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ABSTRACT

Financial statement data for large companies beeamiéable to the public in XBRL
format starting in 2009 in the United States. Pragrds of XBRL, along with the SEC, argue
that XBRL filings offer several advantages overadatovided by data aggregators, such as lower
cost, faster availability, and broader coverages parpose of this study was to contribute to the
common body of knowledge by investigating whetherent XBRL company filings are useful
in the prediction of future earnings and to attetopghteractively obtain the balances of 70
accounting concepts needed to create an earniedgfion model from a sample of XBRL
filings. Current XBRL filings do not allow for intactive extraction of required accounting
elements because too many accounting elementsissangifrom the XBRL filings.
Accordingly, an additional data set was creatediayually populating missing accounting
concepts within the XBRL filings if sufficient coropent accounting concepts existed within the
same XBRL filing (e.g., if current liabilities andng-term liabilities were tagged in the XBRL
filing, total liabilities could be calculated). Thprocess mimicked what could be performed by
added functionality built directly into the XBRLxanomy. This functionality would not create
any excess time, effort, or cost for preparerssarst This fully populated XBRL data set allows
the user to create earnings prediction modelsanteely, whereas the current XBRL data set
does not. This indicates that current XBRL compfimgs are likely to be limited in their
usefulness in other areas as well, while a motg fdpulated set of XBRL company filings that

includes additional data has the potential to inprine usefulness of XBRL data.
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. INTRODUCTION

The Securities and Exchange Commission (SEC) regjaif public companies to report
financial statements using eXtensible Business Riego_anguage (XBRL). According to the
SEC, there are a number of reasons why XBRL comfilamg data (which it refers to as
“interactive data”) is well suited for gatheringda amounts of company financial data, making
tasks that utilize company data easier and moraexit. Specifically, the SEC states:

Interactive data can provide investors quickeeasdo the information they want in a

form that’'s easily used and can help companiesapegihe information more quickly and

more accurately.

Using today’s disclosure documents, investors sdek specific information
directly from the source must often manually sedeclgthy corporate annual reports or
lengthy mutual fund documents. Even if these dogusare online, they are often in a
plain-text format with limited search capabilityhd need to search for and extract
particular information in such documents can beetsonsuming.

Interactive data allows investors and othersnpgqint facts and figures within
today’s often lengthy disclosure documents. Usitigractive data, an investor can
immediately pull out specific information and compé to information from other
companies, performance in past years, and indastgages.... Meanwhile, for the
financial professionals and financial publisherglgzing companies could become
cheaper and easier. Interactive data also mayfieip improve their reporting

processes. (SEC, 2010)



XBRL company filing data is a new source of companancial data and has many
potential advantages for a broad constituencyuding analysts, investors, researchers, data
aggregators, and others. Most users are forcesljt@n data aggregators in order to collect
company financial data. A large amount of accountesearch relies on the use of Compustat, a
private vendor database. Compustat is used tomgabhgany financial data and is published by
Standard & Poor’s. According to D’'Souza, Ramesh, &hen (2010), Compustat is “an
important information intermediary that acts aseg &upplier in the market for corporate
accounting information” (p. 160). An advantage &RL is that access to XBRL US GAAP 10-
K filings to the SEC (hereafter referred to as “XiBébmpany filings”) is free, while
subscriptions to proprietary databases, such agpGstatt, are very expensive. Still another
potential advantage of XBRL is that manual collectof large amounts of accounting data from
paper, Portable Document Format (PDF), or even Hypa Markup Language (HTML) 10-Ks
requires considerable time and effort. Ideallysaricould interactively extract just the needed
data from an XBRL company filing to meet his or Bpecific needs. Vasarhelyi, Chan, and
Krahel (2012) state that “the very purpose of XBRLthe] automation of data parsing” (p. 157).
Using accounting data from XBRL company filingsaales a significant time advantage. XBRL
10-K and 10-Q filings are published concurrentlyhithe related HTML filing versions.
However, it takes an average of 14 weekdays fraithe a company files with the SEC for
that accounting data to appear in Compustat’'s Relsdasight database (D’'Souza et al., 2010).
Finally, XBRL company filings include more compasiian are represented in the Compustat
database. Compustat and Thomson ONE Banker togathecover about 70% of the

companies that file with the SEC. Many of the seratompanies’ data are not included in the



Compustat database; therefore, XBRL company filiata cover a much broader group of
companies (SEC, 2009).

A variety of things were investigated in this studach with a specific goal in mind. The
first focus of the study was to determine whetharent XBRL company filings achieve the
SEC’s promise of interactive data access. Becattse\ement of the goals of the current XBRL
company filings were not fully met in this studymare complete set of XBRL company filings
was created. This data set is referred to as “fpudiyulated XBRL company filings,” where
missing accounting elements were manually calcdlateen there was sufficient additional
information available in the XBRL company filingehe specific process for the creation of the
fully populated XBRL company filing data set is delsed in more detail below. The purpose of
this study was to investigate whether fully popetB KBRL company filings would improve the
usefulness of XBRL company filing data, i.e., iflfupopulated XBRL company filings could
provide increased interactive data access compari@ current XBRL company filings. The
investigation was conducted in order to determinled usefulness of XBRL company filings
could be improved with changes to the US GAAP FimalrReporting Taxonomy/Functionality
could then be built into the XBRL taxonomy that wbbautomatically populate XBRL company
filings without any additional effort on the prepés or user’s part.

In the last part of the study, fully populated XBRampany filing data were compared to
Compustat data in regard to each data set’s agcurgeedicting future earnings. Most
researchers in the area of earnings prediction hee@d Compustat data. Like most proprietary

data aggregators, Standard & Poor’s employs stdradgion techniques for the company data

A taxonomy is an “electronic dictionary of businesporting elements used to report business dX@R( US,
2008, p. 111). “The XBRL US GAAP [Financial Repad] Taxonomy describes and classifies elements
representing US GAAP reporting concepts” (XBRL 2808, p. 13).
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that it collects, which can make the reported badarsignificantly different from company-
reported data.

Vasarhelyi et al. (2012) made suggestions for resgarch opportunities as a result of
the evolving XBRL technology. One such suggesti@as:w

If replicated, will findings from prior researchat relied on private vendor databases

using pre-XBRL tagged filings still hold? Privatatdbases often have proprietary

aggregation and labeling methods, so results maggshdue to the use of more granular

and/or differently standardized data. (p. 163)
Following the Vasarhelyi et al. (2012) suggestiamattempt was made to create two earnings
prediction models that originated in the Ou andriam (1989a, 1989b), Lev and Thiagarajan
(1993), and Abarbanell and Bushee (1997, 1998)esuth this study, the models were modified
slightly because some of the variables required daing back to 2007, and XBRL company
filings are not available for the years prior t@20In the first step, an effort was made to use
current XBRL company filings to interactively capgthe necessary accounting concepts
needed to create the earnings prediction models.praved not to be possible using current
XBRL filings because far too many accounting conseyere not tagged within those XBRL
company filings. Next, an effort was made to useftily populated XBRL company filings to
interactively capture the necessary accountingemsmeeded to create the earnings prediction
models. Using this set of data made it possibaeate the two earnings prediction models. As
an interesting test of the fully populated XBRL quany filing data, the two models created
using fully populated XBRL company filing data werempared with the same two earnings

prediction models created using Compustat datadaerdo compare the ability of the accounting



data from the different sources to predict futtaeengs. The distinction between these differing
types of company filing data is discussed in greadétail below.

1. Current XBRL company filing data : This data was interactively extracted from the
XBRL 10-K company filings submitted to the SEC.tdractively” means that only the
required information was extracted from the XBRImgany filings without an attempt
to manually calculate any missing balances. Fomge, the balance reported in each
XBRL company filing for total liabilities was extrged, if it existed, but no additional
steps, such as manual calculations, were perfotmatiain this balance. Some of the
reasons why an accounting element may not haveibtsactively extractable from
an XBRL company filing are: the preparer erronepui not tad the accounting
element, the preparer used the wrong tag for aouating element, or the SEC’s
protocol for the preparation of XBRL company filgiget forth in the EDGAR Filer
Manual did not permit or require a tag. AccordindSEC rules, XBRL company filings
should mimic exactly the related paper/PDF/HTMinfys. For instance, a company
might choose to display its liabilities sectionitspaper/PDF/HTML 10-K as follows:

Current liabilities:

Accounts payable $ 100,000
Other current liabilities 25,000
Total current liabilities 125,000
Long-term debt 75,000

%A tag is “markup information that describes a wiitlata in an instance document and enclosesaitgie brackets
(“<>" and “</>"). All facts in an instance documeatte enclosed by tags that identify the elemeth@fact”
(XBRL US, 2008, p. 111). An example would be: (<Cas/Cash>).

5



Note that in this example, the company did notiexpt include a subtotal for long-term
liabilities, nor did it include an amount for totabilities, which is purely a formatting
preference on the company’s part. Although no reatla paper/PDF/HTML 10-K
would interpret this as the company having no tiilities, a computer without the
proper software would not be able to make thisrd@teation. The problem is that the
SEC requires that XBRL company filing preparerstagtany amount for total liabilities
because the XBRL company filings are required tmimithe paper filings. Accordingly,
if a user attempts to extract the balance for tahillities from this company’s XBRL
filing, as the SEC claims users of XBRL companwfjs can do, there would be no
balance returned. XBRL company filings, unlike pdPBF/HTML statements, are
designed for computers to read, not humans. A ctenfginot able to extract just the
balance for total liabilities from this company’8RL filing without sophisticated
programming, although a computer running a welkem extraction program would be
able to appropriately determine the existence ahgeg of these accounts. This particular
example is very simple, whereas the relationshepanchy among the thousands of
XBRL tags is very complicated, not to mention ttiegt tags and relationships are
modified on a continuous basis.

. Fully populated XBRL company filing data: Because the current XBRL company
filings did not allow for interactive extraction oéquired accounting concepts, fully
populated XBRL company filing data were creatednter to determine if the usefulness
of XBRL company filings could be improved with cliges to the US GAAP Financial
Reporting Taxonomy. The process for creating thalibe populated XBRL company

filings mimics the functionality that could be Huihto the XBRL taxonomy, which

6



would automatically populate XBRL company filingghwout any additional effort on the

preparer’s or user’s part. The fully populated XB&impany filings allow for the

interactive extraction of required accounting elatadecause far more accounting
concepts are available than there are in the cuBRL company filings.
Data for the fully populated XBRL company filingté were extracted from the

XBRL 10-K company filings submitted to the SEC. Haer, unlike the current XBRL

company filing dataif a required piece of data was not reported withat XBRL

company filing, the balance was manually calculapedvided there was sufficient other
information included in the XBRL company filing. iBbmanual calculation process
followed rigid rules designed to imitate a potelndiatomated process. The resulting data
set from filling in these additional tags is retsfrto herein as the “fully populated XBRL
company filing data.” Using the example above,filieg would be fully populated after
filling in the total liabilities with a balance &200,000. Note that the balances were not
changed, only that missing tags were filled irhére was sufficient information tagged

in the XBRL company filing to do so.

3. Compustat data: Compustatiatawas extracted from the Compustat Annual

Fundamentals database.

After applying the above-described proceduresathikity of the fully populated XBRL
company filing data and the Compustat data to ptédiure earnings changes were compared.
Because a certain number of years of informatierrequired for the models, only the
companies required to begin filing with XBRL in ZD(@he first year of required filing in XBRL
format with the SEC) were included in the samplaede companies have a market capitalization

of more than $5 billion. Medium-sized and small gamies did not begin filing in XBRL format

7



until 2010 and 2011, respectively, and sufficieattads not yet available to examine these
companies’ reports.

The SEC describes XBRL data as allowing userstevantively extract just the
information needed from within companies’ lengtmahcial statements. Based on this
description, XBRL company filings have great poi@for research and decision-making
purposes when financial data is required. Becaatefdr specific accounting elements are
needed for earnings prediction models, XBRL comfdmgs should be particularly well suited
for this task. However, the earnings prediction sle@ould not be created interactively with
current XBRL company filings because too many reggiaccounting elements were missing.
Nevertheless, after creating a fully populatedo$&BRL company filings, it appeared that the
ability of XBRL company filings to be used to cre&arnings prediction models was enhanced.
In addition, fully populated XBRL company filingsqaicted with a higher level of accuracy
than Compustat for one of the earnings predictiodets. There was no significant difference in
the prediction accuracy between fully populated XBiempany filings and Compustat for the
other future earnings prediction model.

The most significant finding in this study was thatrent XBRL company filings cannot
be used to create earnings prediction models; henvéyly populated XBRL company filings
can. All XBRL company filings could be fully popuésd with functionality built directly into the
XBRL taxonomy, and this would not create any ex@®ss for preparers or users or require any
additional time or effort. Because current XBRL quany filings cannot be used to create
earnings prediction models but fully populated XB&impany filings can, there is a strong
possibility that fully populated XBRL company fitgs would be more useful in other areas, such

as bankruptcy prediction and stock price predigion
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. BACKGROUND
XBRL

XBRL is a computer markup language designed tadstalize business and financial
reporting and aid in the preparation, analysis, @rmmunication of business information.
XBRL allows information to be exchanged betweeifedé@nt computer systems, both internally
and externally. XBRL does not require that an aotant know computer coding because the
logic is built into the taxonomies and softwaregraons; once configured, the software can
translate the business information so that the a@aiser requires can be examined (Zarowin &
Harding, 2000). This eliminates the need for rekgydata, which greatly reduces errors and
labor hours. XBRL also increases accuracy becawsaiboth verify and calculate.

XBRL is a vocabulary of eXtensible Markup Langudg®&IL), which uses tags around
pieces of information, giving them meaning (Debrgc& Farewell, 2010; Mahoney & White,
2007). The XBRL US GAAP Taxonomy Preparers Guidecdbes a tag as “markup
information that describes a unit of data in atanse document and encloses it in angle

brackets, i.e. (“<Cash>" and “</Cash>"). All fadtsan instance document are enclosed by tags



that identify the element of the fag{’)XBRL US, 2008, p. 111). These XBRL tags provide a
standard format that can be used for the distoutf metadata associated with business
reporting information (Piechocki, Felden, Grani&g)ebreceny, 2009). Hoffman, Kurt, and
Koreto (1999) state that the term “markup” refershte codes (tags) that identify pieces of
information. XML is similar to HTML that websitese; however, HTML focuses on “how to
display data,” while XML focuses on “what is thet@ld HTML works because there is a
standard, and that is why web browsers have theyaioi display the content of millions of
different sites around the world. The same abdéy be applied to accounting data. With XML,
any tag can be created to identify information. iRstance,

<AccountsReceivable> 100 </ AccountsReceivable>

and

<AcctsRec> 100 </ AcctsRec>
are both valid.

XBRL has a defined set of tags for financial andibess data so that every company
theoretically reports the same piece of data vinehsame tag. This is important because
computers are highly literal and do not intergketountsReceivablEndAcctsRe@s
representing equivalent accounting concepts. Algterent computer applications do not
effectively communicate well with each other. Fastance, if the sample balance sheet of XYZ
Company in Figure 1 were to be read by a humamoutid probably be obvious that XYZ
Company had $100,000,000 USD in cash at Decemh&03D. To a computer software

application, this report may well have no meaningmincorrect meaning. If another software

3An instance document is an “XML file that contamssiness reporting information and represents laat@n of
financial facts and report-specific informationngitags from one or more XBRL taxonomies.” (XBRL,2808,
p. 109).
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application were to read the value of 100 in cé] ifwould not know what this value

represented

A B C
XYZ Company

Balance Sheet
12/31/2010

Cash 100
Accounts Receivable 200
Inventory 300

1

2

3

4

5 |(in millions)
6

7

8

9 | Total Assets 600

Figure 1L Sample balance sheet of XYZ Company.

XBRL instance documents can analyze and compagendath faster and more
efficiently than could be done using HTML, PDF vaord processing documents (Srivastava &
Liu, 2012). McNamar (2003) observed in 2003 thahe@ SEC had used XBRL for filings when
Enron was committing fraud, Enron’s financials wibblkve been compared to industry
standards and it would have been apparent how theghdeviated from industry norms.
Conceptually, XBRL can revolutionize the way comipardisseminate and consume the
voluminous amounts of data created in the finaneaald.

