse and organize textual data, and
its pipeline employs “Chained Context Discovery” (See Cimiano (2010) for details). The
majority of 10-Ks (over 90%) have a machine readable MD&A section. The primary rea-
son why a firm might not have a machine readable MD&A is when it is “incorporated by
reference,” and is not in the body of the 10-K itselfﬂ These requirements leave us with a

final sample of 49,039 firm-year observations having adequate data.

2.1 Accounting and Auditing Enforcement Releases

We obtain data on Accounting and Auditing Enforcement Releases (AAERs) from the
Securities and Exchange Commission websitelﬂ Our hand collected sample includes AAERs
indicating fraudulent behavior from 1997 to 2008. In addition to firm identifying data,
which is needed to link AAER firms to our Compustat universe, we also collect the filing
date of each AAER, and the beginning and ending dates each AAER alleges fraudulent
activity. We define our AAER dummy to be one for firm fiscal years ending in calendar
years that overlap with these begin and end dates. This is our primary variable of interest,

and we focus on how disclosure varies during these AAER years.

For each AAER, we also identify a year that is definitively prior to the alleged fraudulent

4We use the WRDS SEC Analytics package to link 10-Ks to Compustat.

®The typical scenario under which a MD&A section is incorporated by reference is when the annual
report is submitted along with or referenced by the 10-K, and thus MD&A is not in the 10-K itself.

Shttp://www.sec.gov/divisions/enforce/friactions.shtml



activity, and a year that is definitively subsequent to the public release of the AAER by
the SEC. We refer to these as the pre-AAER year and the post-AAER year. Our assessing
disclosure in three critical periods (prior to, during, and after the alleged fraud) serves two
purposes. First, this serves as a placebo test, as we expect a strong signal only during the
years of fraudulent activity, and not in the years prior to or after the alleged fraud. Second,

this allows us to understand the disclosure life cycle of fraudulent firms.

Due to the approximate nature of stated fraud periods, we take a conservative approach
when identifying the pre-AAER year and the post-AAER year. We define the pre-AAER
year as the fiscal year preceding the first full calendar year that precedes the alleged fraud
period. This ensures that, even with 10-K reporting delays and potential approximate
identification of the fraudulent period, that the pre-AAER year has disclosure that is
unlikely to be contaminated by disclosure associated with the fraud. We identify the post-
AAER year as the fiscal year end in the calendar year that is subsequent to the calendar
year in which the AAER is announced to the public on the SEC website. This ensures that

the firm had adequate time to update its disclosure subsequent to the alleged fraud.

2.2 Disclosure Industry Similarity

In this section, we focus on identifying the disclosure similarity between a firm and its
size-age-industry matched peers. We refer to this as our “Industry Similarity” measure.
Our approach of identifying common industry disclosure is related to Hanley and Hoberg

(2010), who examine IPO pricing.

We first group all firms into bins based on industry (two-digit SIC codes), size and age.
In particular, for each industry group in each year, we create a small firm and a large firm
bin based on the median size of firms in each industry bin. We then divide bins once again
based on median age (listing vintage). We thus have four bins for each SIC-2 industry, and
each of the four bins has nearly the same number of firms. If a given bin has less than two

firms, we exclude it from the rest of our analysis. Given that our two-digit SIC categories
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are rather coarse, this requirement affects less than one percent of our sample. We also note
that our findings are robust to only using industry bins rather than these industry-size-age
bins. We use these more refined bins because we expect material systematic differences in
disclosure across firms of different size and age. We refer to a firm’s peers in its industry,

size, and age bin as its “ISA peers”[[]

Following standard practice in text analytics, we first discard stop-words and then
convert the text in each firm’s MD&A into vectors of common length across all firms. We
define a “stop word” as any word appearing in more than 25% of all MD&A filings in
the first year of our sample (1997). The length of the vectors we create is based on the
universe of remaining words. Because our calculations are computationally intensive, we
restrict attention to words appearing in the MD& A of at least 100 firms in the first year of
our sample (1997)E| The resulting list of words is stable over time, as 99.1% of randomly
drawn words using our 1997-based screen would be included using an analogous screen
based on 2008. Each firm-year’s MD&A is thus represented by its word distribution vector
Wi . This vector sums to one, and each element indicates the relative frequency of the
given word in the given MD&A. Our use of 1997 data to determine the word universe is
meant to be conservative, as we avoid any look ahead bias in our later regressions that are

based on an out of sample predictive framework.

To quantify disclosure similarity with ISA peers, we next compute the average word
usage vector for a given firm’s ISA peers excluding itself (ISA;+). It is important that this
average excludes the firm itself, as skipping this step would create a mechanistic degree
of similarity for firms in less populous bins. Our measure of industry disclosure similarity

(Hj) is the cosine similarity between W;; and I1.SA; ;.

"In unreported results, we examine if our results are robust to further excluding fraudulent firms from
the group of ISA peers. This has little influence on our results because fraudulent firms are relatively rare
in our sample.

8This results in a vector length of roughly 10,000 words. We also note that our findings are robust
to instead using a stricter screen based on 5,000 words. Because we also do not see a material degree of
improvement in going from 5,000 to 10,000 words, we thus conclude that our universe is sufficiently refined
to provide a relevant signal for testing our key hypotheses.

11



Wit ISA;;
Hiy = : (1)
VWi - Wiy) JISAip - ISA;z)

The cosine similarity is a standard technique in computational linguistics (See Sebas-
tiani (2002) for example). It is also easy to interpret, as two documents with no overlap
have a similarity of zero, whereas two identical documents have a cosine similarity of 1.
Finally, by virtue of its normalization of vectors to unit length, this method also has the

good property that it correlates only modestly with document length.

2.3 Disclosure Fraud Similarity

In this section, we construct measures of the extent to which firms engaged in fraudulent
behavior produce common disclosure, while controlling for the disclosure of ISA peers. We

first compute abnormal disclosure for each firm (AW;;) as follows:

AWi,t - Wi,t - ISAZ"t (2)

We note that we only include non-fraudulent ISA peers in this calculation. The re-
sulting vector sums to zero, as Wy and ISA;; each sum to one. We next compute the
average deviation from industry peers made by firms known to be involved in SEC AAER

enforcement actions (where Ng4gg is the number of AAER firm-years from 1997 to 2001):

AW
AAER = ) J
vocab jzl’“')NAAER NAAER

3)

Note that the vector AAE R ocqp does not have a time subscript, as we are summing the
unique disclosures over all AAERs in a given universe. We note here that we only tabulate
this average over firms with an AAER dummy of one in the years 1997 to 2001. We do not
use the years 2002 to 2008 for training as we wish to preserve these years for assessing the

out of sample performance of our fraud similarity variable in later tests. Our results are

stronger if we instead use our entire sample for the computation of the AAE R ocqp. Our
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approach ensures that results are not driven by look ahead bias. We then define the fraud
profile similarity (we will also refer to this as the “fraud score”) of a firm in a given year

Fj; as the cosine similarity between AW;; and AAER ,qp as follows:

AWi’t AAERvocab
F’L',t == : (4)
\/(AWi,t . AWi,t) \/(AAERvocab : AAER'Uocab)

3 Data and Summary Statistics

Table [I| displays summary statistics for our panel of 49,039 firm-year observations from
1997 to 2008 having machine readable MD&As. 1.5% of firm year observations are AAER-
years. As it is based on cosine similarities between positive and negative word vectors,
the Fraud Similarity Score has a distribution in the interval [-1,4+1] and a mean that is
close to zero. Intuitively, because AAER years are rare, the average firm does not have a
vocabulary that correlates highly with fraudulent firms. The industry similarity score is
based on cosine similarities of non-negative vectors, and is bounded in the interval [0,1].
Its mean of 0.667 indicates that the average firm shares a substantial amount of disclosure

with its ISA peers. However, the average firm also has much unique content.

[Insert Table (1| Here]

Table 2| displays Pearson correlation coefficients. The positive 8.2% correlation between
the AAER dummy and the fraud similarity score (significant at the 1% level) foreshadows
our later multivariate results. This suggests that firms involved in potentially fraudulent
activity have abnormal disclosure relative to ISA peers that is common among AAER
firms. The correlation between the AAER dummy and industry similarity is much weaker
at 2.6%. Remarkably, the fraud similarity score is more correlated with the AAER dummy

than any of the other displayed variables including firm size (7.0% correlation).

[Insert Table |2| Here]
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Fraud similarity is 9.0% correlated with industry similarity (significant at the 1% level).
Given that both variables are functions of firm disclosures, this is somewhat modest. The
modest result is by construction, as fraud similarity is a function of abnormal disclosure
after controlling for ISA peers. We also note that fraud similarity correlates little with
firm size, which also relates to its construction based on size-adjusted peers (in addition to
industry and age adjustments). These aspects of our variables help to ensure a clear inter-
pretation in both univariate and multivariate settings. Finally, these modest correlations

indicate that multicollinearity is unlikely to be a concern.

[Insert Table (3| Here]

Table [3] displays time series summary statistics regarding AAER-year observations in
our sample from 1997 to 2008. The table shows a peak in 2000 to 2002 following the
internet bubble’s collapse, and also a steady stream of AAER years throughout our sample
with the exception of the last three years, where the incidence rate is lower. As our analysis
controls for both industry and time effects, as well as other controls, these features of our
data cannot explain our results. We also note that, in all, 2.9% of our sample firms (249
of 8510) were involved in an AAER at some point in time in our sample. The relatively
low rate of AAERs during the financial crisis of 2007 and 2008 does not necessarily point
to a reduction in the rate of fraud but is more likely explained by a change in the SEC’s

priorities during the crisis.

3.1 Initial Evidence of Disclosure Differences

In this section, we explore the distributional features of our industry similarity and fraud
similarity measures, and their links to observed AAER Enforcement actions. In Table [4]
we sort firms into deciles based on their fraud similarity and industry similarity measures.

We then report the fraction of firms in each decile that are involved in AAERs.

[Insert Table 4| Here]
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Panel A of Table [ displays these results for our entire sample, and shows that the
incidence rate of AAERs is strongly positively correlated with the fraud similarity decile
or in the industry similarity decile in which a firm resides. The results are economically
large and decile sorting is close to monotonic. Regarding fraud similarity, the incidence
rate of AAERs in decile 10 is 3.7% compared to just 0.5% for decile 1. The positive link
between industry similarity and AAER incidence is weaker with high to low decile range

of 2.7% to 1.0%.

Panel B of Table (4] displays analogous results for the out of sample period from 2002
to 2008. We remind readers that the key vocabulary used to compute the vocabulary
associated with fraudulent firms is computed only using data from 1997 to 2001 (see Section
. Hence, our assessment of the link between AAERs and the fraud scores in 2002 to 2008
is an out of sample test on all levels. We continue to observe strong positive associations
with AAER incidence rates for fraud similarity, and the inter-decile range is 0.7% to 2.2%.
Our later tests will show that our results for fraud similarity are especially strong both
statistically and economically, and are also robust to multivariate regressions including
controls for firm and industry fixed effects. In contrast, industry similarity plays a more
passive role, and its correlation with AAERS is not robust to firm fixed effects. The results
in this section indicate that the vocabulary used by AAER firms, that is distinct from

industry-size-age peers, has remained stable over time.

3.2 Fraud Similarity Distributions

In this section, we examine the distribution of fraud similarity. Figure 1 shows the empir-
ical density function of this variable over its domain [-1,1]. The distribution is centered
near zero and is nearly bell shaped. However, it is somewhat asymmetric and right skewed,
indicating that observations are potentially drawn from a mixed distribution where poten-
tially fraudulent firms have a higher mean than non-fraudulent firms. The solid line shows

the reflection of the distribution around the y-axis and illustrates the extent of the right
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skewness. As the figure indicates, the amount of probability mass that differs from the
reflection is 2.55% of the total mass. This is materially larger than the observed 1.5%

AAER rate indicated in Table 1l

[Insert Figure 1 Here]

We consider whether the rate of undetected fraud can be estimated. To do so, we make
two assumptions that are unique to this exercise. These assumptions are not relevant
to the tests in other parts of the paper. First, we assume that non-fraudulent firms have
symmetrically distributed fraud similarities. Second, we assume that firms engaged in fraud
that is not yet detected have a similar distribution compared to those that are detected.
These assumptions allow us to estimate the extent of undetected fraud based on how many
firms would have to be removed from the sample to eliminate the observed asymmetry. We
note that whether or not these assumptions hold likely depends critically on the nature
of how fraud is detected, and whether the mechanism strongly relates to verbal text in
the disclosure, even after controlling for ISA peers. Although it is unlikely that these
assumptions hold precisely, the results in Dyck, Morse and Zingales (2010) suggest that
they might only be weakly violated. In particular, the authors find that the primary
consumers of 10-Ks (investors, the SEC, and auditors) play only a small role in detecting

frauld. Employees and the media play a larger role.

[Insert Figure 2 Here]

We next assess the extent to which the removal of known AAER firm-years reduces
asymmetry. Figure 2 plots the density function of fraud similarity separately for firms not
involved in AAERs (upper figure) and involved in AAERs (lower figure). The figure shows
that the density function retains a substantial degree of asymmetry even when known
AAER firm-years are excluded, as the right-skewed mass only decreases from 2.55% to
2.10%. We thus compute the upper bound regarding the rate of undetected fraud as the

fraction of the sample that would have to be removed to eliminate all observed asymmetric
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2.55—-2.10

mass. This calculation suggests that just 17.6% (=°5=z

) of fraudulent firms have been
detected and hence fraud is 5.6x as pervasive as observed. We compute a lower bound by
assuming that the 2.1% of remaining asymmetry in Figure 2 is due to 2.1% of undetected
firms being engaged in fraud. This would imply that fraud is 2.4x as pervasive as observed.
Because the observed rate of known AAER firm years is 1.5%, these estimates indicate that

the actual rate of committed AAERs likely lies in the range (3.6%, 8.5%) of all firm-years.

This range is substantially higher than the 1.5% detection rate in our sample.

The lower plot in Figure 2 further illustrates why our approach might have good power
for estimating undetected fraud. The lower plot displays the density function of fraud
similarity for firms that are known to be involved in AAERs. The figure shows a far
higher degree of asymmetry than any of the other figures, indicating that fraud similarity
is effective in separating AAER firms from non-AAER firms. The degree of asymmetric

mass is 41.0%, which is far larger than the 2.1% in the upper figure.

Figure 3 displays fraud similarity scores over time: before, during and after a firm is
involved in an AAER. We also explore the extent to which fraud similarity varies when
a firm is involved in an AAER alleging a longer duration of fraud. In particular, we tag
the three years that are prior to the calendar year in which the AAER indicates that the
fraud began as the pre-fraud period, and the three years after the calendar year in which
the AAER indicates that the fraud ended as the post-fraud period. We then consider up
to three years of time during which an alleged fraud occurred. If a firm’s alleged fraud
period is three or more years, it will enter the average fraud similarity calculation for the
first three of these years. If the firm’s alleged fraud lasted only one or two years, it will
only be included in the first and second fraud year calculations, respectively. To ensure
robustness, we also consider this calculation only for firms that experienced a fraud period

of at least three years.

[Insert Figure |3| Here]
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The figure shows a trapezoidal pattern for fraud similarity. During the three years
preceding the alleged fraud, the average fraud similarity slowly increases from nearly zero
to 0.025. During the period of alleged fraud, this score more than doubles to over 0.05, and
remains near this level during the years of alleged fraud. After the period of alleged fraud
ends, fraud similarity then drops sharply to 0.025 and then dissipates to zero. Because the
AAER is only announced after the fraud has occurred, these results provide strong time
series evidence that we have identified a set of disclosure vocabularies that are used more
by firms alleged to have committed fraud relative to those that have not. Because the figure
reports scores for the same firms in all periods, these results are stark and automatically

account for firm fixed effects.

4 Disclosure and Fraud Regressions

In this section, we use regression analysis to test our strategic disclosure hypotheses using
an unbalanced panel. As placebo tests, we consider not only disclosures in the year of
an AAER, but also in the year prior and the year after the AAER. We expect a strong
identifying signal only during the years of fraudulent activity, and not in the years prior
to or after the alleged fraud periods. This approach allows us to fully understand the

disclosure life cycle of fraudulent firms.

Table [5] displays the results of OLS regressions in which the dependent variable is the
firm’s disclosure strategy. As indicated in the first column, the dependent variable is either
fraud similarity or the industry similarity score. In Panel A to C, we report results for the
entire sample, for larger firms, and for smaller firms, respectively. Firm size is identified
using median assets in each year. These regressions are conservative in the sense that
identification is based on within-firm variation only (they include controls for firm and
year fixed effects). Standard errors are adjusted for clustering by firm. We also include
several controls including the implied economic state of the firm (the average Tobins ¢ and

profitability of the ten firms in the given year having the most similar MD&A disclosure
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as the given firm based on cosine similarities)ﬂ

Panels D to F consider three robustness tests. Panel D considers the out of sample
period (2002 and later). Panel E considers additional controls for restatements, litigation,
mergers, and uncertainty. Panel F considers results based on industry fixed effects instead

of firm fixed effects.

[Insert Table [5| Here]

Panel A of Table [5] shows that firms engaged in alleged fraud have significantly higher
fraud profile similarities. This coefficient has a t-statistic of 6.58, and is significant well
beyond the 1% level. The results for industry similarity are not significant with a ¢-
statistic of 0.8. We note again that these regressions are based on stringent within-firm
identification. The results for fraud similarity confirm the intuition established in the
discussion of Figure [3] where we find that firms involved in fraud become more similar
to other firms that committed fraud, but only in the years they are allegedly committing
fraud. This suggests that these disclosures are likely related to commitment of the fraud

itself.

Panels B and C of Table [5| show that fraud profile similarity is robust at the 1% level
for both large and small firms. We also continue to find that industry similarity is not
significant. We thus focus our attention on fraud profile similarity for the remainder of
our study and conclude that fraudulent firms produce verbal disclosures that have a strong

common component that cannot be explained by industry, size and age (ISA peers).

Although these results are stark, they do not strongly rule out any of our hypotheses.
For example, they are consistent with potential strategic disclosure (H1 and H2) during
fraud years. They also are consistent with institutional review mechanisms (H3). However,
it should be noted that our findings do not support the auxiliary prediction of H3 that

fraud scores will remain high after the years fraud is committed given that fraud detection

9The implied Tobins ¢ and profitability of peers is particularly well-suited to control for economic
conditions facing the firm in this setting as these are the conditions implied by the disclosure itself.
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typically occurs much later.

Finally, the results remain consistent with economic conditions (H4). This explanation,
however, is less persuasive on the margin because the regression specifications explicitly
control for a number of proxies for economic conditions, i.e., firm and year fixed effects

plus the implied economic conditions of firms with similar profitability and Tobins q.

Panel D, shows that our results remain robust during the out of sample period from
2002 to 2008. This test is particularly stringent, as the sample is smaller, and the impact
of firm fixed effects on remaining degrees of freedom is more extreme. Nevertheless, the

fraud similarity variable remains significant at the 5% level with a t-statistic of 2.31.

In Panel E, we further challenge our specification by including four additional control
variables: restatements, litigation, uncertainty and mergersm Although we do not display
the coefficients for these variables in Panel E to conserve space, we do report the full set
of coefficients in Table Al of the Online Appendix of this study. The inclusion of these
particular variables in Panel E raises the bar for our tests as it examines whether our
results are potentially due to narrower effects that have been documented in other studies.
The results in Panel E show that our results are highly robust, as the t-statistic for fraud

profile similarity is roughly equal in Panels A and E.

Panel F shows that our results are also robust to replacing firm fixed effects with less
stringent SIC-2 industry fixed effects. Not surprisingly, the results are stronger. This
indicates that although our results are primarily driven by within-firm variation, variation

across industries also goes in the same direction, further supporting our key hypotheses.

Table [6] uses the same framework as Table [5 except that we consider the future AAER

10The restatement words variable is logarithm of one plus the number of times the word “restatement”
appears in the firm’s MD&A section of the firm’s 10-K text. The litigation dummy is the logarithm of one
plus the number of times the word “litigation” appears in the firm’s MD&A section of the firm’s 10-K text.
These two controls are intended to maximize their ability to explain our results given that we report later
that these particular words are significantly related to post-AAER firms. We control for uncertainty using
the standard deviation of monthly stock returns from the previous year, and we also include a dummy
that is equal to one if the given firm-year observation does not have adequate CRSP data to compute this
variable. The acquisition dummy is one if the firm was an acquirer in a merger, or in an acquisition of
assets transaction from SDC Platinum, in the previous year.
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dummy (a dummy that is one if the firm will be involved in an AAER in the next fiscal
year) as an explanatory variable instead of the actual AAER dummy. As a result, we
are implicitly testing if fraud similarity is elevated in the year prior to the fraud period.
This allows us to test hypotheses predicting that disclosure will strictly relate to the act of
committing fraud, and not to passive long term firm characteristics. We thus expect that

the results should be substantially weaker than those in Table

[Insert Table [6] Here]

Table [6] shows uniformly weak and statistically insignificant links between fraud profile
similarity and the future AAER dummy. These results are thus much weaker than those
in Table [5l This reinforces the graphical depiction of the average fraud score in Figure
which shows that fraud scores are close to zero prior to the fraud period. We conclude that
our evidence in Table [5 is strongly linked to the years that firms are allegedly engaged in

fraud and our results cannot be explained by passive long-term firm characteristics.

[Insert Table (7| Here]

Table [7]is similar to Table[6], except we replace the future AAER dummy with the past
AAER dummy. Hence, the dummy identifies firms that have committed fraud in the past,
but are no longer committing fraud. The results of Table [7] are similar to those of Table [6]
in that fraud profile similarity is not positively related to AAERs. In some specifications,
we in fact find a negative link. This finding suggests that, after they are caught, firms
might adopt disclosures that distance themselves from prior bad behavior. One can think
of this result as the “Repentant Manager” hypothesis. Overall, these results further show
that our results are not related to passive firm characteristics, and are unique to firms

allegedly committing fraud.
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5 Content Analysis

The results in the previous section support the conclusion that fraudulent firms have a
strong common component to their disclosure that is unique to the specific years in which
they commit fraud. However, this finding does not provide strong separation of our four
hypotheses. In this section, we consider content analysis using the 75 verbal factors based
on Latent Dirichlet Allocation (LDA) from Ball, Hoberg and Maksimovic (2013). In par-
ticular, we report the key vocabulary themes from LDA that distinguish firms involved in
AAERs from non-AAER firms. By again focusing on a stringent difference-based frame-
work that includes firm fixed effects, the reported results in this section are also based on
within-firm variation. We thus identify the specific verbal topics that appear while firms
are allegedly involved in fraud, as compared to the same firms in the years they are not

involved in fraud.

We also report which verbal themes appear in counter-factual periods: the year prior
to AAER-years and in the year after AAER-years. We then interpret each of the themes
through the lens of our key hypotheses. These tests not only provide evidence that can
support or reject hypotheses, but in addition, they can reveal information concerning the
specific mechanisms through which managers involved in fraud alter their disclosure. We
attribute this testing framework to Ball, Hoberg and Maksimovic (2013), who examine

business change.

We then conduct similar analysis for SEC comment letters. This test is particularly
relevant to examining hypothesis H3. This test is motivated by the role of reviews by the
Division of Corporate Finance of the SEC in reviewing and commenting on verbal disclosure
such as MD&A. This division is tasked with providing comment letters directly to the
issuer when there are concerns, and hence this test of H3 is quite direct regarding whether
our results relate to detection mechanisms in place at the SEC relating to the intake of

disclosure. Under H3, we predict that the thematic drivers of AAERs and comment letters
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should be very similar. If they are sharply different, it is more difficult for H3 to explain

our results.