XBRL does have a defined set of tags; howeveaslrétat the “X” in “XBRL” stands for
“eXtensible.” This is because an extension taxoncarybe produced, allowing for the creation
of additional tags to be used in XBRL instance daoents. Extensions in XBRL filings should
only be used if the required tag does not exighénXBRL taxonomy. Theefinitionof a tag
should be used to determine the “appropriate” tagthelabel of the tag. For example, if a
company reports “Plant Assets, Net” on its balastteset, the tag

“PropertyPlantAndEquipmentNet” would be the appraigrtag from the 2013 US GAAP

11



Financial Reporting Taxonomy. Allowing companiesise extensions in their XBRL filings
facilitates higher reporting flexibility but deterates comparability across companies.

A non-profit organization, XBRL International, meges the XBRL standard. XBRL
International is made up of jurisdictions (e.g.,RIBAustralia, XBRL Denmark, XBRL US, and
XBRL Europe) and direct members (e.g., the Americatitute of Certified Public Accountants,
the Federal Deposit Insurance Corporation, anddgtujitd.) (XBRL International, 2013b). The
Financial Accounting Standards Board and the l@tgonal Accounting Standards Board are
responsible for the development and maintenanteedS GAAP Financial Reporting

Taxonomy and the International Financial Reporitgndards Taxonomy, respectively.

History of XBRL . Numerous authors have detailed the history of KB&ccording to
Kernan (2009), XBRL was first envisioned by Chattedfman in 1998. Hoffman identified the
problem of various computer applications’ inabilityeffectively communicate with one
another. Hoffman stated, “It was like having an aimeystem that could only create a message,
not send or receive it. The financial world haddrae trapped in an electronic Tower of Babel,
endlessly copying and pasting information from sygtem into another” (Kernan, 2009, p. 4).
Hoffman believed that if there was some way to reimf@ermation into a computer only once and
that information could be used throughout the bessrand never reentered, it would put an end
to the inefficient way things had previously be@emel. The solution came to him in April 1998
while flipping through a book about XML. The bookptained how XML was solving the
problems of data sharing in other industries. Hatffimealized that the same type of markup
language could be used to share financial statenvatitout reentering or copying and pasting

data multiple times (Kernan, 2009).
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In July 1998, Hoffman informed the American Inst# of Certified Public Accountants’
(AICPA) High Tech Task Force about the potentialisihg XML in financial reporting, and
based on this preliminary information, the High idask Force proposed the creation of a
prototype set of financial statements using XMLitWthe help of Mark Jewett (Erutech) and
Jeffrey Ricker (XML Solutions), Hoffman was abledomplete the prototype by December
1998 (XBRL International, 2011).

The XBRL International website states that perhthpssingle biggest accomplishment in
this early stage was the creation of a uniform leagg for financial statements. Eric Cohen was
recruited to assist with this. Cohen agreed thextetineeded to be a common set of tags for
financial statements, but he wanted to go beyondcagate tags for all accounting information,
such as payroll. (Cohen later developed XBRL Gldtger.) In May 1999, a meeting was held
to present eXtensible Financial Reporting Markupdueage (XFRML), which was the original
name for XBRL. It was Bob Elliot who announced tf@dusing on just financial reporting was
not enough and that all business reporting shoeldovered (Kernan, 2009). In July 1999, the
AICPA agreed to fund the XBRL effort. Twelve compes) including the (then) Big Five
accounting firms, formed a steering committee tgilménplementing the business plan and
creating an XML financial reporting specificatiodBRL International, 2011).

The benefits of XBRL became evident to companiesragulatory agencies, including
the SEC, almost immediately, and less than thraesyafter the AICPA funded the effort, the
Australian Prudential Regulation Authority becarne first regulator in the world to adopt and
use XBRL. It used the language to facilitate datiéection from 11,000 super funds, insurers,

and banks required to report to it on a regularsbdse following month, Microsoft Corporation
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became the first technology company to report fongla using XBRL (XBRL International,

2011).

Federal Deposit Insurance Corporation.The Federal Deposit Insurance Corporation
(FDIC) of the United States began requiring XBRI2D05 for its Call Report5This was the
first large-scale implementation of XBRL in the Uddd, at that time, the largest use of XBRL
internationally (Federal Financial Institutions Exaation Council, 2006). The FDIC’s use of
XBRL has proved to be extremely successful.

The FDIC worked closely with Call Report prepavatsoftware vendors even very early
in the process of modernizing the Call Report obibe process. As a result, the FDIC pre-
approved software vendors that provided Call Rep@paration software with the XBRL
taxonomy built in. The software, not the preparfethe Call Report, tags the Call Report with
the XBRL tags (Harris & Morsfield, 2012).

Immediate benefits were recognized once the Fd@exl using XBRL—for example,
cleaner data, more accurate data, faster datavniitereased productivity, faster data access,
and seamless throughput (Federal Financial InstitstExamination Council, 2006). Martin
Gruenberg, FDIC vice chairman during the XBRL inmpéntation (now FDIC chairman), stated:

Key to these successes was the minimal disruptitwanks. Bankers did not know they

were using XBRL in the new system—it was transpai@them. This was due to our

work with the software vendors that provided thakofiling software.

4According to the Federal Financial Institutions Exaation Council, “the Call Report is a quarterbtal series of a
financial institution’s condition and income thatused for multiple purposes, including assesgiadihancial
health and risk profile of the institution” (p. 8).
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In short, XBRL has helped us achieve significaffitiencies and reduce
operating costs. The standard has enabled us tovephe immediate quality of the data
we receive. Our data quality standards are conveffegently, requiring significantly
less intervention from agency staff to reconcild aalidate. The data are more timely
and accurate, allowing us to make better-informecisions every day.

Interactive data and a common XBRL language leanabled us to dramatically
improve the quality of communication between thgutatory agencies and reporting
banks. Receiving data faster and more accurateggthens our supervisory function
and also improves the public transparency of theiton of the banking system. We've
made an important investment in building this ngatem and it appears that the benefits

have been well worth the cost. (Gruenberg, 2006)

Securities and Exchange Commissioiizven before the development of XBRL, the

SEC'’s Electronic Data Gathering, Analysis, and iretd (EDGAR) database tagged

information; however, those tags did not providewggh information because they were not

thoroughly detailed. For example, EDGAR documentghirtag an entire table rather than the

specific information within the table. But if theader of the financials did not know what the

table was describing, the year it was reportingherspecific information it contained, it was not

of significant use except for determining that thiele does, in fact, exist (XBRL International,

The SEC mandated the use of XBRL for financial losares beginning in 2009 for

companies with a market capitalization of more tfi&rbillion and beginning in 2011 for all

public companies (Bartley, Chen, & Taylor, 2010apGzzoli & Farewell, 2010; Sledgianowski,
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Fonfeder, & Slavin, 2010). The rules apply to palgbmpanies and foreign private issuers that
prepare their financial statements in accordantle WiS. generally accepted accounting
principles (US GAAP) and foreign private issueratthrepare their financial statements using
International Financial Reporting Standards aseddwy the International Accounting Standards
Board. Companies must provide their financial stegets in XBRL not only to the commission
but also on their corporate websites. If a compdogs not provide XBRL filings to the SEC or
does not post the XBRL filings on its corporate sitd) the company will not be deemed to have
sufficient current public information under Ruledldf the Securities Act, which provides a
resale exemption safe harbor from the registratoirements for the resale of restricted and
control securities. In addition, the company wak e considered current with its Exchange Act
reports and therefore will not be able to use tl@ts=orm S-3, F-3, or S-8 or to choose to
provide information at a level prescribed by Fors8 8 F-3 on Form S-4 or F-4 (SEC, 2009).
At this time, XBRL company filings submitted to tB&C do not have to be audited.

Unlike the preparers of Call Reports for the FDii& preparers of financial statements in
XBRL that are to be submitted to the SEC must loéi@ent in the use and preparation of
XBRL. There is no software that can create the XBRimpany filings “behind the scenes.”
XBRL US makes available a preparers guide (XBRL&SAP Taxonomy Preparers Guide)
that explains how the US GAAP Financial Reportirrggdnomy works and how to create an
XBRL instance document using the US GAAP FinanRigporting Taxonomy. The US GAAP
Financial Reporting Taxonomy currently containsragpnately 17,000 tags. The SEC includes
instructions and guidelines for preparers of XBRImpany filings as part of the EDGAR Filer
Manual. The EDGAR Filer Manual and the XBRL US GAABxonomy Preparers Guide are

very clear about only tagging the exact informatioat appears on the financial statements.
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International. XBRL is being used around the world for a numbepurposes, including
financial reporting, banking, tax reporting, busseegistry, insurance, and governmental
reporting. An example of international XBRL usehat of the National Bank of Belgium’s
Central Balance Sheet Office, which requires XBRIbé used in the reporting of annual
accounts (XBRL International, 2013c).

A breakdown of international XBRL uses is showrrigure 2.

Percentage of Total
International Use of

Type of Implementation XBRL
Financial Regulator, Securities 47%
Financial Regulator, Banking 18%
Business Register 16%
(Standard) Business Reporting 9%
Tax Regulator 7%
Other 4%

Source: (XBRL International, 2013a)

Figure 2 International uses of XBRL.

Similar to the SEC, regulators of securities ineottountries are using XBRL for
reporting purposes. Examples are the Financiali@s\Agency of Japan, Bombay Stock
Exchange, Tokyo Stock Exchange, Stock Exchangédaildnd, Spanish Securities
Commission, Shenzhen Stock Exchange, Financialr8ispey Service of Korea, China
Securities Regulatory Commission (for mutual funttsael Securities Authority, Korean
Securities Dealers Automated Quotations, ShangioakSExchange, and Oslo Stock Exchange.
Even more countries are working toward requiringR{Bfor financial reporting purposes
(XBRL International, 2013c).

The Australian government utilizes XBRL for busiss-government reporting. It calls

this initiative to simplify the reporting procestgaBdard Business Reporting (SBR). The
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government agencies participating include the Alisin Securities and Investments
Commission, Australian Taxation Office, Australiarudential Regulation Authority, all eight
state and territory government revenue offices,thedAustralian Bureau of Statistics (taxonomy
only). Participants and new uses of SBR are cotigtawnolving with the Australian government.
Businesses employ SBR-enabled software that irgeypine financial data in their accounting
systems, populates the required government forntssands the forms to the appropriate
government agency (SEC, 2012). The Government of Realand and the Dutch Ministry of
Finance are in the process of developing their 8BR using XBRL (XBRL International,
2013c).

The U.K.'s Her Majesty’s Revenue and Customs depamt, the National Tax Agency
of Japan, and the Federal Public Service Finan&glgfium all require corporate tax returns to
be filed in XBRL (XBRL International, 2013c). Seaémore countries are in the process of
mandating tax reporting using XBRL (XBRL Internatad, 2012).

Banking is another area that has made use of XBRitnationally. Banks that have
adopted XBRL for regulatory reporting include thanR of Japan, Bank of Spain, Deposit
Insurance Corporation of Ontario (for credit unigr8nancial Supervisory Service of Korea,
European Banking Authority, U.S. FDIC, and U.S. é&mdl Financial Institutions Examination
Council.

The main sources of XBRL filings from all over tiverld are shown in Figure 3.

Percentage of Total

Source of XBRL Filings International XBRL Filings
United Kingdom Her Majesty’s Revenue and Customs % 27
InfoCamere 20%
United Kingdom Companies House 18%
German Bundesbank 7%
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National Bank of Belgium 7%

Belgium Ministry of Finance 6%
Australian Standard Business Reporting 2%
Danish Business Authority 1%
United States Securities and Exchange Commission 1%
Other 11%

Source: (XBRL International, 2013a)

Figure 3 International sources of XBRL filings.

There are a number of potential advantages t@ukita in XBRL format, and several
areas have had success in utilizing it. Now thatgany-reported financial statement data filed
with the SEC are available in XBRL format, a gréaal of research is needed to investigate
areas in which using this data would be more berafihan what was previously used. The first
of these areas was explored in the current stuagciically, XBRL company filing data was

used to predict future earnings and their prediciiocuracy was compared to that of Compustat.

Future Earnings Prediction Using Financial StatemenInformation

An area that relies heavily on future earningsljgtéons using financial statement
information is that of fundamental analysis. Fundatal analysis involves the use of
information contained in financial statements tedict future earnings of a company and
ultimately determine the company’s intrinsic valliis intrinsic value can be compared to the
market price, allowing mispriced securities to teentified. Because price will eventually
gravitate toward value, identification of mispricegetcurities enables abnormal returns to be
earned (Kothari, 2001; Richardson, Tuna, & Wyso2Ril0).

The research on fundamental analysis focusesenaliitity of fundamentals (financial
variables) to predict either future earnings ockteturns, but research on the prediction of

future earnings has a number of important bendRitshardson et al. (2010) point out that “given
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the multiple other users of general purpose fir@neiports (e.g., customers, suppliers,
competitors, management, etc.) that make finan@aisions, analysis to improve forecasting
models of future earnings is invaluable” (p. 458harbanell and Bushee (1997) state that
“predicting accounting earnings, as opposed toarilg security returns, should be the central
task of fundamental analysis” (p. 1). This belgeheld by several researchers in the area of
fundamental analysis. For instance, Graham, Daaldl Gottle (1962) assert that the “most
important single factor determining a stock’s vakiaow held to be the indicated average future
earning power, i.e., the estimated average earfiangsfuture span of years. Intrinsic value
would then be found by first forecasting this eagipower and then multiplying that prediction
by an appropriate ‘capitalization factor” (p.2&8enman (1992) states that “the task of research
is to discover what information projects futurergags and, from a financial statement analysis

point of view, what information in the financiabs¢ments does this” (p.471).

Data Sources

Once proprietary databases of company financial became available, they were often
used as the data source for many empirical acaaystudies because of the amount of time and
effort saved over hand collection of company daélkere are several proprietary databases
containing company financial data. Access to sohtbase databases is costly; however, they
allow for quick and easy access to large amount®wipany information. Examples include
Compustat and Value Line. There are also webdigsorovide company financial data at no
charge, although using these financial websiteeis particularly fast method of gathering
large amounts of company data. Examples of thes@&dial websites include Google Finance,

Yahoo! Finance, and MSN Money.
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Although use of these proprietary databases davwesand effort over manual collection
of company financial data, subscriptions to th@blases are often very expensive. XBRL
company filings are freely available, and becabsg aire computer-readable, extraction of the
data should save a great deal of time and effat band collection of data from company
financial statements. Vasarhelyi et al. (2012)esthat “the very purpose of XBRL [is the]
automation of data parsing” (p. 157). XBRL compéthiggs also have a significant time
advantage. XBRL 10-K and 10-Q filings are publiskeedcurrently with the related PDF filing
versions. However, it takes an average of 14 weekftam the time a company files with the
SEC for that accounting data to appear in Compadasearch Insight database (D’Souza et al.,
2010). XBRL company filings include more compartigsn most, if not all, data aggregators.
Compustat and Thomson ONE Banker together onlyrcatveut 70% of the companies that file
with the SEC. Many of the smaller companies’ dagaret included in the Compustat database;
therefore, XBRL company filing data covers a muabalder group of companies (SEC, 2009).

Compustat is widely used in accounting researdhyt@nd specifically in earnings
prediction research. Compustat is a database afdial, statistical, and market information on
active and inactive global companies throughouttbdd. The service began in 1962, and since
then, thousands of research studies have reli¢kdeoimformation obtained through Compustat.
The database is published by Standard & Poor’slé&esdmost proprietary data aggregators, it
employs standardization techniques for the complatg that it collects. The reason for this,
according to Compustat, is that:

Companies often present their financial result variety of formats, making it difficult

to construct parallel company comparisons on aplésgpto-apples” basis. After

collecting data from a diverse set of sources, tardardize it by financial statement and
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by specific data item definition, preparing infortioa that is comparable across

companies, industries and time periods. (CapitaCtnpustat, 2013)

Some of these standardization techniques arérakesl in Figure 4, which uses GrafTech
International LTD’s 2006 income statement dataraexample. Company-reported data
(labeled “as-reported”) is shown in the table te lgft, while Compustat data is shown in

the table to the right. Any amounts that diffenietn as-reported and Compustat are

highlighted. Explanations for the differences incamts are to the far right. All

differences in this example are due to standarndizaéchniques employed by

Compustat.