5.1 Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) is based on the idea that a corpus of documents can be
represented by a set of topics. LDA has been used extensively in computational linguistics
and is replicable. It also does not require researcher prejudgment in that the researcher is
not required to make assumptions about specific topics to be found in the document, or

the associated word distributions.

The approach is commonly referred to as a “bag-of-words” technique because the rela-
tive frequency of words in a document is vitally important but not their specific ordering.
A particular topic can be characterized as a distribution over a common vocabulary of
words where the relative probability weight assigned to each word indicates its relative
importance to that topic. For example, the word “oil” may receive relative high prob-
ability weights in topics that are associated with Manufacturing and Natural Resources.
By contrast, “electric” may have nontrivial probability weights in both topics but have a

relatively higher weight in the Manufacturing topic.

Each document is modeled as a random mixture over these topics. Intuitively, the
weight of each topic that is assigned to a particular document reflects its relative importance
to the document. For example, the MD&A sections of British Petroleum and General
Motors would both be expected to use the word “o0il” but the documents might be expected
to place greater emphasis respectively on the Manufacturing and Natural Resources topics

respectively - both of which place relative high weight on this word.

LDA was developed by Blei, Ng and Jordan (2003) to provide an analytic framework
that allows one to estimate the topic densities from a corpus of documents. We provide only
a brief summary here, and refer readers to these articles for more detail. For our purposes,

LDA is a generalization of factor analysis (used in numerical data) to textual data. LDA
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uses Gibbs Sampling and likelihood analysis and discovers clusters of text (“topics”) that
frequently appear in a corpus. We use the LDA topics from Ball, Hoberg and Maksimovic

(2013), which were generated using the metaHeuristica software program.

LDA generates two detailed data structures. The first data structure is the set of word-
frequency distributions for each topic. For LDA with 75 topics, this data structure contains
75 word lists with corresponding word frequencies. As do Ball, Hoberg and Maksimovic
(2013), we fit the LDA model vocabularies using only the first year of our sample (1997)

to ensure there is no look ahead bias in the regressions that use LDA text.

The second data structure quantifies the extent to which each of the 75 topics is dis-
cussed in individual MD&As. These firm-year variables are commonly referred to as “topic
loadings”. For each firm in each year, LDA provides a vector of length 75 stating the extent
to which the given firm’s MD&A discusses each of the 75 tOpiCSE This data structure is a
detailed summary of MD&A content. It has reduced dimensionality because it summarizes
each document using a vector of length 75, whereas raw MD&As have a dimensionality

exceeding 50,000, which is the number of unique words in the corpus of MD& As.

We use these two LDA-generated data structures to refine our understanding of disclo-
sure during episodes of fraud. In particular, we use the highest frequency commongrams
to provide labels for the 75 topics. A “commongram” is a set of two or more contiguous

words that appears with high frequency in the corpus.

We then use the panel data containing the 75 numeric topic loadings for each firm in
each year, and estimate regressions to infer which of the 75 verbal topics are most related to
abnormal disclosures during periods of fraud, relative to disclosures the same firms make

during years they are not allegedly committing fraud. The topics that are significantly

1 Generating the database of topic loadings is achieved by projecting the distribution of text for any
given MD&A on the 75 vectors representing the distribution of text for each of the topics. See Ball, Hoberg
and Maksimovic (2013) for details regarding this regression-based approach. Because LDA generates topics
reflecting nearly orthogonal clusters of vocabulary, this projection is not susceptible to multi-collinearity
and we implement the procedure using this simple approach. This allows us to build a database of topic
loadings for our entire sample 1997 to 2011 using the topic vocabularies from 1997 as discussed above.
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different can then be interpreted and discussed regarding their potential consistency with

our central hypotheses.

5.2 LDA Content Analysis in AAER-Years

Table [§] displays the results of 75 regressions that treat each of the LDA topic loadings as a
dependent variable. We control for year and firm fixed effects, and we focus on the AAER
dummy as the independent variable of interest in the first column. We run analogous tests
for the pre-AAER dummy and the post-AAER dummy to create the second and third
columns. This allows us to examine which topics AAER firms uniquely disclose or under-
disclose during periods of fraud. Strong results are those that are statistically significant
in the first column, and that are not significant with the same sign in the second and
third columns. All standard errors are clustered by firm. Because we control for firm fixed
effects, all reported links between fraud-years and LDA factors are conservative and based

on within-firm identification.

[Insert Table (8| Here]

The table shows that twelve of the 75 topics are significantly linked to AAER years.
These twelve themes are abnormally disclosed by firms involved in fraud relative to the
same firms in non-AAER years. A negative coefficient indicates under-disclosure, and a
positive coefficient indicates abnormally high levels of disclosure. We note that each topic
is well-described by its machine-generated commongram labels as displayed in the first col-
umn. These commongram topic labels are generated automatically by the metaHeuristica
software (as provided by Ball, Hoberg and Maksimovic (2013)), and are thus not subjected
to researcher prejudice. We also note that finding twelve significant topics, some significant

at the 1% level, is well beyond what one would expect by chance for 75 topics.

We next interpret the results. The first topic, which includes “offsets” and “primarily

9

due”, is a performance attribution topic. The table shows that fraudulent firms disclose

less of this attribution text, and thus provide fewer details that would help a reviewer to
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evaluate the drivers of the firm’s performance. This result is especially consistent with H1,
suggesting that firms might provide less attribution text to increase the cost of detecting
the fraud. This result might also be consistent with Hypothesis H3 (institutional reviewing
methods) if reviewers place more scrutiny on firms that provide less attribution. Although
the bar is rather high for Hypothesis H4 in this setting, it is also possible that firms in

economic distress also report less attribution text.

The second significant topic focuses on the management team and likely reflects the
firm’s governance. This topic is under-disclosed by fraudulent firms. This result is con-
sistent with H1, H2, or H3. Relating to H1, fraudulent managers might be less willing
to cite their own qualifications, which might be weak relative to individuals that typically
hold managerial positions. As a result, managers might feel that under-discussing these
attributes would reduce the likelihood of red flags. Relevant to H2, managers might strate-
gically omit information about the firm’s weak governance in order to give investors the
impression that the firm is well-governed. Also relevant to H1 and H2, managers commit-
ting fraud might omit information about themselves to avoid associating their own names
with the fraudulent accounting. Regarding H3, the SEC might place more scrutiny on firms
that provide little information about the managerial team. We believe that this finding is
harder to square with H4, as touting the managerial team’s experience would seem equally

relevant in all periods if fraud is not occurring and managerial integrity is less at stake.

We also note that neither of these first two topics are significant for pre-AAER or
post-AAER years in the latter two columns. Along with the firm fixed effect controls, this
finding further reinforces the fact that these deviations from standard disclosure are unique

to firms committing fraud.

The third row shows that firms involved in fraud are less likely to disclose legal pro-
ceedings or bankruptcy issues, yet they discuss legal issues more often in the year after
the fraud is announced. This result is likely due to the fact that firms disclose the fraud

itself after it is made public. Consistent with this view, we note that the most significant
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individual words that are used more after a fraud is announced include a large number
of terms citing the SEC investigation itself (See Table A4 in the Online Appendix to this

paper for this evidence).

The fourth row indicates that fraudulent firms tend to under-disclose information relat-
ing to financial market liquidity and the sufficiency of their funds to meet ongoing liquidity
needs. This result is most consistent with H2 and H4. Regarding H2, it suggests that
managers who commit fraud to improve their odds at issuing equity also under-disclose
liquidity problems to maximize the likelihood of being successful. Regarding H4, poor
liquidity might be an example of poor economic conditions that can motivate firms to
commit fraud more broadly. Because the strategic link between fraud and the ability to
secure capital at favorable rates is a common theme in the existing literature (See Dechow,
Sloan and Sweeney (1996), Povel, Singh and Winton (2007) and Wang, Winton and Yu
(2010)), we consider direct tests of H2 in this setting using an exogenous liquidity shock

later in the next section.

The 5th row relates to acquisitions and is consistent with H1, as managers might
focus on complex transactions to increase the cost of fraud detection. Yet this finding
might also be consistent with H3 if mergers attract more scrutiny, and with H4 if mergers
coincide with periods of poor performance. The elevated disclosure relating to product
markets and growth strategies also are potentially consistent with strategic disclosure to
achieve specific benefits (H2), as grandstanding products or future growth can give investors
false impressions of the firm’s prospects, allowing managers to elevate stock prices and
potentially issue equity at artificially low cost. This finding is less consistent with H4, as

higher growth is not consistent with poor economic conditions.

Overall the results of Table[§| provide much clarity regarding the specific disclosures and
mechanisms that drive our empirical results. In many cases, results are potentially con-
sistent with more than one hypothesis. Hence, our results can be seen as strong guidance

for future research, both empirical and theoretical, to assess why disclosures relating espe-
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cially to attribution of performance, managerial characteristics, financial market liquidity,

mergers, and growth strategies might play a role.

We view the results, in balance, as most suggestive of at least some role for strategic
motives (H1 and H2), and also a link to economic conditions (H4). Support for H3 seems
less likely, especially given the next set of tests on comment letters. Also regarding H4,
the most likely economic conditions that might be linked to fraud would include challenges
relating to financial constraints and the possibility of slowing growth. In turn, because
fraud is by definition strategic, the boundary between H4 and the strategic hypotheses
H1 and H2 is not perfectly black and white, and a combination of these factors might be
at play. These broad findings support consideration of more specialized tests, which we

consider next.

In Online Appendix Table A5, we separately report results for revenue AAERs and
expense AAERs. We briefly summarize the results here. Although power is lower for these
events, we find that firms committing revenue fraud under-disclose attribution text, liti-
gation and financial market liquidity, and over-disclose information about total revenues
relative to non-fraud peers. These results are consistent with stock market investors focus-
ing on revenue performance for high growth firms. Such firms have incentives to grandstand
their revenue performance, and to potentially conceal liquidity issues. These results also
might be consistent with economic conditions in the form of financial constraints and slow-
ing growth. Regarding expense fraud, firms under-disclose information relating to efforts
to reduce costs, economies of scale, and cost cutting in general. They also over-discuss

issues relating to research and development, and new products.

5.3 Comment Letters

In this section, we examine the key topics related to the issuance of comment letters by
the SEC. In particular, we compare these results to our AAER results. We use the same

methodology as in Table [§] This test allows us to more directly challenge hypothesis H3,
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which predicts that our above results for AAERs are driven by institutional features of
the regulatory review process. Because the comment letter review process is the primary
way that verbal disclosure is evaluated by the SEC, this test is quite direct. H3 predicts
that the topic themes that dominate our AAER tests should be the same as those that

dominate our comment letter tests.

We consider the universe of comment letters from Audit Analytics for which a comment
letter was written that referred to the content in the MD& A Section of the 10-K. This data
is available from 2005 to 2008. Despite this shorter sample, we have adequate power to
examine verbal themes because comment letters are far more common (18.3% of our sample
firms) than AAERs (1.5% of our sample). Nevertheless, we acknowledge that the smaller

sample size here is a limitation.

[Insert Table [9] Here]

Table [9] displays the results of these tests. The table shows that among the five topics
that are significantly related to comment letters, only two overlap with the twelve topics
that are significant for AAERs. This level of overlap is rather modest, and thus provides
only modest support for H3. The two topics that do overlap suggest that firms that exces-
sively disclose information about new products, and firms that under-disclose information
about governance and the managerial team, are both more likely to receive a comment

letter and also be involved in an AAER.

Overall, the fact that comment letters and AAERs appear to be distinct from a verbal
content perspective, indicates that H3, at best, explains only a small fraction of our results.
The most plausible link to H3 is the governance and managerial team topic. However, this
specific topic might also relate to other hypotheses, as discussed earlier. In all, the rather
modest results for H3, along with the fact that Dyck, Morse and Zingales (2010) find that
SEC reviews likely account for very little fraud detection (employees and the media being

more relevant), suggest that H3 likely explains little of our results.
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5.4 Fog Index

In this section, we test the hypothesis, relating to H1, that managers use language that
is difficult to read in order to obfuscate their disclosures. We compute the Gunning Fog
Index for each firm’s MD&A in each year, and consider regressions analogous to those in
Table [5| where the Gunning Fog Index is the dependent variable. Under H1, we expect the

AAER dummy to be a positive and significant predictor of the Gunning Fog Index. The

#Hwords + #complexwords
#sentences #Hwords

formula for the Gunning Fog Index is 0.4]

|, where complex words
are those with three or more syllables. We also consider the Automated Readability Index

and the Flesch Kinkaid Index for robustness.

[Insert Table (10| Here]

The results are reported in Table The results in Panel A, which are based on the
AAER year, reject the hypothesis that managers use complex text when they are involved
in AAERs. In contrast, for two of the three indices, the AAER dummy is negative and
significant. Interestingly, the coefficient becomes positive and significant only in Panel C,
which is based on the post-AAER year. The likely explanation is that once the AAER
becomes public, firms disclose the legal implications of the AAER itself, and the use of
legal jargon likely increases the difficulty of reading the document and hence the various

fog indices.

Overall, these tests reject the specific hypothesis relating to H1 that firms use complex

language to obfuscate the interpretation of their disclosures.

5.5 Individual Words

As an additional robustness examination, we identify the individual words that are used
more aggressively by AAER firms. These words are identified based on word-by-word tests
of differences in each word’s relative usage among AAER firms versus non-AAER firms.

The details of this analysis are not reported here but are available in Table A2 of our
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online appendix. Table A2 shows that AAER years are often linked to restatements, which
indicates a history of poor accounting beyond the AAER itself. We also observe that AAER
firms disclose more information about acquisitions and international vocabulary including
region and country names such as Africa and Brazil. It is possible that more difficult to
trace international transactions might facilitate fraudulent accounting. Firms involved in
AAERs also disclose more vocabulary indicative of uncertainty and speculation: “believe”,

“feasibility”, “fluctuating”, and “instability”.

Our general conclusion, however, is that individual words are more difficult to interpret
than are the results for LDA discussed previously. This comparison thus highlights how
word-clustering methods like LDA can add clarity to content analysis. We also report
single word results for pre-AAER and post-AAER firms in the Online Appendix tables
A3 and A4. These tables also confirm that AAER years are unique. Table A4 confirms
that firms involved in AAERs disclose information about the AAER itself after the AAER
investigation is made public. We also present a list of the top 25 most representative

AAERs in Table A6, which lists the AAERs that have the highest fraud similarity scores.

6 Equity Market Liquidity

In this section, we examine the link between fraudulent firm disclosure, equity market
liquidity and equity issuance. These tests examine the specific hypothesis that managers
might commit fraud to get access to an artificially lower cost of capital (see Dechow, Sloan
and Sweeney (1996), Povel, Singh and Winton (2007) and Wang, Winton and Yu (2010)).
We consider whether, following exogenous negative shocks specifically to equity market
liquidity, managers are more likely to commit fraud and to produce disclosure with a

higher fraud similarity score, potentially to inflate their odds of issuing equity.

We consider the Edmans, Goldstein, and Jiang (2012) forced mutual fund selling shock
as an exogenous negative shock to equity market liquidity. As this measure of forced mutual

fund selling is not sector-specific, and only affects equities, it is a direct shock to equity
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market liquidity. The authors also find that the effects of this shock can be moderately long
lasting, perhaps one to two years. We examine regressions in which the dependent variable
is the fraud profile similarity score or the AAER dummy, and the mutual fund selling shock
is a key independent variable. If improving the odds of issuing equity is a strong motive for
fraud that drives the common verbal disclosures made by fraudulent firms, the prediction
is that negative shocks to equity market liquidity should result in increases in the fraud
profile similarity score and the AAER dummy. This prediction arises from the assumption

that the incentive to commit fraud increases when liquidity conditions deteriorate.

[Insert Table 11| Here]

The results are presented in Table Panel A (industry and year fixed effects) and
Panel B (firm and year fixed effects). Both panels support our prediction that negative
shocks to equity market liquidity, through the lens of the mutual fund selling instrument,
lead firms to produce disclosure with higher fraud profile similarity scores. Moreover, the
same firms are more likely to be involved in an AAER in these years. These results are

highly significant and robust to both industry and firm fixed effects.

In panel C, we examine regressions in which the dependent variable is equity issuance,
and the key independent variable is the fraud profile similarity. As indicated in the first
column, we consider equity issuance measured two ways: Compustat equity issuance/assets
and SDC Platinum public SEO proceeds/assets. Our hypothesis is that if fraudulent
disclosure is made to inflate the odds of issuing equity, and if the market is not fully aware

of this link, then increased fraud profile similarity should predict more equity issuance.

We note, however, that these panel C regressions are only suggestive, as the link be-
tween disclosure and equity issuance is potentially endogenous. We are not aware of any
instruments for increased fraud profile similarity disclosure that are unrelated to liquidity.
The results are consistent with the conclusion that firms with high fraud profile similarity

issue more equity than firms with lower scores. Overall, our results in Panels A and B
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suggest a potential causal link between poor equity market liquidity and elevated levels of

fraud profile similarity. Panel C is consistent with a non-causal link to equity issuance.

7 Conclusions

We consider four hypotheses predicting common disclosures in the MD&A Section of the
10-K among firms committing fraud. The first two relate to strategic disclosure (to conceal
fraud, or to achieve fraud-driven objectives). The third relates to whether the process of
fraud detection used by institutions such as the Securities and Exchange Commission, which
can also generate observed common disclosures. The fourth relates to whether common
economic conditions faced by firms committing fraud. In many regards, these hypotheses

are empirically indistinguishable.

We first examine if firms committing fraud produce disclosure that (1) is highly similar
to industry peers or (2) that is different from industry peers but similar to other firms
committing fraud. Our results strongly favor the second conclusion, and we find that
similarity to a cluster of vocabulary unique to firms committing fraud strongly predicts
observed fraud both in sample and out of sample. The results are economically large, as
being in the lowest decile regarding a firm’s use of this vocabulary predicts fraud at a
rate of 0.5%, and being in the highest decile predicts fraud at a rate of 3.5% overall. In
contrast, we do not find support for the conclusion that fraudulent firms cluster strongly
with industry peers. These results are particularly striking along one dimension. We find
results for firms involved in AAERs even when compared to the same firms before and
after the AAER. These results suggest that disclosures are revised materially as a firm
evolves from a pre-AAER firm, to a firm involved in AAER actions, and to a firm that has
been revealed as allegedly committing fraud. Content analysis reveals much granularity

regarding the discussions firms disclose over this cycle.

Having established the presence of a strong common verbal signature among fraudu-

lent firms, we turn our attention to content analysis to refine our ability to test the four
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aforementioned hypotheses. These tests reveal a link between fraudulent firms and the
under-reporting of managerial characteristics, financial liquidity, and text that explains
performance in detail. In contrast, fraudulent firms over-report mergers and acquisitions,
new product introductions, and growth strategies. These results reveal specific mechanisms
that drive common verbal content among fraudulent firms, and greatly reduce the set of
specific hypotheses that can explain our results. They also provide motivation for future

researchers, theoretical and empirical, to further assess these channels and their roots.

We note three additional findings. First, we find little overlap in the verbal content
of firms involved in AAERs and those receiving comment letters from the SEC indicating
problems with a firm’s MD&A. Second, we find no positive link between various fog indices
and the nature of verbal disclosure by fraudulent firms. Third, we find that negative
exogenous shocks to equity market liquidity are associated with increased incidence rates

of fraud, and also increased use of the vocabulary that is common among fraudulent firms.

Overall, our findings provide least support for the conclusion that our results are driven
by details in how fraud is detected by institutions like the SEC (H3). We also find no
support for the conclusion that managers strategically use either excessively complex text
or that they herd with industry peers to increase the cost of detection (H1). Our results are
most consistent with strategic disclosure to achieve fraud driven motives such as attaining
an artificially low cost of capital (H2), and also with a potential role for economic conditions
faced by fraudulent firms generating common disclosures (H4). The specific economic

conditions that might matter most are financial constraints and slowing growth.
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Table 1: Summary Statistics

Summary statistics are reported for our sample of 49,039 observations based on annual firm observations from 1997
to 2008. The AAER dummy is one if an AAER action indicates that the firm was involved in fraudulent activity in
the the current year. The industry similarity score is the raw cosine similarity of the given firm’s MD&A disclosure
and that of its industry-size-age peers. These peers are identified by sorting firms in each two digit SIC code first
into above and below median firm sizes, and then into above and below median firm ages for each group. Median
size and age are computed separately for each year. A higher figure indicates that the given firm has disclosure that
is highly similar to its industry peers. To compute the fraud similarity score, we first compute each firm’s abnormal
disclosure as its raw disclosure minus the average disclosure of its industry-size-age peers. The fraud similarity
score is then the cosine similarity of the given firm’s abnormal disclosure and the average abnormal disclosure of all
firms involved in AAERs in the sample period 1997 to 2001. We use these earlier years of our sample to identify
the vocabulary of firms allegedly committing fraud so that we can consider out of sample analysis for the later
years in our sample 2002 to 2008. Log Sales is the natural logarithm of Compustat sales. Operating Income/Sales
is Compustat operating income before depreciation scaled by sales. R&D/sales and CAPX/sales are Compustat
values of R&D and capital expenditures scaled by sales. All ratios are winsorized at the 1% and 99% level, and any
values of operating income/sales less than minus one are set to minus one.

Std.
Variable Mean Dev. Minimum Median Maximum

Panel A: Data on Payout Status and Cash Holdings

AAER Dummy 0.015 0.120 0.000 0.000 1.000
Industry Similarity Score 0.667 0.080 0.410 0.671 0.839
Fraud Similarity Score 0.002 0.077 -0.191 -0.002 0.251
Log Sales 4.917 2.127 0.001 4.866 12.326
Operating Income/Sales -0.006 0.353 -1.000 0.081 0.703
R&D/Sales 0.190 0.770 0.000 0.000 11.230
CAPX/Sales 0.123 0.345 0.000 0.037 9.276
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Table 3: AAER Timeseries Statistics

The table reports time series statistics for our sample of 49,039 observations based on annual firm observations
from 1997 to 2008. The AAER dummy is one if an AAER action indicates that the firm was involved in fraudulent
activity in the the current year.

Number Number of Fraction
AAER Firm Firms in AAER Firm

Row Year Years Sample Years

1 1997 28 4670 0.006

2 1998 48 4663 0.010

3 1999 80 4727 0.017

4 2000 110 4647 0.024

5 2001 125 4406 0.028

6 2002 104 4173 0.025

7 2003 80 4009 0.020

8 2004 68 3915 0.017

9 2005 46 3522 0.013

10 2006 17 3396 0.005

11 2007 10 3420 0.003

12 2008 4 3491 0.001
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Table 4: AAERs versus Fraud Similarities and Industry Similarity Deciles

The table displays decile statistics for our sample of 49,039 observations based on annual firm observations from
1997 to 2008. Within each year, firms are sorted into deciles based on their fraud similarities (first two columns)
and based on their industry similarity scores (latter two columns). The fraction of firms involved in AAERs is then
reported for each decile group. See Table [1| for the description of our key variables.