Graftech International LTD

2006 Income Statement (Fiscal year ending 12/31/2006)

COGS reduced by Depreciation, which is
broken out separately under SGA.

Interest Expense increased by .8 Capitalized
Interest per Note 1 and 2.431 Bank and Other
Financing Fees per Note 8.

Non-Operating Income increased by several
amounts, including:
e 957 Interest Income per Income Statement
* Adjustments for movement of relocation and
writedown of assets into Special Items
+ Adjustments of Capitalized Interest and
Bank and Other Financing Fees into Interest
Expense.

As Reported Compustat

Sales 855.433 Sales 855.433 |
COGS 606.085 COGS 566.961

SGA 115.71 SGA 115.71
Depreciation - Depreciation 39.124

Interest Expense 46.524 Interest Expense 49.755
Non-Operatin Non-Operatin

Incomep ’ 5.036 Incomep ’ 10.782 S~
Special Items -22.933 Special Items -25.448

Pre-tax Income 69.217 Pre-tax Income 69.217

Minority Interest -0.268 Minority Interest -0.268

Tax Expense 27.085 Tax Expense 27.085

Net Income 424 Net Income 424

All figures are in millions. Explanations for how

figures are standardized are taken from the

analysts’ notes provided i

database.

Source: (Capital IQ Compustat)

in the Compustat

Special Items composed of several amounts:

e 9.956 Restructuring Charges per Income
Statement

e 10.464 of Impairment Loss on Long Term
Assets per Income Statement

e 2513 Anti-trust investigations and law suits
per Income Statement

e 2476 Relocation Expense per Note 8

e 039 Write down of other assets per Note 8

Figure 4.Example of Compustat’s standardization techniques.
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Differences in data sources can have serious ¢aipbdns for research and decision-
making. Kern and Morris (1994) warn that “[a]naly/sind researchers need to exercise great care
when selecting databases and variables from thatsdbakses. These choices can affect the results
of and the inferences drawn from empirical researehays more than is anticipated by
researchers” (p. 280). Differences between accogmiata reported by a company and those
reported by data aggregators such as Compustatlifieybecause of standardization
techniques, as described above, because of errodataureported in the data aggregator
database, or because data is missing in the dgtagedor database.

During a speech about the potential uses of XBRimér SEC Chairman Christopher
Cox (2006) stated:

Executives who have taken the time to double chieeklata that financial analysts

following their companies are working with can sdimes get quite a shock. That'’s

because some of them bear no resemblance to whabthpanies published. The truth
is, too many CEOs have no idea what happens toittfiermation after it leaves their
control in the form of SEC-mandated financial staeats. When they are asked, “Do you
know where analysts get data on your companiespalpte their valuation models?”
they usually reply, “well, from our financial statents.”

BzzzZZ. Wrong answer. And then, their first raantis surprise. That surprise
turns to concern when they realize that the numihersnalysts are using in their
valuation models can have an error rate of 28%ijgirer still if the data in question
comes from the footnotes.

Currently, data aggregators are required by anyeeéding large amounts of company

accounting data because manual collection of acswudata from paper or PDF financial
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statements is very labor-intensive and costly. XBRintended to be the tool that allows users to
extract accounting data from company-reported firrstatements without this manual
collection. Understanding the implications of usany particular data source is extremely

important.
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1. RELATED RESEARCH

XBRL: Related Research

Deficiencies in XBRL for financial reporting. Much of the research on XBRL for
financial reporting since the time XBRL began beusgd for filings to the SEC has focused on
the quality of the XBRL filings. A common themetbese studies is that the quality has been
low for XBRL filings to the SEC, and much of theabie for this has been put on the XBRL
company filing preparers.

Data quality due to preparers. Numerous researchers have stated that even thbagh t
SEC does not require an audit of the XBRL filingss obvious that these documents must be of
high quality and free of errors (Fang, 2011; Sriges & Kogan, 2010; Garbellotto, 2009; Alles
& Gray, 2012). The AICPA’s Statement of PositiorDStates:

In order for XBRL to be a useful tool for investansd other users of business

information, the data contained in XBRL files mbstaccurate and reliable.

Preparers of XBRL-tagged data may be issuers ofissuers and responsible for

providing accurate information in their XBRL file® which investors and other

users of business information may rely. (AICPA, 208em 4, p.2)
An XBRL US consortium survey discovered that of ésémated 500 companies from

the first reporting phasegnly 340 had correctly converted their financtatements to

5The SEC ruled in January 2009 that all public camgsmust report financial statements in XBRL bgel@011.
Companies were phased in over the periods 2008dghra011.
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XBRL filings. This indicates that companies wer&ihg difficulty correctly
implementing their initial XBRL filing (Sledgianowset al. 2010).

Bartley, Chen, and Taylor (2010a) examined earl\RXBilings and found that the
XBRL 2006 and 2008 voluntary 10-K report submissiohalmost all the companies examined
contained errors that would not be acceptable utdeSEC’s rules for mandatory submissions.
Bartley et al. (2010a) point out that these eromsurred in all the various steps of the
preparation, including mapping, extension, taggangating, and validating. In a subsequent
study, Bartley, Chen, and Taylor (2011) found arthfic decrease in the number of errors in
XBRL instance documents in 2008 compared with 20BRL instance documents. The authors
attributed this largely to preparer experience.

Boritz and No (2008) gathered information aboutdbality of XBRL filings in the
SEC’s XBRL Voluntary Filing Program (VFP). The gdtpurpose of the paper was to
determine whether there was a need for some typaeality assurance for XBRL-tagged
information furnished to a regulatory authority amigether the XBRL-Related Documents
furnished under the VFP conformed to the suggesBRIL taxonomies, specifications, and
requirements of the VFP. Boritz and No (2008) penked validation tests on 304 XBRL filings
furnished by 74 participants in the VFP from itsaption in 2005 to December 31, 2007. While
the researchers said that 272 of the 304 filings@a their taxonomy validation tests, only 104
of the 304 filings (34.2%) passed the instance dweu validation test without any errors or
exceptions being noted. The authors observed tireg of the companies passed Financial
Reporting Instance Standards and Financial Regpitaxonomies Architecture validation tests.

They also found that all 304 of the companies erathused some form of extension
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taxonomies in order to customize labels, presemtathatch-up subtotals, etc. Boritz and No
(2008) believed this to be a source of a significamber of errors in the filings.

In a subsequent study, Boritz and No (2009) coretlatmock assurance engagement on
United Technologies Corporation’s (UTC) XBRL-Relhteocuments to address the implicitly
posed research question: What assurance issuasisain the conversion of paper paradigm
financial statements to XBRL-Related Documents2Atthe mock assurance procedures on
UTC’s 10-Q XBRL-Related Documents, the authors lhigth assurance that the 10-Q XBRL-
Related Documents were a complete and accuragetieth of UTC’s 10-Q. A conclusion of
fairness of the presentation in accordance with 8AAthe XBRL-Related Documents was not
possible because of the lack of assurance standagisdelines for making such an assessment
for various sections. They also made the followobgervations:

» Fifty-four percent of the instance document wasbam UTC’s taxonomy
extensions. Twelve redundant elements (i.e., elésrtbat existed in the approved
standard taxonomy and therefore did not need extended) were found in the UTC
taxonomy.

» The contexts used by UTC had unorganized namingpeung, and locations that
increased the difficulty of analysis and could @problems in subsequent periods to
determine inter-period consistency.

» Titles and subtitles were not presented in a ctergisnanner. Labels were also
missing or not the same in the label linkbase akartaxonomy.

* Some of the subtotals which appeared in the 10-f@ wmitted in the instance

document.
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» A disaggregation of textual narratives was fountath the notes and the
Management Discussion and Analysis.

* UTC used taxonomy extensions for the “Report oepwhdent Registered Public
Accounting Firm” instead of using the approved U&aRcial Reporting-Accountants
Report (USFR-AR) taxonomy. It would have been nappropriate to use the
standard taxonomy.

Debreceny, Farewell, Piechocki, Felden, and Graf#0d0) examined the quality of the
XBRL filing data in the EDGAR database repositong dound that one-quarter of the initial 400
XBRL filings had errors. The authors reported tifat primary cause of the errors was
inappropriate treatment in the instance documeinimderlying debit/credit assumptions in the
taxonomy. Debreceny, Farewell, Piechocki, Feldedntag, and d’Eri (2011b) found that 40%
of the extensions included in the XBRL filings frahe first reporting phase were unnecessary
(i.e., the appropriate tags were in the US GAARaRaal Reporting Taxonomy, and an
extension tag did not need to be created).

Janvrin and No (2012) conducted a field study @neixie the process of XBRL
implementation. They identified four issues thdt Binder XBRL implementation: lack of
management support and involvement, conflicts almpkementation approach, lack of
organizational readiness and expertise, and lagki@fnal controls over the tagging process.

Du, Vasarhelyi, and Zheng (2013) found a signiftadacrease in the number of errors in
XBRL company filings from June 2009 to December@0this finding supports the notion that
preparers were learning from their experience @paring XBRL filings with the SEC and

therefore the subsequent filings were of highetityua
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Data quality due to regulation.The Center for Excellence in Accounting and Segurit
Analysis (CEASA) released a white paper in Jan@é&i3 entitledAn Evaluation of the Current
State and Future of XBRL and Interactive Data fordstors and Analys(slarris & Morsfield,
2012). The paper describes the project undertakeheborganization, which included
interviews with analysts, investors, regulatoreparers, XBRL developers, data aggregators,
and XBRL filing and consumption tool vendors. CEASI&0 surveyed and had discussions with
investors and analysts. The authors of the stuatgdt “The survey and interview questions, and
our conclusions, were organized around the origiisabn for interactive data—i.e., that data in
this format would provide incrementally more reletyaimely, and reliable information to more
end users, who could then manipulate and orgah&eddta according to their own purposes at a
lower cost” (p. i).

Aggregated financial statements were once negebsanuse of limited data processing
capabilities. With much more sophisticated data@ssing capabilities, this limitation of data is
no longer necessary. Harris and Morsfield (201Rptbthat analysts and investors wanted more
disaggregated information so that they could mdatpuhe data in a way to perform specific
analyses, stating that the “ability to query highdls of detail when desired is the power of
interactive data” (p. 7). Currently, this objectis@not be achieved because the focus of
building an XBRL filing is to mimic a portion of @gulatory filing (i.e., XBRL tagging follows
traditional paper filings too closely). Much of thidormation users require does not appear on
the face of the financial statements or in an SE@f This narrow focus when creating XBRL
filings does not provide adequate incremental vaker the HTML filings that companies were
already providing. The XBRL users in the CEASA stbelieved that the usability of the

financial statement data was compromised due toetipgirement that the XBRL financial
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statement data be presented just as it is in thergaancial statements (Harris & Morsfield,
2012).

The authors of the CEASA study found that sevieradstors and analysts felt that XBRL
data has the potential to replace manual colledfdhe data they need. However, those
investors and analysts who tried to use XBRL dataflarge number of company furnishings
were very dissatisfied with the usefulness and ilisabf the XBRL data (Harris & Morsfield,
2012). The authors observed an “expectations gepg’te the gap between preparers’
expectations of how much the XBRL data would bediesed how much it is actually used was
significant. Similarly, the gap between investaspectations about the usability of XBRL data
and its actual usability was also significant (Malsl, 2012). Users also expressed a desire for
XBRL consumption and analysis tools that do notinegprogramming or query language
knowledge before they would be willing to integrXt@RL into their workflow (Harris &
Morsfield, 2012).

Harris and Morsfield (2012) described the follog/three detrimental decisions as the
reasons why, in their opinion, XBRL for financiaporting has not worked well thus far:

a. The decision to frame the regulation so that it apgared to many filers and to
the XBRL development community that filers had to ceate an XBRL-tagged
reproduction of the paper or HTML presentations oftheir filings:

* We believe this presentation-centric step hinderediverted what should have
been an important evolution from a paper presantatentric view of financial
reporting information to a far more transparent affdctive data-centric one.

» Valuable resources were spent on learning theldetba technology rather

than on its use for enhanced financial reportiragesses, leading to better
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analysis and decision-making, both within the glitrms and for end users of
their data.

The design of XBRL filing and consumption technolog such that it requires

extensive and detailed technical knowledge to inpwr to extract data:

* We are not technologists and we believe that onaldmot have to become a
technologist to the level required by XBRL in orderither input or extract
financial data.

* We believe this contributes to data and taggingrery filers, as well as to
lack of interest on the part of investors and astalyo date.

The reticence (or inability) of regulators and files to ensure that the

interactive filings data are accurate and correctlytagged from day one of their

release to the public and forward (or, to communicte to the market for this
information that they were not insisting on this am why):

* We believe this is a key reason that the data @réeing used as much as their
potential would suggest.

* The regulation, as written, provided numerous laigh that permitted filers to
submit filings with low-quality data and tagging
= Limited liability for filers
= No external auditor requirement.

* Filers were unwilling or unable to ensure the gyaii their data
» Interactive filings data did not match the relaEHGAR filing data
» Incorrect tags were utilized

» Unnecessary and extensive custom tags were us8d)(p.
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Debreceny, d’Eri, Felden, Farewell, and PiechogRil(la) assessed the existence of 38
accounting concepts in the US GAAP Financial RepgiTaxonomy required for calculating 63
different financial ratios. They found that not aticounting concepts had a direct match but that
some of the concepts could be calculated by comdpimore than one XBRL tag. They also
captured various levels of alternative matchess&lveere “close” but not exact matches and had
the potential to lower the information quality bktratios when used. Debreceny et al. (2011a)
then assessed the existence of the same 38 actpuaticepts in the 2010 XBRL filings for
direct matches, combinations of XBRL tags, andratteve matches. They found that some of
the accounting concepts were rarely available,evbihers were available in most filings.

Finally, Debreceny et al. (2011a3sessed the existence of accounting concepts ROtD

XBRL filings for calculating 19 of the 63 financiedtios using a “tight” requirement and a
“loose” requirement. They explained the differenbesveen these two requirements using the
debt/equity ratio as an example. The “tight” regment for the calculation of debt required both
LongTermDebtNoncurre@ndLongTermDebtCurrernb appear in the instance document (the
authors determined that adding these two accountingepts together was the most direct way
to arrive at total debt). The “loose” requiremelhd\aed either of these elements to appear in the
instance document. The percentage of ratios thdt dme calculated under the “tight” and
“loose” requirements ranged from 0% to 98% and 46%0%, respectively.

Debreceny et al. (2011a) stated that one of theareh questions in the study was:
“[W]here automatic creation of ratios from therigjs is not feasible, what are the causes? Is this
a function of the way corporations report in theaficial statements that are the foundation for
the XBRL filings or are the roots in the detailstioé XBRL implementation?” (p. 2). However,

the authors did not answer this question in thestatersion of their working paper.
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Prior to the SEC’s mandate that XBRL be used, RRIDmlee and Plumlee (2008) wrote
a commentary, before XBRL was required by the SB@rovide direction regarding assurance
issues in relation to XBRL filings. The authors febnfident that once filings in XBRL were
mandatory, users would demand assurance on thexgggigpcess. They stated that while XBRL
was only voluntary, the focus was only to “agrdeg XBRL filing to the related official filing,
and they referred to this as a paper-oriented tegpparadigm. The authors went on to state:

However, once filing in XBRL becomes required, goaver of XBRL to allow

individual financial datum to be extracted from 8IEC’s financial database will be

realized. This “data-centric” idea is a crucialendion of the traditional reporting

paradigm that will alter the way financial and noahcial data can be used. (p. 353)
This insightful observation of what the authorsuglet the future of XBRL company filings
would be was, and still is, what users are waitorgUnfortunately, the SEC and other XBRL
regulatory bodies have not yet made a shift frois plaper-oriented reporting paradigm or paper
presentation—centric view of financial reportingpimation to a data-centric view of financial
reporting information. Only then will the true powe XBRL be realized in the XBRL company

filings.

Future Earnings Prediction Using Financial Statemehinformation: Related Research
Several studies have used financial ratios toigredrnings. For example, Ou and
Penman (19894,989b) developed a summary measure that estintetgsdbability of a future
earnings change. This summary measure was caldudased on financial ratios combining
large amounts of accounting data. Sixty-eight faialratios were initially chosen to potentially

include in the summary measure, based on a sufMayaocial accounting and financial
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analysis texts as to which items might predictfetearnings. These 68 ratios were pared down
to a parsimonious set of ratios that were the reffgttive at predicting future earnings change.
The logic behind Ou and Penman’s model begins avghmple valuation model:

V=E(d) /I,
whereV is a stock’s value, E ( d) is expected futuredbvids, and is the rate at which future
dividends are discounted. Financial statement iténatsare correlated with future dividends (the
numerator in the above equation) were identifidds Btep was justified based on the fact that,
intuitively, future dividends are paid out of fuuearnings, and Ball and Brown (1968) showed
that higher earnings imply higher firm values. Tdfere, future earnings are value-relevant.
Given this fact, Ou and Penman identified accogndiata that predicts earnings increases and
earnings decreases one year in advance. Logigtiesgon was used to estimate the summary
measureFr) based on selected accounting data. Ahegalue predicted earnings changes over
60% of the time and with more accuracy than tinreesenodels.

The original purpose of Ou and Penman’s study $b®8&as to predict stock returns. In a
later paper, Penman (1992) expressed some regtahthstudy extended this far because he felt
doing so distracted from the financial statemeiatysis.

Ou (1990) found that non-earnings accounting dataains information about future
earnings that current and prior earnings do not(X990) described the relation between non-
earnings accounting data (defined as all accoumkatg except earnings) and stock returns as a
two-link process, depicted in Figure 5. A predietimformation link exists between non-earnings
accounting data and future earnings changes, whilduation link exists between predicted

future earnings changes and stock returns.
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Figure 5 Non-earnings accounting data and stock returmasta®-link process.

Lev and Thiagarajan (1993) used accounting inféiondo determine excess returns,
employing a “guided search procedure” to identifyge ratios and other fundamental signals
that are used by investors to determine the quafitygrowth of earnings. Ou and Penman
(1989b, 1989a) used a “statistical search” forappropriate ratios, employing sources such as
The Wall Street JournaBarron’s, Value Line publications, newsletters of majorsées
firms, and professional commentaries on corpoiatntial reporting and analysis. The 12 ratios
and other fundamental signals they found to be byadvestors to predict future earnings were
related to inventory; accounts receivable; cagitgenditures; research and development; gross
margin; selling and administrative; provision faudtful receivables; effective tax rate; order
backlog; labor force; last-in, first-out earningsid audit qualification. Lev and Thiagarajan
found that most of the ratios and other fundamesitadals predicted contemporaneous abnormal
returns beyond that of current earnings and thatitisremental explanatory power increased
when the ratios and other fundamental signals wenéitioned on macroeconomic variables.
The macroeconomic variables used were inflatioosgnational product growth, and business
inventories.
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Unlike Lev and Thiagarajan (1993), who studiedlihle between fundamentals and
contemporaneous abnormal returns, Abarbanell astidéi(1997) first studied the link between
fundamentals and future earnings changes. Theythsaatios and other fundamental signals
that were used in Lev and Thiagarajan’s (1993)daihplé to determine if there was economic
justification for analysts and investors to relytbose signals. They also determined how
efficiently analysts used the fundamental signaltheir forecasts. Abarbanell and Bushee did
find an association between some, but not allheffundamental signals and future earnings
changes. They also found that analysts did nog figke the information in the fundamental
signals when making earnings forecasts. In a sulesggtudy, Abarbanell and Bushee (1998)

found an association between these fundamentaltutureé abnormal returns.

Differences Among Data Sources: Related Research

Prior research on data sources used in accouatiddginance has found significant
variances among data sources—some that have caassdid of empirical studies to be vastly
different, depending on the choice of the datasaubdifferences between accounting data
reported by a company and those reported by dgt@gators such as Compustat may occur
because of standardization techniques, becauseookeeus data reported in the data aggregator
database, or because data is missing in the dgtagejor database. The choice of data source
can have a serious impact on research resultsemsiah-making.

Zimmerman (1983) and Porcano (1986) did studiesnaxing the relationship between

firm size and effective tax rates and found cotifig results. One difference in their studies was

%The full sample included nine of the original 12damental signals in order to substantially inceehe sample
size and make the sample more representative. hfée tundamental signals that were eliminated welsged to
research and development; provision for doubtfoéieéables; and order backlog.
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that Zimmerman had used Compustat to gather hés ddiile Porcano had used Value Line.
Kern and Morris (1994) replicated Porcano’s (1986dy using both Compustat and Value Line
data in order to investigate if the two differeata sources could have been a factor in the
conflicting results. They included only the firntet were common to both databases and found
that the average annual effective tax rate meagasesignificantly different when calculated
using Compustat data versus Value Line data fayxfiBe 14 years in the study. Kern and

Morris (1994) warned that “[a]nalysts and researsimeed to exercise great care when selecting
databases and variables from those databases. dii@ses can affect the results of and the
inferences drawn from empirical research in waysentioan is anticipated by researchers” (p.
280).

Philbrick and Ricks (1991) examined earnings pare as it was reported in Value Line,
I/B/E/S, and Compustat from 1984 to 1986 and fodifférences across the databases. They
stated that the source of actual EPS data, buanmadysts’ forecast data, had a significant impact
on empirical associations between forecast ermsséock returns.

Yang, Vasarhelyi, and Liu (2003) evaluated dagereed in Compustat and Value Line.
First, they gathered seven variables, found to bstmwften used in empirical research, from each
of the two data sources for 1,479 companies. Taegd that 12.4% of the comparisons had
discrepancies larger than 1% and that 5.02% hasimgigields. Because the discrepancies were
much higher than expected, further analysis wag déwo hundred companies were selected,
and the same seven variables from the first arsalysre obtained from Compustat, Value Line,
and the original financial statements. The autlsategorized discrepancies as explainable
(foreign currency differences, industry factorsy aefinitional factors) or unexplainable (non-

disclosed coding rule differences and coding ejr@se hundred and thirty five unexplainable
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discrepancies were found; 99 of those discrepanades found in Compustat, and 36 were
found in Value Line. A final analysis was done i@mine the impact of using Compustat and
Value Line on the cross-sectional distributionalparties of ratios. Ten of the 11 ratios
examined by Deakin (1976) were calculated by Yé&raj.avith data from Compustat and Value
Line. Yang et al. found that two of the 10 ratisequced significantly different mean, variance,
skewness, and kurtosis measures depending on whiabase was used.

Tallapally, Luehlfing, and Motha (2011) found @ifénces in the amounts for cost of
goods sold reported in Compustat and EDGAR Onbme¥ery company except one in their
sample of 26 manufacturing companies. In a subsecptiedy, Tallapally et al. (2012) compared
the sales/revenue amounts reported by both ContarsdaXBRL for 27 companies for the years
ending after June 30, 2009 but before July 1, 201Dfound that differences did exist. They
stated that reconciliations of the differences wetobvious.

Boritz and No (2013) analyzed and compared fireriacts reported by three data
aggregators—Compustat, Yahoo! Finance, and GoagEe—with those reported in the
associated interactive data renderih@éey found that more than half of the financiait$a
reported in the interactive data renderings weteamailable from the data aggregators. In
addition, of the financial facts that were avaitafsibm both interactive data renderings and data
aggregators, 4.8% of the facts did not match wimenparing from the rendering to the
aggregators and 8% did not match when comparing the aggregators to the rendering. Of

these mismatches, 55.7% were materially different.

7Examining the interactive data, or XBRL, renderiags (or should be) equivalent to examining the RBXSion of
the 10-K and not equivalent to examining XBRL imsta documents. Renderings only show XBRL labels and
formatting, which are required to mirror the PDFKL@ilings. All the interactive data renderings exaed by
Boritz and No (2013) were, in fact, identical te tlelated PDF 10-K filing.
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Chychyla and Kogan (2013) examined 30 accountamgs as reported in Compustat and
plain-text 10-K filings. This was done by startvwgh XBRL 10-K filings and then removing
differences between XBRL 10-K filings and plain#é®-K filings. Five thousand companies
were examined from the period of October 1, 201%dptember 30, 2012. The authors found

that 22 of the 30 accounting items were signifibadifferent between the two data sources.
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V. RESEARCH QUESTIONS AND HYPOTHESES DEVELOPMENT
Based on prior research and preliminary investgeti a significant number of required
accounting elements were expected to be missimg the current XBRL company filings.
Therefore, the expectation was that interactivalgwating the variables required to create
earnings prediction models would not be possibkarisl and Morsfield (2012) comment on this
issue:
... for financial reports, the SEC had mandatkagi through the EDGAR system and
went through the multi-year pain of getting issuanto a web-based filing platform (in
HTML format). Yet, even with this there was poteliyi a need for structuring the data in
a way that it could be easily used interactivelyisiwas the presumed motivation of the
SEC mandating that filings were also done in XBRUut, as articulated above, this is one
of the problems. The SEC’s XBRL mandate had a ptasien (filing)-centric focus
rather than a data-centric focus. That is, theddmcame that of formatting data to
accommodate a specific filing or presentation,eathan on making individual data
points available for the end user to utilize orsgr as they required. (p. 41)
This leads to the first research question:
Research question 1 (RQ: What proportion of the accounting elements ned¢ded
create the earnings prediction models is taggedirent XBRL company filings?
An important step in analyzing the ability of XBRbmpany filings to provide
interactive use of company financial statement data compare the XBRL tags used in XBRL

company filings to the explicitly listed accountiogncepts in companies’ audited 10-Ks. This
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makes it possible to make some determinations akloat types of issues or obstacles exist in
making XBRL company filings interactive. Specifilgalit is important to determine whether
accounting concepts tagged by companies in thBR[Xfilings were explicitly listed in their
audited 10-Ks—and in turn, whether accounting cptsexplicitly listed by companies in their
audited 10-Ks were appropriately tagged in theilRXHilings. This is the procedure that the
SEC expects XBRL company filing preparers to folldwmerefore, the first hypothesis (in null
form) is:

Hypothesis 1 (H): The number of accounting concepts appropriateiged in XBRL

company filings will not be significantly differefitom the number of accounting

concepts explicitly reported in companies’ audit@dKs.

The deficiencies in the current XBRL company fisnare presumed by many to be due
to the SEC'’s protocol, which requires that curdéBRL company filings mimic the related
paper filings. Much of the information required bigers of company filing data is not explicitly
tagged in XBRL company filings. Many of these mmggtags could be automatically populated
based on component XBRL tags by a function incafsat directly into the XBRL taxonomy.
This more complete set of XBRL filings is referedas “fully populated XBRL company
filings.” Fully populated XBRL company filings adBRL filings whose missing tags have been
automatically populated based on component XBRE,tpgtentially making XBRL financial
statement data more useful by providing a more ¢et@gollection of accounting concepts that
could be extracted without manual calculation. &ample, if a company tagged an amount for
current liabilities and noncurrent liabilities—hbut for total liabilities—in its XBRL filing, the
amount for total liabilities could be calculatedfopctionality built into the XBRL taxonomy

that sums the amounts for current liabilities andaurrent liabilities. The reason this can be
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done is because the hierarchy of the tags and lheywrelate to one another (parent elements,
child elements, sibling elements, etc.) is alreladlijt into the XBRL taxonomy. Figure 6

displays the relationship of these three tags awslhin the XBRL taxonomy.

Details Relationships | Tree Locations
Liabilities

104000 - Statement - Statement of Financial Position, Classified

Figure & Relationships view for liabilities within the XBRaxonomy

Although not all missing tags can be automaticptipulated, fully populated XBRL filings are
expected to have improved usability compared tacthieent XBRL filings. Fully populating
XBRL company filings was achieved by first ideniifg the required XBRL elements needed
from the XBRL company filings in order to create tiwo earnings prediction models used in
this study. Any missing XBRL elements were investiggl to see if they could be manually
calculated solely based on the existence of sefftatcomponent elements. This was done to
mimic the process that functionality built direcihfo the XBRL taxonomy could perform. If
any XBRL element required human subjectivity tacaédte, it was not manually populated, and
none of the balances tagged by a preparer weredlie any way.

To illustrate, consider the previously cited exaengli a company choosing to display its

liabilities section on its balance sheet of theggpDF 10-K as follows:
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Current liabilities:

Accounts payable $ 100,000
Other current liabilities 25,000
Total current liabilities 125,000
Long-term debt 75,000

According to the SEC’s protocol for the preparaidrXBRL company filings, the preparer of
this company’s XBRL 10-K filing should not tag amaunt for total liabilities because it does
not explicitly appear on the face of the paper/ADIK, which is purely a formatting issue. In
order to make the XBRL company filing fully popuedt the XBRL tag for total liabilities would
be filled in with the missing $200,000. If the coamy had erroneously tagged long-term debt
with anything other than a positive 75,000, thgtwauld not be filled in for the analysis
because this would be an error created by the prepwt by the SEC’s protocol for the
preparation of XBRL company filings.
This process was not subjective on the part oféeearcher, as missing amounts were
filled in only if:
1. The necessary component information was available.
» For example, if current liabilities and long-teriabilities were given, then total
liabilities could be determined by adding them tbge.
2. The preparer did not fill in a tag for that balareand should not have, according to
the SEC.
» This would be the case if the balance was not eiXlgliisted on the audited

10-K.
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This leads to the next research question:

Research question 2 (Rg): What proportion of the accounting elements ned¢ded

create the earnings prediction models is taggédliywpopulated XBRL company

filings?

The evaluation of the advantages of the fully pappd XBRL company filings are
important because, as previously stated, the SEH®#er proponents of XBRL argue that
XBRL company filing data offers a number of advaetsover the data provided by data
aggregators, such as lower cost, quicker avaitgpbdnd broader coverage of companies.
Therefore, examining the abilities of XBRL compditiyng data compared to that of data
provided by data aggregators is worthwhile. Theessanumber of possible areas in research and
practice that could be explored. One important &earnings prediction. Understanding how
the different data sources affect the predictiazueacy of an earnings prediction model is
important in order to improve upon later earninge€asting models. It may also illustrate how
disparities in research results exist dependintherdata source used. This leads to the final
hypothesis (in null form):

Hypothesis 2 (R): Earnings prediction models created using fullpydated XBRL

company filing data will not predict earnings waéldifferent accuracy as earnings

prediction models created using Compustat data.
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V. RESEARCH DESIGN

The sample for this study was drawn from the congsathat made up the Standard &
Poor’s 500 Index (S&P 500) as of December 31, 20bh2se large companies were chosen as
the sample because XBRL company filing data becamdable in 2009 only for companies
with a market capitalization of more than $5 billidata from 2009 was required for this study.
Seventy of these 500 companies were financialtuigins, and because their disclosure and
presentations standards differ from other typesoafipanies, they were eliminated from the
sample. Of the remaining 430 companies, 134 werdredted because they were not first-year
filers and therefore insufficient information wasdable as of the time of the study (a first-year
filer is a company required to begin filing its KOdsing XBRL on or after September 15, 2009).
The final main sample included 296 companies tleewart of the S&P 500 on December 31,
2012, and these companies were used to evaluateTRQle 1 lists descriptive statistics for the

296 companies in the sample.
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Table 1

Descriptive Statistics for Companies Included imBke

N Frequency Percent

Stock New York Stock Exchange 296 236 79.73

Exchange | NASDAQ-NMS Stock Market 296 60 20.27

Size < $1,000,000,000 296 1 0.34

(Revenues) $1,000,000,000 - $5,000,000,000 296 63 21.28

$5,000,000,000 - $10,000,000,000 296 71 23.99

$10,000,000,000 - $50,000,000,000 296 123 41.55

$50,000,000,000 - $100,000,000,000 296 24 8.11

< $100,000,000,000 296 14 4.73

Industry Agriculture, Forestry & Fishing (01-09) 296 1 0.34

(SIC Code)| Mining (10-14) 296 28 9.46

Construction (15-17) 296 3 1.01

Manufacturing (20-39) 296 137 46.28
Transportation, Communications, Electric,

Gas & Sanitary Services (40-49) 296 52 17.57

Wholesale Trade (50-51) 296 6 2.03

Retail Trade (52-59) 296 26 8.78

Finance, Insurance & Real Estate (60-67) 296 5 1.69

Services (70-89) 296 37 12.50

Public Administration (91-99) 296 1 0.34

Descriptive statistics for the 296 companies ingammple used to evaluate RQ

A sub-sample (50 companies) of the 296 companissritbed above was also taken for
additional analyses. A sub-sample of 50 was usethéadditional analyses due to the fact that
this process involved a great deal of manual daltaation and calculations. This sub-sample
was chosen at random by assigning each of the @@@anies a random number, after which the
list was sorted in ascending order by the randombrar. The first 50 companies on the list were
included in the sub-sample. This sub-sample wag tssaddress HRQ, and H.