Fraud Fraction Industry Fraction
Similarity AAER Firm Similarity AAER Firm
Decile Score Years Score Years
Panel A: Full Sample (1997-2008)
1 -0.124 0.005 0.514 0.010
2 -0.076 0.007 0.585 0.012
3 -0.050 0.008 0.617 0.012
4 -0.030 0.011 0.641 0.012
5 -0.011 0.010 0.662 0.012
6 0.007 0.011 0.682 0.015
7 0.027 0.014 0.702 0.017
8 0.050 0.020 0.724 0.013
9 0.081 0.023 0.750 0.017
10 0.147 0.037 0.792 0.027
Panel B: Out of Sample (2002-2008)
0 -0.112 0.007 0.519 0.009
1 -0.069 0.008 0.587 0.008
2 -0.045 0.009 0.616 0.008
3 -0.026 0.014 0.639 0.009
4 -0.010 0.012 0.657 0.010
5 0.007 0.010 0.676 0.013
6 0.024 0.008 0.696 0.016
7 0.044 0.018 0.718 0.011
8 0.070 0.017 0.745 0.018
9 0.129 0.022 0.789 0.024

40



861°0 (99°2) (sv'2) (s761) (¥9°2) (ez'11) (Lz9-) (¥0'1)
arL6 000°0 100°0 800°0 €000 600°0 €10°0- €000 Ayurerrung Ansnpur (g1)
1€0°0 (gz'1-) (eev1) (12°2) (gz'z-) (80°9) (12'1) (00°6)
avL6Y 000°0- 900°0 100°0 €00°0- 7000 €00°0 670°0 ‘wig o[goid pnex (I1)
m.wuwh.m. \Mme:;wv:.N Qwss m.ﬁuw..hﬁm S.:\r&. wuﬁwgwm 93& .d\ Nwﬁdm SO QSGW ..RN. ngﬁﬁN
(90°¢) (122-) (£9'8) (Le2) (89°¢) (12%-) (82°0)
6£0°67 100°0 100°0— 800°0 7000 €000 0100~ €00°0 Ayurerruug Anysnpur (07)
(67°¢-) (eL11) (9g'%) (627g) (ge'1) (9°0) (92'9)
6£0°67 100°0— €000 7000 7000 100°0 2000 620°0 ‘ung e[yoid pneif (6)
%NDL%\SQU NG\Z\QH&H@E@Q ﬁﬁﬁx ﬂ;c nvx Nm\g@m sSD wsﬁm ..m Nw\g@m
(o¥'1) (6%'2-) (08°g) (zL'2) (Lve) (9g7¢-) (v'1)
926°GT 000°0 200°0- 600°0 800°0 €000 ¥10°0- 800°0 Ayurerruag Ansnpur  (8)
(cTe-) (e0%) (01°2) (g6'1) (1e°1) (99°1-) (1£°2)
926°GT 100°0— €000 €00°0 7000 2000 900°0— ¥10°0 ‘g e[yoid pneif ()
filjug suvag ajdwng fo O INq ‘Y (PuDJ D 2WDS (T ]PUDJ
(9v°2) (8¢'1-) (LL°8) (¢8°2) (66°€) (e1°9-) (60°T)
91Gv¢ 000°0 000°0 1100 €000 ¥00°0 L10°0~ 800°0 Ayurerruag Anysnpur  (9)
(zo'e-) (z6°L) (g6°¢) (¥8'1) (90°1) (97°1-) (¥9¢)
91SVe 100°0— €00°0 €000 €00°0 100°0 ¥00°0— 1€0°0 ‘wig o[goid pnery ()
DUN:Q wNNm ELsr»N. ﬁ@.sﬁ@g Smem ..U wwgdl.
(ge'1) (88'2-) (9z°2) (zg0-) (ze'0-) (17°0-) (e1°0-)
€T8Ve 000°0 100°0— ¥00°0 2000~ €00°0— €000~ 100°0- Ayurerrung Ansnpur ()
(v1'z-) (L£°8) (9.%) (8¢€) (67°2) (Lg€) (€6'7)
€T8VT 100°0— ¥00°0 800°0 z10°0 9700 020°0 920°0 ‘wig o[goid pnery  (g)
\wwﬁ\g wN.sm. EL@RN :G.swwwg wz\oeﬁx ..m. ngﬁl.
(88°2) (9'z-) (1%°6) (ze'2) (98°¢) (L87-) (L2°0)
6£0°67 000°0 100°0— 600°0 7000 €000 z10°0- €00°0 Ayurerruug Ansnpur  (g)
(99°¢-) (€9'11) (9z°9) (89°2) (ov'1) (t0°0-) (8g9)
6£0°67 100°0— €000 €00°0 7000 2000 000°0 620°0 ‘ung e[yoid pneif (1)
NNQENQW m«L.sﬂ\Z\m ..vx Nwﬁﬁm
'sqO sares/10 O suiqog, soleg soreg/ soreg/ sareg/ Awwun g J[qeLIRA MOY
porduug parduy So1 XdVD azy awoou] qavv juapuada(]
1004 190 Suryered(
VAN VAN

'$109]J0 Poxy A1IsSnpul g-)IS YIm $109[Jo Paxy wiay oy seoe[dal Ing y [aue UT 1599 oY) syeadol J [ourd "(SIUSIOJE0D 9S0Y) JO uorjejussald oy

10y xtpuaddy aur[uQ 9y} 99s) 9oeds SAIISUOD 0} SJUSIDJO0D [RUOIHIPPE 9y} 110do1 J0U Op oM ‘[9POU BY) UT SA[C[RLIRA 9SOY) SPN[OUI oM YSNoy)y ‘Awrunp uorpismboe ue pue ‘Ajurerrsoun
anduros 09 vyep JSHD 2Yenbopeur 10J [01)U0D © ‘AJUTRLISOUN I0J [OIJUOD © ‘O[eLIeA UOIIRSI ® ‘O[RLIBA JUSWII)RISOI © (1X0) SUISN PaINSeow I9339q 9] ST ey} JNq SAIPNIS IS0

Ul POJUSTINIOP U SARY JeY} )02 JIOMOIIRU 0} NP I S)MNSI INO IS 1Ym SUISUS[[eTD je pawle S9[eLIeA [0IJU0D [RUOI)IPPE 991} SPPe JNq Y [dUeJ Ul 3s9) a1 syeadar 5] [oueq ‘Ieak
QUO UI ULIY 9UO SI UOTJRAISSqO dU(Q) TO0G O L66T WOl sjduresqns Ial[Ies oy} SuIsn A0 pajyy st Ajire[iuats pnelj 9yndurod 01 pasn AIe[nqedoA aseq a1} asnedaq ajdures Jo Jno aIe s1so9
989y ], "800C 0% Z00Z WOIJ SUOIIRAISSCO ULIY [eNUU® 9g6'Gy Surpnpoul porrad ajdures jo 9no Ino I10j A[Uo Jnq Y [ouRJ Ul 3593 o3 syeadal (] [pURJ 'Y [oUed UI [opow aul[aseq oy} Surpredal
$1S99) SSOUJSNOI SNOLIRA IOPISU0D J 0} (] S[oued ‘(Ieak UWOAIS oy} Ul WLIY USAIS oY) JO jey) pue Y29\ 10U} U0om1aq AJLIR[IUIIS dUISOD 1soUSIY oY} YIIM OSOT[} oIe SULIY Ud) 9S9Y)) ULIY
UOATS 9} 07 IR[IWIIS 1SOUL 9IR 1B} SUOII0S V2PN UM SWLIY U9} 9Yj 10J so[eg/owoou] Suijerad() pue ) suiqo], a8eioar o1} 10] S[0IJUOD SPN[OUl A[[RUOIIPPR oM ‘Y29 IN S WY UAIS

® Ul UOTYRULIOJUT S} [}IM POJRIDOSSE SUOIIPUOD DIUWIOUO0IS dY} I0J [0IJU0D OF, "Iedk JUSLIND 8} Y} Ul AJIAIIOR JUS[NPNEI] Ul PIAJOAUT SBM ULIY S} Jey[} S9YedIPUl UOIjoe VY UR JI SUO SI
pue 1seI19qul Jo o[qerrea Areurtid Imo s Awump YHVY YT, so[qeirea £33 mo jo worydirossp o) 10J[T] 91qeR], 998 'sesoyjuared UI oIe SOTISTIRIS-} PUR WIY A POISIST]D I8 SIOL PIRPUR)S
‘S[ouR [[€ 10, PoJeOIPUI S MOI A( SOLIeA PU®R I-OT S} UI SINSO[ISIP S, IedA-ULIY © UO Paseq sI d[qerreA juepuadap oY ], 'SI090 PaxXy WY pue Ieak [)jlm PIJRUI)Sd It SUOISSaISaT
aurpeseq 9saY ], ‘800G O L66T WOIJ SUOTJRAISSCO UL [BNUUR UO PIse( SUOIIBAISSCO IRIA-ULIY 6L0‘6 JO o[dures Ino Ioj suolssailar Gy ourfeseq Ino syrodal a[qe) o) ‘0 01 Y s[urd Ul

(reof-{ YV ) SUOISSOIZY] 9UW02IN() dINSO[ISI(] G O[R],

41



861°0 (¥9°2) (sv'z) (¥g°6T) (¥9°2) (gz'11) (8z°9-) (¢1°0°)
arL6 000°0 100°0 800°0 €000 600°0 €10°0- 100°0- Ayrreqrung Ansnpup (g1)
6z0°'0 (9g'1-) (8¢¥1) (862) (¥1°2°) (20°9) (¢1°1) (¥e'1)
avL6Y 000°0- 900°0 100°0 €00°0- 7000 200°0 010°0 ‘ung o[goid pneif (I7)
m.wuwh.m. \Mme:;wu:N Qwss m.wow..hﬁm S.:\r&. QU‘ENQMMN 93& .d\ wwﬁd& SO QSGW ..RN. wwgﬁﬁN
(90°¢) (0L'z-) (L9'8) (se'2) (69°¢) (1z%-) (¥e0-)
6£0°67 100°0 100°0— 800°0 7000 €000 0100~ 200°0— Ayrreqrung Ansnpup (0T)
(9g°¢-) (6L°1T) (19°%) (¥8°2) (se'1) (65°0) (zz'0)
6£0°67 100°0— €000 7000 7000 100°0 100°0 100°0 ‘ung e[yoid pneif (6)
%NOL%\SQU NG\SQHSH@NUNUQ ﬁﬁﬁx ﬂ;e nvx Nm\g@m sSD wsﬁm ..m Nm\gﬁm
(0%'1) (L¥'z) (z8°9) (¥2°2) (Lv2) (Lg7¢) (8£°0-)
926°GT 000°0 2000~ 010°0 800°0 €000 ¥10°0- 9100~ Arreqrung £nsnpup  (g)
(eT'e-) (90%) (61°2) (00°2) (ze'1) (69°1-) (50°0)
926°GT 100°0— €000 €00°0 7000 2000 900°0— 100°0 ‘g e[yoid pneif ()
Q&QQ supaf 2jdwng fo wﬁO\ 9ydwng aurus :( ]Pund
(9v°2) (69°1-) (€8'8) (L8°2) (00°%) (s1°9-) (z1°0)
91Gv¢ 000°0 000°0 1100 €000 ¥00°0 L10°0~ 100°0 Ayrreqrung Ansnpup  (9)
(co'e-) (06°L) (01'%) (06'1) (60°1) (zg'1-) (6€0-)
91GVe 100°0— €00°0 €000 €000 100°0 ¥00°0— S00°0— ung o[goid pneiy ()
DUN\Z\Q wNNm ELsr»N. ﬁ@wﬁ@g Smem ..D wwgdl.
(se'1) (68'2-) (gz'z) (zg0-) (ee'0-) (7o) (17'1-)
€T8Ve 000°0 100°0— ¥00°0 2000~ €00°0— €000~ 0100~ Ayrreqrung Ansnpup  (§)
(cez) (99'8) (96'%) (19°¢) (18°2) (gg°¢) (z1°0-)
€T8VT 100°0— ¥00°0 600°0 €100 Lv0°0 020°0 100°0— ‘ung o[goid pneif (g)
\S\EQ wN.sm. EL@RN :G.swwwg wz\ocﬁx ..m. NQQ\BHN
(88°2) (9'z-) (g7'6) (ge2) (28°¢) (L8%-) (12°0-)
6£0°67 000°0 100°0— 600°0 7000 €000 z10°0- ¥00°0— Arreqrung Ansnpup  (g)
(eL¢-) (89'1T) (gg°9) (L2°2) (e7'1) (L00-) (81°0-)
6£0°67 100°0— €000 €00°0 7000 2000 000°0 100°0— ‘ung e[yoid pneif (1)
NNQENU»W wL\.s“\Z\m ..vx Nwﬁﬁm
'sq0O sares/10 O suiqog, soleg soreg/ soreg/ sareg/ Awwun g o[qelIRp MOY
porduug parduy So1 XdVD azy awoou] qavv juapuada(]
100 1004 Suryered(
VAN VAN