XBRL financial statement data was obtained from286 companies’ XBRL filings
using XBRLAnalyst. XBRLAnalyst is an Excel add-ireated by FinDynamics that allows the

import of specific XBRL data elements into Excetesplsheets using download features and
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Excel function calls. Audited financial statemeatalwas also obtained from the HTML 10-K
reports in the EDGAR database repository, and thrafilistat data was extracted from the
Compustat Annual Fundamentals database for th@Bpany sub-sample.

RQ addresses the availability of accounting elem#raiscan be interactively obtained
with current XBRL company filings. Specifically, R@sks the following:

What proportion of the accounting elements needexldate the earnings prediction

models is tagged in current XBRL company filings?

The variables needed for the earnings predictiodetscare listed in Table 2. The exact
calculations for each of the variables, including Compustat data items and XBRL tags that

were used in this study, are listed in Appendix A.
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Table 2

Variables Required to Create the Earnings Preditiidodels

%A in current ratio

%A in inventory turnover

Inventory / total assets

%A in (inventory / total assets)

%A in inventory

%A in sales

A in dividend per share

%A in (capital expenditures / total assets)
%A in debt-equity ratio

10 Return on closing equity

11  Gross margin ratio

12  Sales to total cash

13 %A in total assets

14  Working capital / total assets

15  Operating income / total assets

16  Cash dividend as % of cash flows

17  Ain earnings per share - drift

18 %A ininventory - %A in sales

19 %A in industry capital expenditures - Aoin firm capital expenditures
20 %A in sales - % in gross margin

21 %A in selling and administrative expenses A% sales
22 Ofor LIFO, 1 for FIFO or other

23  Ain earnings per share

O©CO~NOUILPA,WNBE

The variables needed to create the O&P Earning$id®ien Model and the A&B Earnings Prediction
Model.

To evaluate RQ the proportion of accounting concepts exactlyamiaiy the 70
identified concepts that were found in the 296 XB&Iimpany filings were calculated.

H: states that the number of accounting conceptethggpropriately in XBRL filings is
not significantly different from the number of eiqgitly reported accounting concepts in
companies’ audited 10-K reports for the 70 accagntioncepts required to calculate the

variables needed for the earnings prediction models
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To test H, a search was performed in each company’s autlied report to determine
which of the 70 accounting concepts required toymate the 46 variables used in the analysis
were explicitly listed. Each company’s XBRL filimgas searched to identify which of the 70
XBRL elements were present. A paired-samples twastconducted to analyze differences
between the number of explicit accounting concépiad in the audited 10-K reports and the
number found in the XBRL filings. An alpha level@D5 was used for this test. The 50
company sub-sample was used for this analysis.

RQ. addresses the availability of accounting elemdrdsdan be interactively obtained
with fully populated XBRL company filings. Speciéity, RQ asks the following:

What proportion of the accounting elements needexldate the earnings prediction

models is tagged in fully populated XBRL companyn{s?

Fully populated XBRL company filings are XBRL filys whose missing tags have been
automatically populated based on component XBRE.t&bis is a function that could be
incorporated into the XBRL taxonomy, potentiallykimg XBRL financial statement data more
useful by providing a more complete collection of@unting concepts that could be extracted
without manual calculation. For example, if a comptagged an amount for current liabilities
and noncurrent liabilities—but not for total liab#s—in its XBRL filing, the amount for total
liabilities could be calculated by functionalityithiinto the XBRL taxonomy that sums the
amounts for current liabilities and noncurrent lisies. The reason this can be done is because
the hierarchy of the tags and how they relate toamother (parent elements, child elements,
sibling elements, etc.) is already built into thBRL taxonomy. Figure 7 displays the

relationship of these three tags as shown in thRIX&xonomy.
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Details Relationships | Tree Locations
Liabilities

104000 - Statement - Statement of Financial Position, Classified

Figure 7. Relationships view for liabilities within the XBRaxonomy.

Although not all missing tags can be automaticptipulated, fully populated XBRL
filings are expected to have improved usability paned to the current XBRL filings.
To evaluate Rg) the required XBRL elements needed from the XBRinpany filings to create
the two earnings prediction models were identifi&dy missing XBRL elements were
investigated to see if they could be manually dated solely based on the existence of
sufficient component elements. This was done toimihe process that functionality built
directly into the XBRL taxonomy could perform. liyaXBRL element required human
subjectivity to calculate, it was not manually ptted, and none of the balances tagged by a
preparer were altered in any way. As illustrateglvusly, consider the example of a company
choosing to display its liabilities section onhi@gance sheet of the paper/PDF 10-K as follows:

Current liabilities:

Accounts payable $ 100,000
Other current liabilities _ 25,000
Total current liabilities 125,000
Long-term debt 75,000

According the SEC’s protocol for preparation of XBBompany filings, the preparer of this
company’s XBRL 10-K filing should not tag an amotfmt total liabilities because it does not
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explicitly appear on the face of the paper/PDF 1QvKich is purely a formatting issue. In order
to make the XBRL company filing fully populatedetXBRL tag for total liabilities would be
filled in with the missing $200,000. If the compamgd erroneously tagged long-term debt with
anything other than a positive 75,000, that tagldowt be filled in for the analysis because this
would be an error created by the preparer, nohbySEC'’s protocol for the preparation of
XBRL company filings.

This process was not subjective on the part oféeearcher, as missing amounts were
filled in only if:

1. The necessary component information was available.

» For example, if current liabilities and long-teriabilities were given, then total
liabilities could be determined by adding them tbge.

2. The preparer did not fill in a tag for that balareand should not have, according to

the SEC.

* This would be the case if the balance was not eilgliisted on the paper 10-K.
The data set created from this process is refeéorad “fully populated XBRL filings.”
The proportion of accounting concepts exactly matghhe 70 identified concepts that were
found in the fully populated XBRL company filingseve calculated.

H> states that earnings prediction models createdydslly populated XBRL company
filing data will not predict earnings with a difesit accuracy as earnings prediction models
created using Compustat data. The SEC requirescprdoshpanies to file financial statements in
XBRL format so that users can access company @atlyeCompustat has commonly been used

as a data source for users to access companyltiatafore, it is worthwhile to explore
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differences in these data sources—in particular attility of XBRL company data and
Compustat data to predict future earnings.

Two earnings prediction models were used in theeotiistudy. The variables included in
the first earnings prediction model (hereafter,"t@&P Earnings Prediction Model”) were those
determined by Ou and Penman (1989a, 1989Db) to timalpn predicting future earnings, with
some removed due to a lack of observations anddagielations. The second earnings
prediction model (hereafter, the “A&B Earnings Rotidn Model”) included the variables used
by Abarbanell and Bushee (1997, 1998) in their iegsprediction model, with some variables
excluded due to a lack of observations.

Ou and Penman’s (1989a, 1989b) final earningsigiied model included 26 variables
(25 independent variables and one dependent vajidliie way in which they determined these
26 variables was through a statistical approacha@uPenman calculated a summary measure
that predicted the direction of future earningsdach company in their sample. This summary
measure, denoteRl-, was calculated based on 68 ratios. Ou and Petimarcalculated
univariate logistic regression estimations on exfdhe 68 ratios from the estimation period to
determine which variables predicted future earncigages. Those variables that exhibited
predictive ability of one-year ahead earnings cleang the univariate logistic regression were
then included in a multivariate model. Any variabtet significant in the multivariate model
were removed. Finally, each remaining variable astgnated step-wise, retaining only the
variables still significant. These variables aneiitlassociated weights calculated during the
estimation period were used to calculBtefor every company in their sample during the

prediction period as follows:

Pry = [1 + exp(—=8'X;)]*?
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whereX;, is the set of ratios for firmin fiscal yeat andd is the set of estimated coefficient
weights.

The O&P Earnings Prediction Model created in thiglg includes 12 of Ou and
Penman’s (1989a, 1989b) variables (11 independardbtes and one dependent variable). Two
of the variables included in Ou and Penman’s (198989b) earnings prediction model were
excluded because there were no observations isatin@le, and six additional variables were
excluded due to very few observations in the sangilemore variables were then removed
because of high correlations with other variabtethe model. The final 12 variables used in the
O&P Earnings Prediction Model are listed in Tahl@Be exact calculations for each of the
variables, including the Compustat data items aB&Xtags that were used in this study, are
listed in Appendix A.

Table 3

Variables Required to Create the O&P Earnings Pciadin Model

%A in current ratio

Inventory / total assets

%A in inventory

%A in sales

A in dividend per share

%A in (capital expenditures / total assets)
%A in debt-equity ratio

Return on closing equity

%A in total assets

10 Working capital / total assets

11 Cash dividend as % of cash flows

12 Ain earnings per share - drift
The final 12 variables used in the O&P Earningsifeteon Model.

O©CO~NOULPE,WN B

Abarbanell and Bushee’s (1997, 1998) final earnprgsliction model included 10
variables (nine independent variables and one digpevariable). These variables were

originally identified by Lev and Thiagarajan (1998)ing a guided search. Lev and Thiagarajan
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(1993) identified the ratios used most by investorassess the quality and growth of earnings
by searching@’he Wall Street JournaBarron’s, Value Line publications, newsletters of major
securities firms, and professional commentariesayporate financial reporting and analysis.
They determined that these variables were relat@uventory; accounts receivable; capital
expenditures; research and development; gross maejling and administrative; provision for
doubtful receivables; effective tax rate; orderkbag; labor force; last-in, first-out earnings; and
audit qualification. However, Lev and Thiagarajaf943) eliminated the ratios related to order
backlog, provision for doubtful receivables, ansle@ch and development in their final sample
in order to substantially increase the sample @imbmake the sample more representative.
Abarbanell and Bushee (1997, 1998) also usedhediinal nine ratios in their studies. Each of
these ratios was “specifically motivated by argutadar why these signals would be expected,
a priori, to be related to future earnings changes” (Ab@band Bushee, 1998, p. 22).

The current study used six of these 10 variables {idependent variables and one
dependent variable), eliminating the audit quadificn variable because it was not available in
XBRL company filings, the effective tax rate val@abecause there were no observations in the
sample, and the accounts receivable and labor f@ecables because there were very few
observations in the sample. The variables useldeA&B Earnings Prediction Model are listed
in Table 4. The exact calculations for each ofitagables, including the Compustat data items

and XBRL tags that were used, are listed in AppeAdi
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Table 4
Variables Required to Create the A&B Earnings Pcidn Model

% A in inventory - %A in sales

% A in industry capital expenditures - Aoin firm capital expenditures
% A in sales - %\ in gross margin

% A in selling and administrative expenses A% sales

0 for LIFO, 1 for FIFO or other

A in earnings per share

The final six variables used in the A&B Earningedction Model.

OO WNPE

To test H, the fully populated XBRL filing data set creafed RQ, was used to create the
two earnings prediction models. These same modeis then created using data from the
Compustat database. The models were created byciimgl amultiple regression to estimate
annual earnings based on Compustat data and thietiyopopulated XBRL company datar
the year 2009. This was done using the variableth&O&P Earnings Prediction Model as well
as the A&B Earnings Prediction Model. Four modalsli were created (O&P Earnings
Prediction Model using fully populated XBRL compathgta, O&P Earnings Prediction Model
using Compustat data, A&B Earnings Prediction Madehg fully populated XBRL company
data, and A&B Earnings Prediction Model using Costptidata). After the models were
created, the coefficients calculated during theregton period (2009) were used to predict
future earnings during the prediction period (20fbt)each company in the sample. For each
observation, the squared residual was computedimyrisg the difference between the actual
earnings value and the regression-based predid&icomparison of the mean of the two sets of
squared residuals for each model was conducted asiaired t-test. A level of significance of
0.05 was used in the paired t-test. There would ignificant difference in the squared
residuals if the value of the paired t-test result was less thaggoial to the level of significance

value of 0.05. If they were significantly differemthen this result would suggest that one of the
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sets of data (XBRL or Compustat) had a lower megaied error and thus a higher accuracy
than the other set of data. On the other handnasigmificant difference would indicate that

neither set of data was more accurate at predi@titnge earnings than the other set of data.
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VI. RESULTS

An attempt was made to collect XBRL financial sta¢st data for the 70 accounting
concepts that are required to calculate the 4@&kbkas needed for the two earnings prediction
models utilized in this study in order to determiiha sufficient number of required accounting
concepts were available from current XBRL compaliygs. In addition, the comparability of
information in the XBRL filings and the audited KOreports was explored. This was
accomplished by comparing explicitly listed accangiconcepts required in this study in the
companies’ audited 10-K reports and the taggednmition in their XBRL filings. There was
also an attempt made to “fully populate” the cutpéBRL filings. In other words, for any
accounting concepts required for this study thaewet tagged in the XBRL filings, a
structured attempt based on a specific set of mubssmade to calculate and populate those
accounting concepts based on other accounting ptstagged within the same XBRL filings.
This was done in order to mimic a process thakiBRL taxonomy itself could perform and to
evaluate the increased usability of an XBRL filthgt contains a more complete set of data.
Finally, the two earnings prediction models wermeated using both Compustat data and fully
populated XBRL company filing data. A comparisorsvmaade as to which data set could
predict future earnings changes more accurately.

RQ1 poses the question: “What proportion of the actiagrelements needed to create
the earnings prediction models is tagged in curk@RL company filings?” Seventy XBRL
accounting concepts were required to calculatédeariables needed for the two earnings

prediction models utilized in this study.
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To evaluate RQ the number of explicitly tagged XBRL accountir@ncepts required to
compute the 46 variables found in the current XBRRimpany filings were counted and the
proportion of accounting concepts exactly matchimg70 identified concepts was calculated.

Table 5 contains the results of RQ
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Table 5

Results of RQ Proportion of Data Complete in Current XBRL Compdilings

2012 2011 2010
95% 95% 95%
Confidence Confidence Confidence
Interval Interval Interval
XBRL Element Names Proportion Lower Upper Proportion Lower Upper Proportion Lower Upper
Assets 0.993 0.976  0.999 0.993 0.976  0.999
AssetsCurrent 0.983 0.961  0.994 0.983 0.961 0.994
CashAndCashEquivalentsAtCarryingValue 0.986 0.966 0.996
CommonStockDividendsPerShareDeclared 0.581 0.523.638 0.578 0.519 0.635
CostOfRevenue 0.182 0.140 0.231 0.193 0.149 0.242
GrossProfit 0.412 0.356 0.471 0.416 0.359 0.474
IncomeLossFromContinuingOperationsPerBasicShare  760.4 0.418 0.535 0.497 0.438 0.555 0.493 0.435 0.552
InventoryNet 0.774 0.722  0.820 0.774 0.722  0.820
InventoryPolicyTextBlock 0.764 0.711 0.811
Liabilities 0.561 0.502 0.618 0.574 0.516 0.631
LiabilitiesCurrent 0.983 0.961  0.994 0.980 0.956  0.993
NetCashProvidedByUsedInOperatingActivities 0.882 0.839 0.916
OperatinglncomelLoss 0.858 0.813 0.896
PaymentsOfDividends 0.334 0.281 0.391
PaymentsToAcquirePropertyPlantAndEquipment 0.743 0.690 0.792 0.740 0.686  0.789
ProfitLoss 0.672 0.616  0.725
SalesRevenueNet 0.486 0.428  0.545 0.490 0.432 0.548
SellingGeneralAndAdministrativeExpense 0.639 80.5 0.693 0.645 0.588 0.700
StockholdersEquitylncludingPortionAttributable ToNo 0.716 0.661 0.767 0.747 0.693 0.795

ncontrollingInterest

Proportions and 95% confidence intervals of acdagreglements needed for the O&P and A&B earningsligtion models found in current XBRL company

filings of 296 companies.

Note Some cells are blank because those variablesnwatmgeeded for certain years to create the easmpregdiction models.
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Table 5 continued

Results of RQ Proportion of Data Complete in Current XBRL Compdilings

2009 2008 2007
95% 95% 95%
Confidence Confidence Confidence
Interval Interval Interval
XBRL Element Names Proportion Lower Upper Proportion Lower Upper Proportion Lower Upper
Assets 0.993 0.976  0.999 0.983 0.961  0.994
AssetsCurrent 0.983 0.961 0.994 0.983 0.961  0.994
CashAndCashEquivalentsAtCarryingValue 0.990 0.971.998®
CommonStockDividendsPerShareDeclared 0.497 0.4385550. 0.476 0.418 0.535
CostOfRevenue 0.189 0.146  0.239 0.193 0.149 0.242
GrossProfit 0.426 0.369 0.484 0.365 0.310 0.423 0.341 0.287 980.3
IncomeLossFromContinuingOperationsPerBasicShare  070.5 0.448 0.565 0.470 0.412 0.528 0.419 0.362 0.477
InventoryNet 0.770 0.718 0.817 0.743 0.690 0.792
InventoryPolicyTextBlock 0.044 0.024 0.074
Liabilities 0.561 0.502 0.618 0.534 0.475  0.592
LiabilitiesCurrent 0.983 0.961  0.994 0.980 0.956  0.993
NetCashProvidedByUsedInOperatingActivities 0.929 89@. 0.956
OperatinglncomelLoss 0.855 0.809 0.893
PaymentsOfDividends 0.361 0.307 0.419
PaymentsToAcquirePropertyPlantAndEquipment 0.750 69D. 0.798 0.743 0.690 0.792 0.716 0.661 0.767
ProfitLoss 0.689 0.633 0.741
SalesRevenueNet 0.470 0.412  0.528 0.446 0.388  0.505 0.412 0.356 7104
SellingGeneralAndAdministrativeExpense 0.642 0.5840.697 0.628 0.571 0.684 0.611 0.553 0.667

StockholdersEquityIncludingPortionAttributableToNo  0.757 0.704 0.805 0.764 0.711 0.811
ncontrollingInterest

Proportions and 95% confidence intervals of acdagrglements needed for the O&P and A&B earningsligtion models found in current XBRL company
filings of 296 companies.
Note Some cells are blank because those variablesvatmeeded for certain years to create the essmingdiction models.




Table 5 illustrates that 23 of the 70 accountingoepts had proportions of less than 0.50
complete data in the current XBRL company filingsthis sample. This suggests that current
XBRL company filings cannot be used to interacgvepture the accounting elements
necessary to calculate the ratios required to ereatnings prediction models in this study.

H. states that the number of accounting conceptsethggpropriately in XBRL filings
will not be significantly different from the numbef explicitly reported accounting concepts in
companies’ audited 10-K reports for the 70 accagntioncepts required to calculate the
variables needed for the earnings prediction modéls results of the paired-samples t-test of

H, are listed in Table 6.
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Table 6

Results of it Comparison of Explicitly Reported Accounting Cepis in the Audited 10-K Reports to Explicitly Ted@dccounting
Concepts in the Company XBRL Filings

9

2012 2011 2010

XBRL Element Names t df  p (two- t df p (two- t daf  p (two-

tailed) tailed) tailed)
Assets 1.000 49 0.322 NA NA NA
AssetsCurrent 1.000 49 0.322 NA NA NA
CashAndCashEquivalentsAtCarryingValue -1.000 490.322
CommonStockDividendsPerShareDeclared 1.288 49 2040. -3.280 49 0.002
CostOfRevenue -5.755 49 <0.001 -4.950 49 <0.001
GrossProfit 1.769 49 0.083 1.769 49 0.083
IncomeLossFromContinuingOperationsPerBasicShare  -5.715 49 <0.00I" -5.715 49 <0.001 -5.715 49 <0.001
InventoryNet -1.429 49 0.159 -1.000 49 0.322
InventoryPolicyTextBlock -0.629 49 0.533
Liabilities 1.769 49 0.083 2.064 49 0.044
LiabilitiesCurrent NA NA NA NA NA NA
NetCashProvidedByUsedInOperatingActivities -5.5849 0.013
OperatinglncomeLoss 1.769 49 0.083
PaymentsOfDividends -5.715 49 <0.001
PaymentsToAcquirePropertyPlantAndEquipment -2.4449 0.018 -1.950 49 0.057
ProfitLoss -5.480 49 <0.001
SalesRevenueNet -3.562 49 0.001 -2.682 49 0.010
SellingGeneralAndAdministrativeExpense NA NA NA NA NA NA
StockholdersEquityIncludingPortionAttributable ToNamtr -4.149 49 <0.001 -4.149 49 <0.001

ollingInterest

Note A significant result would indicate that theraisignificant difference in the number of expliciteported accounting concepts in the audited 10-K
reports compared to the number of explicitly taggedounting concepts in the current XBRL compaligds. Some cells are blank because those variables
were not needed for certain years to create thereg prediction models.
N/A - Thet could not be computed because the standard drtioe difference is zero.

* p value is significant at the 0.05 level (two-tajled
** pvalue is significant at the 0.01 level (two-tajed
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Table 6 continued

Results of it Comparison of Explicitly Reported Accounting Cepis in the Audited 10-K Reports to Explicitly Ted@dccounting

Concepts in the Current XBRL Company Filings

2009 2008 2007

XBRL Element Names t df p (two- t df p (two- t df p (two-

tailed) tailed) tailed)
Assets NA NA NA NA NA NA
AssetsCurrent NA NA NA NA NA NA
CashAndCashEquivalentsAtCarryingValue -1.000 49 22.3
CommonStockDividendsPerShareDeclared -3.280 49 20.00-2.189 49  0.033
CostOfRevenue -6.461 49 <0.001 -6.205 49 <0.001
GrossProfit 2.064 49 0.044 1.429 49 0.159 NA NA NA
IncomeLossFromContinuingOperationsPerBasicShare 7155. 49 <0.001 -5.480 49 <0.001 -5.715 49 <0.001
InventoryNet -1.000 49 0.322 -0.573 49 0.569
InventoryPolicyTextBlock -14.941 49 <0.001
Liabilities 2.064 49 0.044 1.429 49 0.159
LiabilitiesCurrent NA NA NA NA NA NA
NetCashProvidedByUsedInOperatingActivities -2.3339 4 0.024
OperatinglncomeLoss NA NA NA
PaymentsOfDividends -5.480 49 <0.001
PaymentsToAcquirePropertyPlantAndEquipment -2.8249 40.007 -2.447 49 0.018 -3.500 49 0.001
ProfitLoss -5.024 49 <0.001
SalesRevenueNet -3.562 49 0.001 -3.988 49 <0.001 -4.365 49 <0.001
SellingGeneralAndAdministrativeExpense NA NA NA 0Q0 49 0.322 NA NA NA
StockholdersEquityincludingPortionAttributableTodomt  -4.149 49 <0.001 -4.149 49 <0.001

rollinginterest

Note A significant result would indicate that theraisignificant difference in the number of expliciteported accounting concepts in the audited 10-K
reports compared to the number of explicitly taggedounting concepts in the current XBRL compaligds. Some cells are blank because those variables
were not needed for certain years to create theregr prediction models.

N/A - Thet could not be computed because the standard drtioe difference is zero

* p value is significant at the 0.05 level (2-tailed)
** pvalue is significant at the 0.01 level (2-tailed)




These results indicate a significant differencthmnumber of concepts explicitly
reported in XBRL filings compared to the numbercohcepts explicitly reported in audited
10-K reports for 36 of the 70 accounting concephese 36 accounting concepts are
components of 31 of the 46 variables, which mehatG7% of the 46 variables would be
incalculable or would return erroneous results.

An example of this difference is that a company maye total revenues listed in its
audited 10-K report but have revenues tagged MBRL filing. The definition for the tag
SalesRevenueNet, the accounting concept requirdddcearnings prediction models, in the
XBRL taxonomy is: “Total revenue from sale of go@hal services rendered during the
reporting period, in the normal course of businesduced by sales returns and allowances, and
sales discounts” (Financial Accounting Standardar802012). The definition for the tag
Revenues in the XBRL taxonomy is: “Aggregate reweracognized during the period (derived
from goods sold, services rendered, insurance pir@sjior other activities that constitute an
entity’s earning process). For financial servicesipanies, also includes investment and interest
income, and sales and trading gains.” (Financialofiating Standards Board, 2012) Therefore,
the tag Revenues could be used for a nonfinancrapany and/or a financial company, whereas
the tag SalesRevenueNet should only be used fonfnancial company. Although using the
tag Revenues is a perfectly acceptable way for emimeg to prepare their XBRL filings, this
example illustrates the hurdles present for invgsido wish to automate their analysis
activities using XBRL filings.

RQ: poses the question: “What proportion of the actiagrelements needed to create
the earnings prediction models is tagged in fubpyated XBRL company filings?” Fully

populated XBRL company filings are XBRL filings wd® missing tags have been automatically
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populated based on component XBRL tags. This isetion that could be incorporated into the
XBRL taxonomy, potentially making XBRL financialsdement data more useful by providing a
more complete collection of accounting concepts ¢bald be extracted without manual
calculation. Although not all missing tags couldhgomatically populated, fully populated
XBRL filings were expected to have improved us#pitiompared to the current XBRL filings.
To evaluate RQ the number of XBRL accounting concepts requicedampute the 46
variables found in the fully populated XBRL compdiiygs were counted and the proportion of
accounting concepts exactly matching the 70 idedti€oncepts were calculated. Table 7

contains the results of RQ

65



99

Table 7

Results of R& Proportion of Data Complete in Fully Populated RB Company Filings

2012 2011 2010
95% 95% 95%
Confidence Confidence Confidence
Interval Interval Interval
XBRL Element Names Proportion Lower Upper Prop Lower Upper Proportion Lower Upper
ortio
n

Assets 1.000 0.929 1.000 1.000 0.929  1.000
AssetsCurrent 1.000 0.929 1.000 1.000 0.929 1.000
CashAndCashEquivalentsAtCarryingValue 0.980 0.894  0.999
CommonStockDividendsPerShareDeclared 1.000 0.929.000 1.000 0.929 1.000
CostOfRevenue 0.880 0.757  0.955 0.880 0.757  0.955
GrossProfit 0.860 0.733  0.942 0.860 0.733  0.942
IncomeLossFromContinuingOperationsPerBasicShare 400.9 0.835 0.987 0.940 0.835 0.987 0.940 0.835 0.987
InventoryNet 1.000 0.929 1.000 1.000 0.929 1.000
InventoryPolicyTextBlock 1.000 0.929 1.000

Liabilities 1.000 0.929 1.000 1.000 0.929  1.000
LiabilitiesCurrent 1.000 0.929 1.000 1.000 0.929  1.000
NetCashProvidedByUsedInOperatingActivities 1.000 0.929 1.000

OperatinglncomelLoss 0.900 0.782 0.967

PaymentsOfDividends 1.000 0.929 1.000
PaymentsToAcquirePropertyPlantAndEquipment 0.940.835 0.987 0.940 0.835 0.987
ProfitLoss 1.000 0.929 1.000

SalesRevenueNet 1.000 0.929 1.000 1.000 0.929  1.000
SellingGeneralAndAdministrativeExpense 0.800 68.6 0.900 0.800 0.663 0.900
StockholdersEquitylncludingPortionAttributable ToNommt 1.000 0.929 1.000 1.000 0.929 1.000

rollingInterest

Proportions and 95% confidence intervals of acdagreglements needed for the O&P and A&B earningsligtion models found in fully populated XBRL

company filings of 50 companies.

Note Some cells are blank because those variablesva¢meeded for certain years to create the essmingdiction models.
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Table 7 continued

Results of R& Proportion of Data Complete in Fully Populated RB Company Filings

2009 2008 2007
95% 95% 95%
Confidence Confidence Confidence
Interval Interval Interval
XBRL Element Names Proportion Lower Upper Proportion Lower Upper Proportion Lower Upper
Assets 1.000 0.929  1.000 1.000 0.929 1.000
AssetsCurrent 1.000 0.929  1.000 1.000 0.929 1.000
CashAndCashEquivalentsAtCarryingValue 0.980 0.894 .999
CommonStockDividendsPerShareDeclared 1.000 0.9290001. 0.920 0.808 0.978
CostOfRevenue 0.880 0.757  0.955 0.880 0.757  0.955
GrossProfit 0.860 0.733  0.942 0.860 0.733  0.942 0.860 0.733 420.9
IncomeLossFromContinuingOperationsPerBasicShare  400.9 0.835 0.987 0.940 0.835 0.987 0.940 0.835 0.987
InventoryNet 1.000 0.929  1.000 1.000 0.929 1.000
InventoryPolicyTextBlock 1.000 0.929 1.000
Liabilities 1.000 0.929  1.000 1.000 0.929 1.000
LiabilitiesCurrent 1.000 0.929  1.000 1.000 0.929 1.000
NetCashProvidedByUsedInOperatingActivities 1.000 929. 1.000
OperatinglncomelLoss 0.900 0.782 0.967
PaymentsOfDividends 1.000 0.929 1.000
PaymentsToAcquirePropertyPlantAndEquipment 0.960 863. 0.995 0.960 0.863 0.995 0.940 0.835 0.987
ProfitLoss 1.000 0.929  1.000
SalesRevenueNet 1.000 0.929  1.000 1.000 0.929 1.000 1.000 0.929 001.0
SellingGeneralAndAdministrativeExpense 0.800 0.6630.900 0.800 0.663 0.900 0.800 0.663 0.900
StockholdersEquityIncludingPortionAttributableToNo  1.000 0.929 1.000 1.000 0.929 1.000

ncontrollingInterest

Proportions and 95% confidence intervals of acdagreglements needed for the O&P and A&B earningsligtion models found in fully populated XBRL

company filings of 50 companies.

Note Some cells are blank because those variablesvatmeeded for certain years to create the essmingdiction models.




Table 7 illustrates that none of the 70 accountimigcepts had proportions of less than
0.50 complete data in the fully populated XBRL ca@amypfilings for this sample. The lowest
proportion of data was 0.80, which was for selliggneral, and administrative expense.
Although not all of the accounting concepts reqiiiice the two earnings prediction models
could have been automatically calculated by sofwtre fully populated XBRL filings provides
more information to users than the current XBRIngs.

H> states that earnings prediction models createduslly populated XBRL company
filing data will not predict earnings with a difesit accuracy as earnings prediction models
created using Compustat data. Although fully potrdpthe XBRL company filings eliminated
many of the deficiencies inherent in current XBRImpany filings, it is believed that the values
reported in Compustat have been changed (standdjdtnough to be significantly different
from the values reported in the XBRL company fiing is unclear, based on the previous
literature, if this standardization of financiahtgment information improves or deteriorates the
data’s usefulness. This portion of the study ingeses the accuracy to which XBRL company
filing data can predict future earnings compareth&t of Compustat data.

To test H, the fully populated XBRL filing data set creafed RQ. was used to create the
two earnings prediction models. These same modeis then created using data from the
Compustat database. The models were created byciimgl amultiple regression to estimate
annual earnings based on Compustat data and tised b&ully populated XBRL company
datafor the year 2009. This was done using the vaemfdr theO&P Earnings Prediction
Model as well as the A&B Earnings Prediction Mod&ur models in all were created (O&P
Earnings Prediction Model using fully populated XBBompany data, O&P Earnings Prediction

Model using Compustat data, A&B Earnings Predictitmdel using fully populated XBRL
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company data, and A&B Earnings Prediction Modehgstompustat data). After the models
were created, the coefficients calculated durimgetstimation period (2009) were used to predict
future earnings during the prediction period (20fbt)each company in the sample. For each
observation, the squared residual was computedimyrisg the difference between the actual
earnings value and the regression-based predid&icomparison of the mean of the two sets of
squared residuals for each model was conducted asiaired t-test. A level of significance of
0.05 was used in the paired t-test. There would ignificant difference in the squared
residuals if the value of the paired t-test result was less thaggoial to the level of significance
value of 0.05. If they were significantly differemthen this result would suggest that one of the
sets of data (XBRL or Compustat) had a lower megraued error and thus a higher accuracy
than the other set of data. On the other handnasigmificant difference would indicate that
neither set of data was more accurate at predi@tituge earnings than the other set of data. This
process, along with the associated results, ar@ided in more detail below. Most important to
note, however, is that it was possible to creadsdlearnings prediction models with fully
populated XBRL company filing data, while it wag possible to do so using current XBRL

company filing data.