'$909]J0 Poxy A1Isnpur g-OIS YIm s109[Jo Paxy wily ayj sooe[dal Ing Y [oueJ Ul 1599 oY) syeadol J [ourd "(SIUSIOIJ0d 9s01) Jo uorejuesard ayj 10j Xipueddy aurtuQ

9y} 99s) 9deds 9AISSUOD 0} SJUSIDLJO0D [RUOIHIPPE Y} 110dol J0U Op oM ‘[9POUT ST} UI SO[(RLIRA 959U} OPN[OUT oM YSnoyly ‘Awwnp uoryismboe ue pue ‘Kjurerrssun ojndurod oy eyep
dSYD eryenbopeur 10J [013U0D © ‘AJUIRIISOUN IOJ [OIJUOD B ‘O[RLIBA UOIIRSII B ‘O[(RIIBA JUSWIOJRISAI ® 11X} SUISN PAINSRIW 10139( 9 JYSIW Ry} N SOIPNIS IOYI0 Ul PIJUSWINIOP USd(
aARY Je() S109]Jo IOMOLIRU O} 9NP IR S} NSl INO I M IUIFUS[[RYD )8 POWIe So[(RLIRA [OI)U0D [RUOI}IPPR 9AY SPPR INg Y [dURJ Ul 159} oY) sjeadal 5 [oUe "Ieak 9UO Ul ULIY SUO ST
UOI11RAIOSqO dU() "TO0T ©0F L66T Woly sjduresqns Io1[Ies o) Susn AJuo pe3jy st Ajre[ruals pneyj ojnduwoo 03 pesn AIR[NJeRO0A 9se( 9} 9snedaq djdures Jo N0 dIe 3893 9s9Y T, "800¢ 0% 00T
WOJJ SUOIIRAISSqO WY [eNUUR 9z6‘Gy Surpnioul polred ajdures Jo No Ino 10j ATUo nq Y [ourd Ul 1593 o) syeadal (J [ourd 'Yy [oURJ Ul [9pOW dUI[eseq 9} JUIPIe3al 159} SSoUISNqol
SNOLIRA I9PISU0D 0} (J S[oued ‘(Ieak UdAIS oY) UT ULIY USALS ) JO Jey) pue Y2\ IOY) Usam)aq AJLIR[IUIIS SUISOD 1S9YSIY oY) 1M 9SOY) oI SULIY Ud) 9S9Y]) ULIY USALS Y} O} IR[IUIIS
1SOUI dIv JeY) SUOIPIRS V2PN UIM SULIY Uo9 o1} I0] so[eg/owoou] Suljerod() pue ) surqo], 98eiose oY) 10] S[OIU0D dpnoul A[[eUONIIpPe oM ‘Y Z9IN S UL USAIS ® Ul UOIJRULIOJUT

a7} )M PIIRIDOSSB SUOIIIPUOD DIWIOUOI 8} I0J [0IJUOD OF, "UOIIRAISSO 9} JO IBdA JULlINd oY} I9jje Ieak oY) o) Ul AIAII0R JUS[NPNERIJ Ul PIA[OAUI SBM ULIY S} JI SUO SI PUR IS8I9)Ul
Jo sqqerrea Arewiad o st AWump YHYY 9ININJ 9], ‘So[qelrea Lo o jo uorpdiosep a1y 10j[T] o[qe], 908 ‘sesotjjuared Ul aIe $219s19e)S-] pUR WY AQ POINSN[D dI8 SIOIIS PIepUR)S
‘sjourd [[® 10 ‘PoIeIIPUl SB MOI A( SOLIeA PUR -0 S} UI INSO[ISIP S, Ie9A-ULIY ® UO Paske( SI a[qeliea juepuadap oY ], 'S109jo PaxXy WLIY pue IdA [}Im PIJRUIISS dIR SUOISSaIZT
aurpeseq 9soYJ, ‘800 0% L66T WO SUOIJRAISSCO UWLIY [BNUUR UO PISE( SUOIIRAISSO IRoA-ULIY GL0‘6Y JO o[dures Ino 10y suorsseidor G oulfeseq Ino syrodea a[qe} ayj ‘O 031 y spued uf

(soInso[asyq YHVV-91d) SUOISSOIS0Y] au0dN() dINSO[ISI(] 9 d[(R],

42



861°0 (¥9°2) (sv'z) (19°6T) (g9°2) (ez'11) (Lz9-) (z9°0)
arL6 000°0 100°0 800°0 €000 600°0 €10°0- €00°0 Ayurerrung Ansnpur (g1)
6z0°'0 (Le'1-) (8¢¥1) (L62) (¥1°2°) (80°9) (91°1) (zo2)
avL6Y 000°0- 900°0 100°0 €00°0- 7000 €00°0 1100 ‘ung o[goid pneif (I7)
m.wuwh.m. \Mme:;wv:.N Qwss m.ﬁuw..hﬁm S.:\r&. wuﬁwgwm 93& .d\ Nwﬁd& SO QSGW ..RN. ngﬁﬁN
(90°¢) (0L'z-) (L9'8) (se'2) (69°¢) (12%-) (¥0°0)
6£0°67 100°0 100°0— 800°0 7000 €000 0100~ 000°0 Ayurerruug Anysnpur (07)
(vge-) (8L°1T) (297) (€8°2) (9g°1) (85°0) (9z°¢-)
6£0°67 100°0— €000 ¥00°0 7000 100°0 100°0 810°0— ‘ung e[yoid pneif (6)
%NDL%\SQU NG\Z\QH&H@E@Q ﬁﬁﬁx ﬂ;c nvx Nm\g@m sSD wsﬁm ..m Nw\g@m
(0%'1) (8¥'z-) (g8'g) (€2°2) (Lv2) (8g7¢-) (8£°0-)
926°GT 000°0 2000~ 010°0 800°0 €000 ¥10°0- G000 Ayurerruug Ansnpur  (8)
(cge-) (vo¥) (12°2) (86'1) (ge'1) (0471-) (16°1-)
926‘GT 100°0— €000 €00°0 7000 2000 900°0— 110°0— ‘g e[yoid pneif ()
Q&QQ supaf 2jdwng fo wﬁO\ 9ydwng aurus :( ]Pund
(9v°2) (09°1-) (¥8'8) (L8°2) (00°%) (s1°9-) (08°0-)
91GV¢ 000°0 000°0 1100 €000 ¥00°0 L10°0~ 800°0— Ayurerruag Anysnpur  (9)
(00°¢-) (68°L) (e17) (06'1) (60°1) (¥e'1-) (8g°z-)
91GVe 100°0— €00°0 €000 €000 100°0 ¥00°0— 920°0— ‘wig o[goid pnery ()
DUN:Q wNNm ELsr»N. Q\B.sﬁmg SQNNQ ..U wwgdl.
(ge'1) (L8'2-) (9z°2) (zg0-) (1€°0-) (17°0-) (L1°1)
€T8Ve 000°0 100°0— ¥00°0 2000~ €00°0— €000~ 800°0 Ayurerrung Ansnpur ()
(ve'z) (g9'8) (96'%) (19°¢) (18°2) (zge) (9g'1-)
€T8VT 100°0— ¥00°0 600°0 z10°0 Lv0°0 020°0 600°0— ‘ung o[goid pneif (g)
\wwﬁ\g wN.sm. EL@RN :G.swwwg wz\oeﬁx ..m. NQQ\BHN
(L8°2) (¥9'2-) (g7'6) (ge2) (28°¢) (L87-) (gz'0)
6£0°67 000°0 100°0— 600°0 7000 €000 z10°0- 100°0 Ayurerruug Ansnpur  (g)
(12°¢-) (89'1T) (ggq) (9272) (e7'1) (60°0-) (o1°¢-)
6£0°67 100°0— €000 €00°0 7000 2000 000°0 810°0— ‘ung e[yoid pneif (1)
NNQENQW m«L.sﬂ\Z\m ..vx Nwﬁﬁm
'sqO sares/10 O suiqog, soleg soreg/ soreg/ sareg/ Awwun g J[qeLIRA MOY
porduug parduy So1 XdVD azy awoou] qavv juapuada(]
1004 190 Suryered(
VAN VAN

'$909]J0 Poxy A1Isnpur g-OIS YIm s109[Jo Paxy wly ayj sooe[dal Ing Y [oueJ Ul 1599 913 syeadol J [ourd "(SIUSIOIJ0d 9s01] Jo uorejuesard ayj 10j Xipueddy aurtuQ

9y} 99s) 9deds 9AISSUOD 0} SJUSIDLJO0D [RUOIHIPPE Y} 110dol J0U Op oM ‘[9POUT ST} UI SO[(RLIRA 959U} OPN[OUT oM YSnoyly ‘Awwnp uoryismboe ue pue ‘Kjurerrssun ojndurod oy eyep
dSYD ejyenboepeur 10J [013U0D © ‘AJUIRIIEOUN I0J [OIJUOD B ‘O[RLIBA UOIIRSII] B ‘O[(RIIBA JUSWIOJRISAI ® 11X} SUISN PAINSLIW 10139¢ 9 JYSIW JRYY) N SOIPNIS IOYI0 Ul PIJUSWINIOP USd(
9ARY JRY) SJ09]J IoMOILIRU O} SNP oIk SJNSSI INO ISIeyM IUISUS[[RYD Je POUIIR S9[(RIIRA [OIJUOD [RUOINIPPR 9211} SPPe JNq Yy [durd Ul 159} oY) sjeadal i [ouRJ 'IB9A 9UO Ul WY 9UO ST
UOI11RAIOSqO dU() "TO0T ©0F L66T Woly sjduresqns Io1[Ies o) Susn AJuo pe3jy st Ajre[ruals pneyj ojnduwoo 03 pesn AIR[NJeRO0A 9se( 9} 9snedaq djdures Jo N0 dIe 3893 9s9Y T, "800¢ 0% 00T
WOJJ SUOIIRAISSqO WY [eNUUR 9z6‘Gy Surpnioul polred ajdures Jo No Ino 10j ATUo nq Y [ourd Ul 1593 o) syeadal (J [ourd 'Yy [oURJ Ul [9pOW dUI[eseq 9} JUIPIe3al 159} SSoUISNqol
SNOLIRA I9PISU0D 0} (J S[oued ‘(Ieak UdAIS oY) UT ULIY USALS ) JO Jey) pue Y2\ IOY) Usam)aq AJLIR[IUIIS SUISOD 1S9YSIY oY) 1M 9SOY) oI SULIY Ud) 9S9Y]) ULIY USALS Y} O} IR[IUIIS
1SOUI dIv JeY) SUOIPIRS V2PN UIM SULIY Uo9 o1} I0] so[eg/owoou] Suljerod() pue ) surqo], 98eiose oY) 10] S[OIU0D dpnoul A[[eUONIIpPe oM ‘Y Z9IN S UL USAIS ® Ul UOIJRULIOJUT

9y} YIIM PaIRIDOSSE SUOI}IPUOD DIUWIOUO0IS 9Y} I0J [0IJUO0D OF, "UOIIRAISSQO 9Y) JO Ieak jualind oy} 0} Iolid Ieak oY) o) Ul AJTAIIOR JUS[NPNRI] Ul POAOAUL Sem ULIY 9} JI SUO SI pur
159107 JO o[qerreA Areurtad mo s Awump YAYY 15ed Y, 'So[qeirea 4% o jo uondrosep o) 10j[T] o[qeR], 098 sesorjjuared UI oIe SOIIS11R)S-) PUR WLIY A POI9IST]D 9Ie SIOLIS PIepue)s
‘sjourd [[® 10 ‘PoIeIIPUl SB MOI A( SOLIeA PUR -0 S} UI INSO[ISIP S, Ie9A-ULIY ® UO Paske( SI s[qeliea juepuadap oY ], 'S109jo PaXy WLIY pu® IdA [}Im PIJRUIISS dIR SUOISSaIZT
aurpeseq 9soY ], ‘800 0% L66T WO SUOIJRAISSCO UWIIY [BNUUR UO PISE( SUOIIRAISSO IRoA-ULIY GL0‘6Y JO o[dures Ino 10y suorsseidor G oulfeseq Ino syrodea a[qe} ayj ‘O 031 Y s[pued uf