O&P Earnings Prediction Model

A multiple regression was conducted to estimataiah@arnings using the fully populated
XBRL filing data based on the year 2009 (the edfiomaperiod) for the O&P Earnings
Prediction Model. The original earnings predictrondel created by Ou and Penman (1989a,
1989Db) included 25 predictor variables. Two of éheariables were excluded because of no

observations in the XBRL company filings and beeanfsno observations for one of the
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variables and only five observations for the otrerable in the Compustat database for the
sample in the study. An additional variable wadwed because it required 2007 equity, which
was not available in XBRL company filings. Howewathen running the multiple regression for
these 22 variables with the fully populated XBRImgany filing data, SPS&ly included 16
out of the 22 predictors in the regression motleé SPSS statistical software was unable to run
the regression model if all of the 22 predictorseMacluded in the regression modek S
predictors were removed because of too much misktaey They included:

* % A in (capital expenditures / total assets), one-igar

* %A in sales/ total assets

* Return on total assets

* %A in (pretax income / sales)

» Cash flow to total debt

* Repayment of LT debt as % of total LT debt

An additional five variables were removed dueitghttorrelations between independent

variables found in either the fully populated XBRampany filing data set or the Compustat
data set. The six variables removed were:

* % A ininventory turnover

* %A in (inventory / total assets)

» Gross margin ratio

» Operating income / total assets

Sales to total cash
The remaining 11 independent variablesduded:

* 9 A in current ratio
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* Inventory / total assets

* %A ininventory

* %A insales

* Aindividend per share

* % A in debt-equity ratio

* % A in (capital expenditures / total assets)

* Return on closing equity

* %A in total assets

* Working capital / total assets

» Cash dividend as % of cash flows
Table 8 reports summary statistics for the varsbikeed in the O&P Earnings Prediction Model
using fully populated XBRL company filing data. Tal® presents the Pearson/Spearman
correlation coefficients. The correlation coeffiti® measure the strength and direction of the

relationship between variables. Table 10 summatlzesesults of the regression.
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Table 8

Summary Statistics for the Variables Used in theP@arnings Prediction Model Based on the Fully Faeped XBRL Company
Filing Data for the Year 2009

Standard
Variable N Minimum  25% Median Mean 75% Maximum Deviation
% A in current ratio 49 -0.118 0.026 0.137 0.186 0.27 0.803 0.221
Inventory / total assets 46 0.003 0.048 0.085 0.097.140 0.235 0.063
% A in inventory 46 -0.274 -0.151 -0.087 -0.039 0.062 0.391 0.169
% A in sales 50 -0.364 -0.174 -0.054 -0.070 0.024 64.3 0.144
A in dividend per share 46 -0.762 0.000 0.000 ©.03.060 0.169 0.209
% A in debt-equity ratio 50 -0.704 -0.297 -0.138 -314-0.003 0.330 0.225
% A in (capital expenditures / total assets) 47 -0.6580.448 -0.317 -0.280 -0.174 0.350 0.247
Return on closing equity 50 -0.013 0.087 0.129 17P. 0.218 0.656 0.153
% A in total assets 50 -0.069 0.011 0.056 0.092 0.1400.638 0.148
Working capital / total assets 50 -0.009 0.044 0.13 0.165 0.259 0.483 0.134
Cash dividend as % of cash flows 41 0.024 0.126 218. 0.235 0.322 0.563 0.142
EPSt; - EPSt - drift1 47 -2.060 -0.040 0.580 1.003 2.045 4.275 1.675

Summary statistics for the 2009 variables usetiénQ&P Earnings Prediction Model using fully pogathXBRL company filing data.
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Table 9

Pearson/Spearman Correlation Coefficients for tl&P(Earnings Prediction Model Based on Fully PopeldtXBRL Company
Filing Data for the Year 2009

%A in Inventory/ %A in % A in Ain % A in % A in Return % A in Working Cash
current total inventory sales dividends debt capital on total assets capital /  dividend
ratio assets per share equity expenditures/ closing total as % of
ratio total assets  equity assets cash flows
% A in current ratio 1.000 -0.137 -0.051 0.002 -0.112 -0.208 -0.137 0.116 29.1 -0.211 0.320
Inventory / -0.028 1.000 0.029 0.129 0.028 -0.193 0.026 0.182 0.001 0.353 .29
total assets
% A in inventory 0.014 0.137 1.000 0.410 -0.027 -0.066 0.200 0.075 0.462 -0.172 0.325
% A in sales 0.055 0.156 0.435 1.000 0.158 -0.104 0.129 0.240 0.316 0.114 0.114
A in dividends per share -0.163 0.080 0.030 -0.005 1.000 0.346 0.040 0.168 -0.111 0.090 -0.034
% A in debt equity ratio -0.321 -0.350 -0.147 -0.185 0.162 1.000 0.070 0.137 -0.043 0.173 -0.125
% A in capital -0.119 -0.068 0.198 0.079 0.278 0.101 1.000 0.186 -0.340 0.073 0.132
expenditures / total assets
Return on closing equity -0.059 0.332 0.095 0.269 0.292 0.011 0.250 1.000 0.043 0.024 0.143
% A in total assets -0.195 0.054 0.404 0.410 -0.136  .234 -0.174 0.219 1.000 0.064 0.097
Working capital / total -0.100 0.489 -0.143 0.115 0.002 0.086 0.078 0.342 0.169 1.000 -0.179
assets
Cash dividend as % of 0.284 -0.244 0.138 0.085 0.059 -0.054 0.191 0.050 -0.157 -0.174 1.000
cash flows

Pearson (Spearman) correlation coefficients arsepted above (below) the diagonal.
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Table 10

Results of the Multiple Regression for the O&P Hags Prediction Model Based on the Fully
Populated XBRL Company Filing Data for the Year200

B t p
Constant 1.398 1.384 0.182
% A in current ratio 1.859 0.733 0472
Inventory / total assets 10.923 1.877 0.076
% A in inventory -0.359 -0.141 0.889
% A in sales -3.201  -1.281 0.215
A in dividend per share -1.083 -0.827 0.418
% A in debt-equity ratio 4.827 2.890 0.009
% A in (capital expenditures / total assets)qg 125 0.087 0.931
Return on closing equity -4.566 -1.450 0.164
% A in total assets 0.364 0.111 0.913
Working capital / total assets -5.302 -1.703 0.105
Cash dividend as % of cash flows 0.839 0.327 0.747

Regression results estimating annual earningh®O&P Earnings Prediction Model using fully
populated XBRL company filing data for the year 200
Note. N= 31; Adjusted R=0.229.

A multiple regression was conducted to estimataiahearnings using the Compustat data
based on the year 2009 (the estimation periodh®©O&P Earnings Prediction Model. The
same 11 independent variables and one dependéaiblearere included in this regression as in
the one described above using fully populated XBBipany filing data. Table 11 reports
summary statistics for the variables used in thd@&arnings Prediction Model using
Compustat data. Table 12 presents the Pearsonfsgeaorrelation coefficients, and Table 13

summarizes the results of the regression.
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Table 11

Summary Statistics for the Variables Used in theP&arnings Prediction Model Based on the Compu3tda for the Year 2009

Standard
Variable N  Minimum 25% Median Mean 75% Maximum Deviation
% A in current ratio 50 -0.114 0.026 0.136  0.183 B8.28 0.773 0.217
Inventory / total assets 45 0.005 0.050 0.085 0.1am140 0.236 0.064
% A in inventory 45 -0.264 -0.132  -0.090 -0.037 0.065 0.313 0.153
% A in sales 50 -0.319 -0.202 -0.057 -0.081 0.023 30.1 0.132
A in dividend per share 50 -0.592 0.000 0.028 0.02B086 0.393 0.177
% A in debt-equity ratio 33 -0.489 -0.327 -0.136 -@120.006 0.729 0.251
% A in (capital expenditures / total assets) 50 -0.680-0.441 -0.310 -0.286 -0.176 0.338 0.231
Return on closing equity 50 0.010 0.088 0.126 8D.1 0.238 0.641 0.159
% A in total assets 50 -0.069 0.011 0.057 0.092 0.1400.636 0.148
Working capital / total assets 50 -0.011 0.044  0.130.165 0.259 0.483 0.134
Cash dividend as % of cash flows 42 0.024 0.128 210. 0.232 0.318 0.559 0.139
EPS+1 - EPS - drifti 50 -1.225 -0.047 0.578 1.019 1.881 4.249 1.494

Summary statistics for the 2009 variables usetiénQ&P Earnings Prediction Model using Compustéd.da
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Table 12

Pearson/Spearman Correlation Coefficients for tl&PCEarnings Prediction Model Based on the CompuBiaia for the Year 2009

%A in Inventory %A in %A in Ain % A in debt %A in Return % A in Working Cash
Current / total inventory sales dividends  equity ratio capital on total assets capital/  dividend
ratio assets per share expenditures closing total as % of
/ total assets  equity assets  cash flows
% A in current ratio 1.000 -0.120 -0.101 0.072 -0.102 -0.100 -0.171 0.197 -0.142 -0.226 0.306
Inventory / -0.018 1.000 0.053 0.243 0.099 0.095 0.120 0.221 -0.029 0.337 .279D
Total assets
% A in inventory -0.070 0.135 1.000 0.221 0.018 -0.025 0.215 0.032 0.447 -0.198 0.242
% A in sales 0.075 0.247 0.295 1.000 0.120 -0.053 0.136 0.374 0.342 0.200 0.218
A in dividends per share 0.032 0.077 0.101 0.052 1.000 0.031 0.223 0.153 -0.168 0.113 0.004
% A in debt equity ratio -0.224 -0.213 -0.118 -0.216 -0.141 1.000 0.098 0.083 0.048 0.175 -0.100
% A in capital -0.162 -0.057 0.195 0.092 0.231 0.158 1.000 0.152 -0.257 0.106 0.096
expenditures / total assets
Return on closing equity 0.048 0.386 0.08 0.434 0.274 -0.090 0.217 1.000 0.004 0.015 0.166
% A in total assets -0.220 0.018 0.384 .398 -0.078 0.391 -0.027 0.196 1.000 0.063 0.116
Working capital / total -0.111 0.467 -0.199 0.195 0.043 .178 0.077 0.360 0.159 1.000 -0.156
assets
Cash dividend as % of 0.279 -0.247 0.071 0.163 0.260 .050 0.149 0.118 -0.123 -0.155 1.000
cash flows

Pearson (Spearman) correlation coefficients arsgpted above (below) the diagonal.



Table 13

Results of the Multiple Regression for the O&P Hags Prediction Model Based on the
Compustat Data for the Year 2009

B t p
Constant 0.890 0.873 0.396
% A in current ratio 0.094 0.079 0.938
Inventory / total assets 9.072 1.827 0.088
% A in inventory -0.437 -0.146 0.886
% A in sales -4.363 -1.878 0.080
A in dividend per share -1.435 -1.227 0.239
% A in debt-equity ratio 3.520 3.940 0.001
% A in (capital expenditures / total assets) -0.693 .559 0.587
Return on closing equity -2.849 -1.958 0.069
% A in total assets -4.477  -1.222 0.241
Working capital / total assets -4.766 -1.800 0.092
Cash dividend as % of cash flows 4.546 1.649 0.120

Regression results estimating annual earningh®O&P Earnings Prediction Model using
Compustat data for the year 2009.
Note N = 27; Adjusted R=0.641.

The coefficients calculated for each of the 1lialdes and the one constant (using fully
populated XBRL data and Compustat data) were userkhte the O&P earnings prediction

models.

O&P Earnings Prediction Model Using Fully PopulatedXBRL and Compustat Data
A in earnings per shareo=

+B1* % A in current ratio

+ B2 * Inventory / total assets

+B3* % A in inventory

+Ba* % A in sales

+Bs * A in dividend per share

+Bs * % A in debt-equity ratio

77



+B7 * % A in (capital expenditures/total assets)
+ Bs * Return on closing equity

+Po * % A in total assets

+ B10 * Working capital / total assets

+ B11* Cash dividend as % of cash flows

Year 2011 (the prediction period) data was usddgbthe prediction accuracy of each of
the O&P earnings prediction models. The mean squam®r was calculated for each
observation in the sample for each model baseti®gdar 2011 data. A paired sample t-test was
conducted to compatbe two sets of squared residuals—one based andkel using fully
populated XBRL data and the other based on Comipdiata. A level of significance of 0.05 was
used in the paired sample t-test.

The result of the paired sample t-test was0.310. This indicated that there was a not a
significant difference in the prediction accuraéyte O&P Earnings Prediction Model using
fully populated XBRL data (M = 7.8972) and the mlog&ing Compustat data (M = 5.9513).

As stated above, six additional variables had texmuded from the O&P earnings prediction
models because of too much missing data in thg fpapulated XBRL company filing data set.
The inclusion of these six variables would notwl®PSS to run the regression using the fully
populated XBRL company filing data set, while SR®8Id run the regression using the
Compustat data set with these six variables inclu@iable 14 summarizes the percent of data
complete on each of the 25 independent variabléstanone dependent variable included in the
original Ou and Penman (1989a, 198@hynings prediction model in the 2009 fully popetht

XBRL company filing data set and the 2009 Compustdid set.
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Table 14

Percent of Data Complete for the Original Variablegshe Ou and Penman Earnings Prediction
Model in the 2009 Fully Populated XBRL CompanynigilData Set and the 2009 Compustat
Data Set

Fully Compustat
Populated Data Set
XBRL
Company
Filing Data Set
% A in current ratio 98% 100%
% A in inventory turnover 100% 100%
Inventory / total assets 100% 96%
% A in (inventory / total assets) 90% 90%
% A in inventory 90% 90%
% A in sales 100% 100%
A in dividend per share 80% 100%
A in return on opening equity 0% 66%
% A in (capital expenditures / total assets) 94% 100%
% A in (capital expenditures / total assets), one-iagar 68% 100%
% A in debt-equity ratio 96% 66%
% A in sales / total asséts 100% 100%
Return on total asséts 76% 98%
Return on closing equity 100% 100%
Gross margin ratio 86% 100%
% A in (pretax income / salés) 66% 100%
Sales to total cash 100% 100%
% A in total assets 100% 100%
Cash flow to total debt 46% 78%
Working capital / total assets 100% 100%
Operating income / total assets 84% 100%
Repayment of LT debt as % of total LT débt 32% 88%
Cash dividend as % of cash flows 98% 100%
% A in depreciation” 0% 10%
% A in (depreciation / plant asséts) 0% 0%
A in earnings per share 94% 100%

The percent of data complete on each of the 25&m#ent variables and the one dependent variatiiedied in the
original Ou and Penman (1989a, 198@aynings prediction model in the 2009 fully popethXBRL company
filing data set and the 2009 Compustat data set.

"Excluded from the O&P earnings prediction modelsabse 2007 equity is not available in XBRL compfiliygs
" Excluded from the O&P earnings prediction modelsaose of too much missing data in the fully pomdat
XBRL company filing data set, but not in the Comatislata set.

" Excluded from the O&P earnings prediction modelsase of too much missing data in the fully pomdat
XBRL company filing data set and in the Compustgtdset.
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A&B Earnings Prediction Model

A multiple regression was conducted to estimataiah@arnings using the fully populated
XBRL filing data based on the year 2009 (the edfiomaperiod) for the A&B Earnings
Prediction Model. The original earnings predictrandel created by Abarbanell and Bushee
(1997, 1998) included nine predictor variables. Vagable related to audit qualification was
eliminated in the current study because it wasanatlable in XBRL company filings, the
variable related to effective tax rate was elimaalbecause there were no observations in the
sample, and the variables related to accountsvalalei and labor force were eliminated because
there were very few observations in the sample.