(sonsoasIq YHYV-150d) SUOISSOIZ0Y ow00In() 2Insoosi( :) d[qe],

43



(z02) 1110 paIejus jueweaIde ‘surre) juensind ‘QusmIesIde SULI9) ‘pajep JUSILRIde ‘JUouIeslde Palsjus g
(€0'~) STT'0- 1091[s 9ouR[R( ‘SOII[IqRI] sjosse ‘AIqel] josse ‘41sodop s91edOYI1Ied ‘Sojel JSoIaful g
(89°¢) 6220 Jojrenb y1amnoj ‘se8reyd [r1oads ‘SUMOD 9)LIM ‘S9SIRYD SULINGONIISAI ‘98IRYD SULINIONIISAL ()T
(80'z-) €0T°0- (z0°2) 0€1°0 [RUOIIRUIDIUT DISOWOP ‘98URYDIXS ADUSILIND ‘BOLISWR [IOU ‘D3URYDIXS USIeI0] ‘ADUSLIND USLIO) @]
Amm.m-v 611°0- 08®I0A00 9oURINSUI ‘poures swniwoeld ‘swnrwoeld 9duRINSUI ‘U9)ILIm swniwoald ‘@oueinsut o QT
JueWoSeURUI OPRUI S9)RIII)SO JURIYIUSIS
(6€'2-) 8€T°0- sordourid ‘peseq ‘Surjipne pojdesde A[[elousd 9dUBPIOIOR S}IpPNE Pajdnpuod ‘pajdedoe A[[erousld LT
(zg'z-) 8ST°0- [013U0D 93URYD ‘SAIOUSTE JUSUIUISAOS ‘9JR)S [RIOPS] ‘UOIIR[NSI JUSTIUISAOS ‘suoIje[nNdal sme] 9T
(94°2) 61270 $9J0U PajeUIPIONS IOTULS ‘sojou pajeurpioqns ‘sjqeded sejou ‘qunowre [edourid ‘sejou Iomues GT
(g6'2-) 09T1°0- Auedwod s1eod ‘uoryiod [erjuelsqns ‘uoryrod juedyrudis ‘sieok quodal ‘sieok jsed FT
(o1°¢-) S¥T0- Pap1aoid S9DIAISS ‘S99] 90IAISS ‘S99] SUIYNSU0D ‘SOIIAISS SUIYNSUOD ‘S99] 9SUI[ €T
sreaoxdde K1oyef
(z0°2-) 080°0- -nSo1 ‘syuoweSueiIe 9ATjRIOQR[[0D ‘sioujred oArjRIOQR[[0D ‘JuetudO[oAdD UDIRISOI ‘S[RLI} [RIIUID gT
(€0°2) 921°0 ssoursnq 9109 ‘sarjunjrioddo sseursnq ‘A391eI1)s YMoI3 ‘AFogeIls ssaulsn( ‘Ymolrs penuijuod [T
(€0'2”) ¥IT°O- sure8 pozi[eal ‘o[es sured ‘yoeqoses] o[es ‘o[es p[oy ‘ores ures ([
(€9°2) 6¥1°0 (90°2-) 060°0- pred spueplalp ‘spueplalp Aed ‘spueplalp juswided ‘sjuswided [edoutid ‘epew sjuswided @
(F1°2-) 61T°0- SOI}IAIIOR SUIYSOAUT sed ‘paplaoid ysed ‘sjusjearmnbs ysed ysed ‘SMOf Ysed ‘MOj Uysed
(¢2'2) 980°0 suoronpoajur jonpoid ‘spuuryo uorInqLIsip ‘sores jonpoad ‘soul] jonpoid ‘eur] jonpoid ),
(ez'z) L0T1°0 (67°2-) TOT°0- sosuadxe paje[al ‘pajelal sesuadxe ‘sjgeuaq saLIe[es ‘s99) [euolssojord ‘sesuadxe Surjesrewr 9
pojunod
(ov'z-) vero- (19'2) L81°'0  -oe worysinboe ‘uoryisiboe pojoidwod ‘sesseursng paamboe ‘uorjisinboe uordeuuod ‘uoryismboe g
(€9°2-) STT'0- spunj [euOI}Ippe ‘[RUOIIPPe osiel ‘AJpmnbi] se01nos ‘Surueuly [RUOI}IPPE ‘100U JUSIIPNS  §
SIS
(68°2) 2220 Amm.m-v zL1°0- Amb.m-v GRT'0- Arejerrdoad ‘uoryeliy jusws[)les ‘juewIa[ljes UoIeIii ‘panoo Aoydniyueq ‘sSuipssdord [eSe] ¢
(0z'ge-) 961°0- SIOOIPO SI002IIP ‘YUePIsoId 9d1A ‘SIOJIIIP SIODIPO ‘SIOOLO SAINIOXS ‘SIO)IQIIP pIleoq g
(gg'g-) eL1°0- 9seaI09P pasealdep ‘Aflrewrid anp ‘esesldep jespo ‘enp Afurewrid ‘jespo Aqrennred |
s1eok YAVY s1eok YAVVY s1eok YHVV surerduowrto)) o1dog,
-1s0d -01d ur JueIayI([

Ul JuLILyI(]

Ul JuLILyI(]

‘wiy Aq SuLI9)sSNO I10J pajsnlpe os[e oIe so13s19R)S-7 paliodel oy, 'sieak

HAVY 94} 109je 10 0} 1ouid WLy owres o) 0} pareduiod UsAd SYH VYV Ul POA[OAUL SULIY I0J JUSIOPIP A[[eI11SI)e)s oIe o101 pajsi] so1dog juedoyrulis oY) 90US ‘SI00[jo PoxXy IeaA pur S)00[jo
POXT WLIY I0] S[OIJUO0D SPNIIUT SUO0ISSeI3al 9saY ], "(€T0g) dlaowisse]N pue S19qof ‘[[ed Jo XI 9[qR], Ul 19s oY) woij so1do) jueoyruss [9ad] 9,G o1} 10J synsel 110dax A[uo app “A[earioadsar
‘Auump Y yy-oid oy pue ‘Awwump Yy y-1sod oYy ‘Awrwunp YHVYVY oY) U0 passoidol oIe s3UIpro] o1do} IedA-ULIY 9IoYm SUOISSOIZal 10] SO1)sIje)s-7 PUR SJUSIDJo0d SAR[ASIp o[qe) o,
*(suwnjoo omy 9se[) pnely Ul PIAJOAUT 9q 0) paSa[e are Aot} ‘o10Jo( Iedk oY) os[e pue ‘Iojje Ieak o) Ul suLly Ioj sordog jueoyrusis j10dox osfe opp “(suorydrrosa( o1dQT, 199Je Uwnjod 4sIy)
SuoI10R Y VYV Ul POA[OAUL J0U SULI 0} pateduwlod sk SUOljoR YHYVY Ul POA[OAUT SWLIY O} YUI[ 1197} SUIpIedal Juedoyrudis A[[edI1sije)s oq 0} Punoj siojoe [9poJN 21doT, oy} SIS o[qe) oy J,

seTjLIR[IUIIG priel] Sutau( sotdol, VAT 8 o[qRL

44



(z0'2~) 020°0- sreaordde A101e[ngor ‘sjuowoSurIIe OAI}RIOQRI[0D ‘sIoulIed 9AT)RIOR[[0D ‘JuotdO[PAdD YDIR9Sal ‘S[RLI} [RJIUI[D GT
(€0°2) 921°0 ssauisnq 2100 ‘serjunirioddo sseursng ‘A391eI)s YIMOI3 ‘AF9)RI)S SSAUISN( ‘YIMOIS PanuIjuod I
(€0'g) ¥1T°0- sured pozi[eal ‘ofes sured ‘yoegoses] a[es ‘o[es p[oy ‘ofes ured ¢|
(90°2-) 060°0- pred spueplAlp ‘spuaplalp Aed ‘spuopialp juswided ‘syuswided pedourid ‘opew syjuowded g1
(¥1°2-) 61T°0- SOI}IAIIOR SUIYSQAUT [[seD ‘paplaoid ysed ‘sjus(earnbs ysed ysed ‘SMOf Ysed ‘MOf yses T
(67°2-) 2010~ sosuadxoe poje[al ‘pajelal sosuadxo ‘sjouaq solrefes ‘soo) [euolssojord ‘sesuodxe Surjesirewr (T
(1972) 2810 pejunodoe uonysmbor ‘uoryisinboe pajorduwion ‘sassoursng palmboe ‘uorjisimboe uorpoeuuod ‘uoryisimboe g
(€9°2-) SIT'0- spunj [euOI}Ippe ‘[RUOI}IPPe osiel ‘AJpmnbi] s801nos ‘Surueuly [RUOI}IPPE ‘190U JUSIINS  §
(¢L'2-) G8T°0- sy311 Arejoridord ‘uoreS1yI] JULWL[}19S ‘JUDUS[}10s UOIYeTIH] ‘1Inod Adjdnijueq ‘sSuipesdord [eSo]
(gge-) €L1°0- 9SBOIDOP PaseaIdap ‘Afureurtid anp ‘osealdop jospgo ‘enp Afureurtid ‘gespgo Afrenred 9
Aom.m-v 961°0- A@o.m-v v0°0- SIOOIPO SI0ORIIP ‘JUePIsoId 9d1A ‘SIOJIQIIP SIODIPO ‘SIOOLJO SAINIOXS ‘SIOIQIIP pIeoq ¢
(€2°2) 980°0 (e1°2) 0200 suoronpoajur jonpoid ‘spuueyo uorInqLIsip ‘sofes jonpoad ‘soul] jonpoid ‘eur] jonpoid  §
(L1°2) L2070 AIOJUSAUT S]QRATSIDI SJUNOIOR ‘Paniode o[qeArd SJUNOIOR ‘SHUNOIDR [NJIGNOP ‘o[qeded sjUNOIIE ‘D[(RAISIDI SJUNOIDR €
(1€°2) L£0°0 SHUOUIISOAUT ULISY) JI0YS ‘SSUIMOIIOQ WLI9Y 1IOYS ‘}qop wIo) Suo] ‘uirre) Suo[ ‘ULd) 3I0YS g
(6€£'2-) 680°0- 10q0100 9AI1109]Je ‘Taquuajdes aArjoape ‘Anl aa110sye ‘Iequajdes requiejdes ‘Arenuel oArjoepgs |

s1eok YHVVY stk YAVY sureiduowrto)) o1dog,

ur JuaIayI(q

193197 JUSTUIO))

Ul JuLILyI(]

‘g Aq SutIe)sn(d 10j pajsnlpe os[e aIe so19s1pe)s-7 pajiodar oy T, 'sivoh YHVYY 9} I03Je I0 0} Iotid uLIy sures o)

45

09 pareduwod UaAd SYF Y'Y Ul POA[OAUI SULIY I0J JUSISHIP A[[ed1)sIje)s are aI1o1] Pajsi] so1doy jueoyrudis oY) 9OUS] 'S}09Je PaXy Ieak pue S109Jd PaXY ULIY IOJ S[OIJU0D SPN[IUI SUOISSIISAT
asoy ], "(€10g) oraouwisye]N pue 819qoH ‘[[ed Jo X 9[qeL, Ul 90s o1 woy so1dog 1uedoyrusis [9Ad] %G o1 I10] sjnsal 110dax ATuo oA\ “A[earroadsar ‘Awwmp YHVY oY) pue Awrmnp 19199]
JUDUITIOD 9} UO PIssaIfol ore s3urpeo] o1do} 1eaf-ULIl IoTM SUOISSOISI 10] SO1IS1IRIS-7 PUR SJUSIDIJO0D sAe[dsIp o[qe) oy ], "(uwnjod jse[) sSYHYV Ul poajoaul swiy 10j soidoy jueoyrusis
110da1 ose oA AN[Iqe[IRAR @R 19990] JUSUWINIOD O SNP §1$9% I9119] JUSWIWIOD Y} 0] 00Z 03 GOOT SIeak oYy 01 pajornsar st o[dures Q) -(suorpdirsa(q o1do], 199ye UWN[0D 9SIY)

S19799] JUAWITIOD SUTATIIDI JOU SULIY 01 pareduIod SB SI19139] JUSWUIOD SUTATSIDI SULIY 09 UI[ 1187} Surpredar jueoyrudis A[[ed13s19e)s 9 01 PuNoj s103oe] [PPoJN d1doT, 9y} SIsI[ 9[qe) T,

(SYAVY 01 paleduwio))) s19910r] JUSWITO)) YIIM Pajerdossy sotdoT, VAT :6 2[qRL



(zL0) (18°0-) (6£7) (gog) (9271) (68°¢-) (9z°2)

6£0°6% 600°0 010°0— 0620 10€°0 £60°0 ¥29°0— 689°0 xopu] presury] yosold  (6)
(gz'0-) (ege-) (62°0) (00g) (Lz0) (g6°¢-) (¢Lg)
6£0°67 100°0— zT0°0— €100 0500 £00°0 98T 0~ 112°0 xopu] Sumuny  (8)
(02'1-) (67'¢-) (6£%) (€6'T) (a¥1) (86°¢-) (89°2)
6€0°'67 700°0— £10°0- 7800 ¥S0°0 TTo'0 GLT 0~ 172°0 xopu] ‘pesy pojewony ()
%wwﬁ\wwm L@U\mlmmd\«\lwwcm ..Q NQ\E\BHN
(€L£°0) (z8'0-) (0¥%) (¥0°¢) (92°1) (167¢-) (69°0)
6£0°67 600°0 0T0°0— 162°0 10€°0 £60°0 129°0— 6L2°0 xopu] prexury] yosol  (9)
(vz'0-) (vge-) (08°0) (66'T) (82°0) (g6°¢-) (L¥'0-)
6£0°67 100°0— TT0'0— €100 000 £00°0 98T 0~ L¥0°0- xopu] Sumuuny  (g)
(81'1-) (1e°¢-) (6£7) (z6'T) (ay'1) (66°6-) (80°1-)
6£0°67 $00°0— £10°0— 7800 7500 zz0'0 CLT 0 0g1°0— xopu] ‘pesy pejewomy ()
m.ﬁ\;m.wmﬂ L@w\mlmmﬁxvxlw.s& ..m. Nmﬁdm
(2L 0) (08°0-) (Za72) (gog) (LLm) (16°¢-) (L6°0-)
6£0°67 600°0 010°0— €620 Tog0 £60°0 829°0— 8870~ xopu] presjury] yoso[f  (g)
(92°0-) (0g'g-) (16'0) (z0'g) (62°0) (L6°¢-) (88'2-)
6£0°6% 100°0— 110°0— ¥10°0 050°0 7000 L8T°0- €810~ xopu] Sutuuny)  (g)
(02'1-) (87'¢-) (97'%) (¥6'1) (@¥'1) (109-) FL1-)
6£0°67 7000~ €100~ €80°0 7500 €T0'0 9220~ 8T1°0- xopu] ‘pesy pajewony ()
www‘:\m.mm &\th-mmvxd\ 'V wm\g@nN
'sqO sares/10 ® suiqaoq, soreg soreg/ sareg/ soreg/ Awrwn o[qeLIRA MOY
porpduug porduig 8o XdVD asy awoou] Havy juspusda(]
RELE | RELH | Sunjered()
VAN VAN

‘sosoyjuored Ul oIe SOIISIIR)S-] "WIY AQ PoIo)sno

oI SIOIId PIRPUR]S PUE ‘S109]J0 PIXY WLIY U Iedk [)IM PIIRUIIISS oIe SUOISSAISOI [[y "So[qelIeA Aoy ano jo uodisop oy 10j[I] o[qR], 90§ "YHVY Ue Ul POAJOAUI SeM WLIY UAAIS © Iojfe
Ieof o) Ul 9uo ST AWwnp YHYVY 9yl ‘D [oued U] pur “YH VYV UR Ul POAJOAUL SBM ULIY USAIS © YoIym Ul 1ok ® 09 Jouid 1eek o) ul ouo sI Awwnp YHYV Yl ‘g [ourd U] "Ieok jueiino
9y} 9y} Ul AJIAIIOR JUS[NPNEIJ Ul POAJOAUL SeM WLIY o) e} S9JedIPUl UOI0R YHVVY UR JI 9UO SI Y [oUed Ul Awrwnp YHYY o], ‘Pedde st Awwung YHVV oY} MOy Ul IoPIp ) 01 Y s[eued
‘Surpeel ul A NOYIP 1938018 $9IRIIPUL SN[RA IOYSIIY € JBY) YONS PIJONIISUOD dIR SOOIPUL AJ[IqepPRaI 991) [[{ "UWN[0D ISIY 87} Ul POJOU S Xapul AJ[IqepPeal 10 Xopul 0] ® ST 9[(RLIRA
Jyuepuedop oY J, IBdA OUO Ul WY 9UO ST UOIIRAISSAO dU() "800F O} LGEGT WOIJ SUOIIRAIOS]O WLIY [RNUUR UO POse( SUOIJRAIdSqO Jo o[dwes Ino 10J suolsseidol S 0 sprodar o[qe) oy,

SUOISSAISaY Xopu] 80 :0T °[9e],

46



z10°0 (1%°0-) (99°2) (90°¢-) (65°¢) (¥L0) (z5'2) (L97)
£89°0¢ 000°0- G000 900°0- 810°0 zo0'0 L1070 150°0 eouenss] OHS 2qnd OAds  (9)
%90°0 (06°¢-) (L9°8) (81°01-) (ze'v) (L0°1) (sv°¢-) (6S°%)
£89°0¢ %000~ L1070 1£0°0- £€0°0 €000 0%0°0- G800 eouenssy £ymby jessndwoy  (g)
mduw.t.m Num.Hsr‘m. Ld@\ﬂ ﬁﬁd EL@,&. uwwgdﬁm.%N \mﬁﬁ;wm. ..D Nmﬁ\ﬁﬂN
'$q0 sores/10 O suiqog, sores sores/ sofeg/ soreg/ Ayrreqrurg os[qerrep Moy
porduag porduig So1 XdVD asy awoouy o[goig yuspusda(]
100 100 Suryered( pneiy
VAN VAN
z00°0 (80°0-) (FL1) (L6'T) (91°0) (8¥°0) (L¥'1-) (L6¢)
€89°0¢ 000°0- 100°0 1000 000°0 100°0 010°0- S00°0 Awum@ YAvv  (7)
2100 (96'2-) (8e°01) (60'7%) (81°2) (€8°0) (11°0) (91°9)
€89°0¢ 100°0- €000 9000 S00°0 100°0 000°0 €000 a100g pnesy  (g)
%wowh.m @w.&s.m. 4DI L Nus:u Ek\w.m. g Nmﬁ\cm
zz0'0 (87°0°) (8g°9) (zeg) (09°7T) (sT°07) (08°0-) (¥0°9)
€89°0¢ 000°0- 1000 9000 700°0 000°0- 700°0- 9000 Awum@ gavVV  (3)
Z€0'0 (99'0-) (0L°2) (80°0) (81°2-) (60°2) (01°0~) (g¥°2)
€89°0¢ 0000~ L0070 0000 S00°0- £00°0 000°0- L00°0 a100g pnesq (1)
%wuw..hﬁ\m. Nvm&sr,N &@wkw ﬁ:ﬁ EwwﬁﬁﬁN ..d\ Nmﬁﬁl.
'sqO so[es/10 b suiqog, sofeg sofeg/ soreg/ soreg/ Surqeg o[qerIRA MOY
parjdug pardug gor] XdVD azny Bletteniusf pung juepuada(g
REER | 1004 Sunyersd( rennn
VAN VRAN Po0I0q

‘sosotjuated Ul oIe SOIISIR)S-7 "ULIY A POIS)SN[D oI SIOLId PIEpUe)s [[Y ‘so[qerrea Aoy Ino jo uorydriosap
o1} 10J[T] 91qRT, 99G 'syesse £q po[eds dIe pue SIR[[OP UI aIe [jog ‘dduensst OFS onqnd wmurye[q OS 10 9ouensst £3mbs jeisndwio) I ST O [PURJ UT 9dueNsst &by "YAVY

U Ul POAJOAUT Sem TLIY USAIS © UIIYm ul Ieak & 09 Jorid reak o) ul suo s Awrump YHVV oYL ‘T00Z 0% L66T polied ojdures oy} ul SV Ul PIA[OAUI SULIY [[& JO SINSO[ISIP [BULIOUQR

98eIoA®R 91} PUR 9INSO[ISIP [RUWLIOUQR S WLIY USATIS 91} JO AJLIR[IWUIS SUISOD 9} ST 91008 AJLIR[IWIIS PRl oy, "(J PUR ¢ S[eURJ Ul S109]jo PaXY IBdA pUR WLIY PUR ‘) PUR Y S[oURJ UI S)09]d
PoxXy Ieak pue AIISNPUI SPNOUT SUOISSAISOI 9], "UWIN[OD JSIY ST} Ul PIjOU s s3asse A PapIATp aouensst £3mbe jejsnduro) 10 ‘Awrunp pnerj oy ‘Ayureqruats aygoid pnely oY) ST a[qeLIeA

yuepuadep 9y ], ‘IeaA 9UO Ul WL U0 ST UOIYBAISSAO dU() "800 ©OF LGGT WOIJ SUOIJRAISSCO WLIY [eNUUR UO Paseq SUOljeAlssqo jo sjdwres o 10y suoisseifol G0 sprodar aiqes oy [,

oouenss] pue Apmbr joxrely £ynbr 1T 9[qe],

47



"91E.4 DUBPIdUI YIVY %G'T 01 S2Jedwod
SIYL "PaUIYS SI UOANQUISIP JO %SS'T

9|iy01d pneld 03 Ayejiwis :uonaung Ayisuaq Aujiqeqoud

100

00

€00

00

S0°0

900

‘pozirewruuns

UDY[) ST SSRW JLIJOWILASE 97} JO 9ZIS oY [, "UOIINLIISIP [BNIDR ) JO UOIJIoPal sixe-A o) Jo odeys oy sAe(dsip j01d aur] o) ‘Arjowrtudse JySLI-Jo[
JOo 90130p o) 9jeIJSN][l O], "JeULIO} }Ieyd Ieq oY) SUISN poAR[dSIP SI UOINLIJSIP [enjoe oY, "J0U dlom ey} SWLIY PUe SYHVV Ul POAJOAUL

oIom Je(} SWLIY [}0q JuIpnoul o[dures oIjue INO UO Paseq SI UOINLIISIP O], ‘SOI}LIR[IWIG PNel] WY JO UOINLIISIP [eourdwy] :T 9Insdrj

48



Figure 2: Empirical distribution of firm Fraud Similarities for two subsamples. The upper
figure’s distribution is based on all firms in our sample excluding firm years involved in
AAERs. The lower figure reports the fraud similarity distribution only for firms-years
involved in AAERs. In both figures, the actual distribution is displayed using the bar
chart format. To illustrate the degree of left-right asymmetry, the line plot displays the
shape of the y-axis reflection of the actual distribution. The size of the asymmetric mass
is then summarized.
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Figure 3: Average Fraud Similarities over time for firms involved in AAERs. The figure
displays the average fraud similarity score during the period of time that the AAER alleges
fraud occurred, and also during the period of time preceding and after the period of the
alleged fraud. Regardless of duration of the fraudulent period, we tag the three years prior
to the fraud period as the ex-ante period and the three years after the fraud period as
the ex-post period. For firms that had a fraud period of one or two years, they would be
counted in the first fraud year and the second fraud year calculation, but not the third
fraud year calculation. To ensure that fraud duration is not overly influencing our results,
we also display results where we limit the sample to firms with alleged fraud that lasted
at least three years.
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