The remaining five independent variables usedimrdgressiomcluded:

* %A ininventory - %A in sales

* % A in industry capital expenditures - &in firm capital expenditures

* %A in sales - %A\ in gross margin

* % A in selling and administrative expenses A% sales

e Ofor LIFO, 1 for FIFO or other

Table 15 reports summary statistics for the vaeabised in the A&B Earnings Prediction
Model using fully populated XBRL company filing dafTable 16 presents the correlation

coefficients, and Table 17 summarizes the restliseoregression.
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Table 15

Summary Statistics for the Variables Used in théA&arnings Prediction Model Based on the Fully Haped XBRL Company

Filing Data for the Year 2009

Standard
Variable N Minimum 25% Median Mean 75% Maximum  Deviation
% A in inventory - %A in sales 46 -0.217 -0.053 0.003 0.079 0.130 0.853 0.245
% A in industry capital expenditures - &in 47 -0.495 -0.105 0.104 0.051 0.231 0.377 0.233
firm capital expenditures
% A in sales - %\ in gross margin 43 -0.930 -0.099 -0.026 -0.084 0.013 0.125 0.220
% A in selling and administrative expenses - 40 -0.053 -0.024 0.082 0.106 0.187 0.486 0.147
% A in sales
0 for LIFO, 1 for FIFO or other 50 0 1.00 1.00 0.78 1.00 1 0.418
EPS+ - EPS 47 -1.494 0.090 0450 0.716 1.350 3.450 1.172

Summary statistics for the 2009 variables usetiénA&B Earnings Prediction Model using fully popigd XBRL company filing data.



Table 16

Pearson/Spearman Correlation Coefficients for ti@BAarnings Prediction Model Based on
Fully Populated XBRL Company Filing Data for thea¥ 2009

%A iIn % A in %AiIn  %Ainselling 0 for
inventory - industry sales - % and LIFO, 1
% A in capital Ain administrative for FIFO
sales expenditures  gross expenses - % or other
-%Ainfirm  margin A in sales
capital
expenditures
% A in inventory - % 1.000 -0.171 -0.017 0.280 -0.451
A'in sales
% A in industry
caplt.al ('expendlltures - -0.106 1.000 -0.132 0.214 -0.221
% A in firm capital
expenditures
% A in sales - % in 0.036 -0.299 1.000 -0.310 0.232
gross margin
% A in selling and
administrative 0.263 0.279 -0.242 1.000 -0.365
expenses - % in
sales
0 for LIFO, 1 for -0.378 -0.248 0.200 -0.413 1.000

FIFO or other

Pearson (Spearman) correlation coefficients arggpted above (below) the diagonal.
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Table 17

Results of the Multiple Regression for the A&B Hags Prediction Model Based on the Fully
Populated XBRL Company Filing Data for the Year200

B t p
Constant 0.434 0.656 0.518
% A in inventory - %A in sales -1.008-0.702 0.489
% A in industry capital expenditures - &in firm capital 0117 0112 0912
expenditures
% A in sales - %\ in gross margin -0.002-0.002 0.999
% A in selling and administrative expenses A% sales 2.198 1.330 0.196
0 for LIFO, 1 for FIFO or other -0.049-0.071 0.944

Regression results estimating annual earningh®A&B Earnings Prediction Model using fully popidd XBRL
company filing data for the year 2009.
Note. N= 31; Adjusted R= -0.059. (the negative sign is not an error)

Another multiple regression was conducted to eseraanual earnings using the
Compustat data based on the year 2009 (the estimyagriod) for the A&B Earnings Prediction
Model. The same five independent variables anddependent variable were included in this
regression as in the one described above usingdajpulated XBRL company filing data. Table
18 reports summary statistics for the variablesluseéhe O&P Earnings Prediction Model using
Compustat data. Table 19 presents the PearsoniSgeaorrelation coefficients, and Table 20

summarizes the results of the regression.
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Table 18

Summary Statistics for the Variables Used in th&ASarnings Prediction Model Based on the Compu3tda for the Year 2009

Standard
Variable N Minimum 25% Median Mean 75% Maximum  Deviation
% A in inventory - %A in sales 45 -0.221 -0.060 -0.002 0.058 0.127 0.483 0.189
% A in industry capital expenditures - &in 50 -0.455 -0.123 0.097 0.042 0.229 0.456 0.252
firm capital expenditures
% A in sales - %\ in gross margin 50 -0.267 -0.074 -0.029 -0.039 0.018 0.075 0.081
% A in selling and administrative expenses -44 -0.079 -0.016 0.068 0.082 0.168 0.311 0.109
% A in sales
0 for LIFO, 1 for FIFO or other 50 0 1.00 1.00 0.78 1.00 1 0.419
EPS+ - EPS 50 -0.729 0.145 0450 0.774 1.290 3.368 1.002

Summary statistics for the 2009 variables usetién®&B Earnings Prediction Model using Compustaada



Table 19

Pearson/Spearman Correlation Coefficients for ti@BAarnings Prediction Model Based on
Compustat Data for the Year 2009

%A in % A in % A in % A in selling 0 for
inventory -  industry sales - % and LIFO, 1
% A in sales capital Ain administrative for FIFO
expenditures - gross expenses - % or other
% A in firm margin in sales
capital
expenditures
% A in inventory - 1.000 -0.041 -0.040 0.344 -0.388
% A in sales
% A in industry
capital 0.020 1.000 -0.057 0.269 -0.088
expenditures - %A
in firm capital
expenditures
% A in sales - %\ 0.058 -0.035 1.000 -0.289 0.084
in gross margin
% A in selling and
administrative 0.272 0.316 -0.220 1.000 -0.362
expenses - % in
sales
0 for LIFO, 1 for -0.352 -0.122 0.089 -0.364 1.000

FIFO or other

Pearson (Spearman) correlation coefficients arggpted above (below) the diagonal.
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Table 20

Results of the Multiple Regression for the A&B Hags Prediction Model Based on the
Compustat Data for the Year 2009

B t p

Constant 0.376 0.816 0.420

% A in inventory - %A in sales -0.355 -0.338 0.737

% A in industry capital expenditures - &n firm capital 0676 -0.956 0.346

expenditures

% A in sales - %\ in gross margin 2.607 0.878 0.386

% A in selling and administrative expenses A% sales 4782 2.627 0.013

0 for LIFO, 1 for FIFO or other 0.244 0.534 0.597
Regression results estimating annual earningh®O&P Earnings Prediction Model using Compust#a ftar the
year 2009.

Note. N= 41;Adjusted R= 0.063.

The coefficients calculated for each of the fiveiafales and the one constant (using fully
populated XBRL data and Compustat data) were userkhte the A&B earnings prediction

models.

A&B Earnings Prediction Model Using Fully Populated XBRL Data and Compustat Data
A in earnings per shareo=

+B1* % A in inventory - %A in sales

+ B2 * % A in industry capital expenditures - Aan firm capital expenditures

+ B3 * % A in sales - %A in gross margin

+ B4 * % A in selling and administrative expenses A% sales

+Bs * O for LIFO, 1 for FIFO or other

Year 2011 (the prediction period) data was useadgbthe prediction accuracy of each

model. The mean squared error was calculated fir @edservation in the sample for each model

based on the year 2011 data. A paired sample Wwesstonducted to compaiees two sets of
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squared residuals—one based on the model usingpofulated XBRL data and the other based
on Compustat data. A level of significance of Ow2ts used in the paired sample t-test.

The result of the paired sample t-test Wwas0.039. This indicated that there was a
significant difference in the prediction accuraéyte model using fully populated XBRL data
and the model using Compustat data. Upon compénmgiean squared residuals between the
two sources of data, it was observed that the squasiduals of the fully populated XBRL data
(M =0.1725) were lower than those of the Compudsdd (M = 2.8795). However, because of
the low R of the regression using fully populated XBRL comypdilings data and Compustat
data, it cannot be assumed that the fully populX®RL data had higher prediction accuracy
than the Compustat ddfar the A&B Earnings Prediction Model.

The most significant finding in this study was thatrent XBRL company filings cannot
be used to create earnings prediction models; henvéyly populated XBRL company filings
can. All XBRL company filings could be fully popuésd with functionality built directly into the
XBRL taxonomy, and this would not create any exdess, effort, or cost for preparers or users.
Because current XBRL company filings could not bedito create earnings prediction models
but fully populated XBRL company filings could, tieas a strong possibility that fully
populated XBRL company filings would be more uséfubther areas as well. It must be noted
that this study did not determine that fully popethXBRL company filing data predicts at a
higher level than Compustat data. Nonethelesantterent timing and cost advantages of XBRL
data collection potentially makes fully populateBRL company filing data a useful data

source.
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VIl.  CONCLUSIONS

The SEC requires all public companies to reposdrioial statements using XBRL. The
availability of company-reported financial staterndata in a computer-readable format offers a
number of potential uses, and a great deal of relsésneeded to explore these opportunities. At
a more basic level, however, deficiencies that iigluise the current XBRL company data to be
inadequate in its use must first be investigatéxkré has been a great deal of research
highlighting the limited usefulness of current XBRampany filings and the rarity of their use,
yet very few studies have attempted to delve degpethe source of the deficiencies.

This study contributes to the common body of knalgkein accounting by investigating
(1) if current XBRL company filings provide adegei@teractive data access and (2) how
modest changes to the functionality in the XBRLot@oxmy could make XBRL much more
useful. This was accomplished by first attemptmgnteractively obtain the balances of 70
accounting concepts from a sample of current XBBingany filings. What is meant by
“interactively” is that only the required informati was extracted from the XBRL company
filings without any attempt to manually calculateyanissing balances. The SEC states that
XBRL company filings allow for interactive use t¢fet accounting data and, in fact, refers to
XBRL company filing data as interactive data (S2Q09). It was found that current XBRL
company filings do not allow for interactive extiian of required accounting elements because
too many accounting elements are not tagged iXBRL company filings.

In order to demonstrate the potentially improveefulmess of XBRL company filings, a
fully populated set of XBRL company filings was atred. This was accomplished by manually
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populating any missing accounting concepts in tB&RK company filings if there were
sufficient component accounting concepts taggel thié XBRL company filings. This was
done to mimic a process that could be accomplilyddnctionality built directly into the
XBRL taxonomy and possibly a few changes to thes@ibr XBRL filing preparation. It was
found that many more accounting concepts coulahteactively captured with the fully
populated XBRL company filings.

The SEC and other proponents of XBRL argue that XB&mpany filing data offers a
number of advantages over the data provided byatgieegators, such as lower cost, quicker
availability, and broader coverage of companiesnQustat is a leading provider to the market
for accounting information and has been used iorsiderable number of research studies. Prior
research has shown that significant differencestexnong the data reported by companies and
the data reported in Compustat, largely becauselatdization techniques have been applied to
the data in the Compustat database. Because XBRpawy filing data may be different from
the data reported by Compustat, research shouldte to identify areas where research results
differ when using standardized data rather thanpamy-reported data and also where research
and practice could be improved by using XBRL comyplding data. As an interesting test of the
fully populated XBRL company filing data, two eangs prediction models were created using
fully populated XBRL company filing data and théme tsame two earnings prediction models
were created using Compustat data. The predichiyeof each data set was compared in
regard to the prediction of future earnings. Ttaults indicated that, for one of the models, fully
populated XBRL company filings predicted futurereags with a higher level of accuracy than
did Compustat. There was no significant differemmcthe prediction accuracy between fully

populated XBRL company filings and Compustat fa tither future earnings prediction model.
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The most important result in this study was thatent XBRL company filings cannot be
used to create earnings prediction models, but fidpulated XBRL company filings can.
XBRL company filings could be transformed into #yfypopulated XBRL company filing with
functionality built directly into the XBRL taxonomjylhis functionality would not create any
excess cost for preparers or users or require @aiyi@nal time or effort. The fact that current
XBRL company filings could not be used to creatmigys prediction models but fully
populated XBRL company filings could indicates thatrent XBRL company filings are likely
to be limited in their usefulness in other areaweal, while fully populated XBRL company
filings would greatly improve their usefulness. Threlings of this study are of interest to a
broad constituency, including regulators such asSEC and the Financial Accounting
Standards Board, data aggregators, analysts, argesésearchers, XBRL US, XBRL

International, and others.
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Appendix A — Calculations for the Variables Includal in the O&P and A&B Earnings Prediction Models

Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
Cash Dividend | Cash Dividends Cash Dividends DV, + PaymentsOfDividends
as Percent of Paid + divided byOperating Activities — Net | OANCR NetCashProvidedByUsedInOperatingActivitie

ASI

S|

Cash Flows Cash Provided| Cash Flow
by Operations
Change in (Dividends | (Dividends Common/Ordinardivided | (DVC; + CommonStockDividendsPerShareDeclared
Dividends per Declared+ by (Common Shares Used to Calculate (CSHPR{ X | CommonStockDividendsPerShareDeclared
Share Common Earnings Per Share Basmultiplied by | AJEX))) -
Shares Adjustment Factor (Company) - (DVCia +
Outstanding - | Cumulative by Ex-Dat®) minus (CSHPR{1
(Dividends | (Dividends Common/Ordinagydivided | X AJEX:1))
Declared: + | by (Common Shares Used to Calculatg
Common Earnings Per Share Basienultiplied by
Shares Adjustment Factor (Company) -
Outstanding:) | Cumulative by Ex-Date))
Change in Adjusted (Earnings Per Share (Basic) — ExcludindEPSPX:1 + | IncomeLossFromContinuingOperationsPerBg
Earnings Per EPS:: - Extraordinary Items; divided by AJEX:+1) - cShare; -
Share Adjusted EPS | Adjustment Factor (Company) - (EPSPX+ IncomeLossFromContinuingOperationsPerBa
Cumulative by Ex-Date)) minus AJEX) cShare
(Earnings Per Share (Basic) — Excluding
Extraordinary ltemddivided by
Adjustment Factor (Company) -
Cumulative by Ex-Datg
Change in EPS:1 - EPS- | (Earnings Per Share (Basic) — ExcludingdEPSPX:1 ~ | IncomeLossFromContinuingOperationsPerBa
Earnings per drifti1 (drift; is | Extraordinary ltems; + Adjustment AJEX:+1) - cShare; -
Share Minus estimated as | Factor (Company) - Cumulative by Ex-| (EPSPX+ | IncomeLossFromContinuingOperationsPerBg
Drift! the mean Data:1) minusEarnings Per Share AJEX) - cShare-
earnings-per- | (Basic) — Excluding Extraordinary Items ((((EPSPX | (((IncomeLossFromContinuingOperationsPer
share change| + Adjustment Factor (Company) - +AJEX) - | sicShare-
over the four | Cumulative by Ex-Date)) minus (EPSPX1 + | IncomeLossFromContinuingOperationsPerBg

AJEX:1)) +

S|

AS|

Ba

ASI

cSharep) +




10T

Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
years prior to | ((((Earnings Per Share (Basic) — ((EPSPX1 | (IncomeLossFromContinuingOperationsPerB
year t+1) Excluding Extraordinary ltems + AJEX:1) - | cShare; -
Adjustment Factor (Company) - (EPSPX2 + | IncomeLossFromContinuingOperationsPerBg
*Except in Cumulative by Ex-Datgminus AJEX:»)) + | cSharey) +
2009: (Earnings Per Share (Basic) — Excludind(EPSPX. | (IncomeLossFromContinuingOperationsPerB|
EPS:1 - EPS - | Extraordinary Iltemsg + Adjustment + AJEX:2) - | cShare; -
driftw+1 (drifty is | Factor (Company) - Cumulative by Ex-| (EPSPXs + | IncomeLossFromContinuingOperationsPerBg
estimated as | Date.1)) plus AJEX:3))) + | cShares)) + 3)
the mean ((Earnings Per Share (Basic) — Excluding)
earnings-per- | Extraordinary Items + Adjustment *Except in 20009:
share change| Factor (Company) - Cumulative by Ex- *Exceptin | IncomeLossFromContinuingOperationsPerBzg
over the three| Data.1) minus 2009: cShare; -
years prior to | (Earnings Per Share (Basic) — ExcludindEPSPX.1 + | IncomeLossFromContinuingOperationsPerBg
year t+1) Extraordinary ltems + Adjustment AJEXi+1) - cShare-
Factor (Company) - Cumulative by Ex-| (EPSPX+ | (((IncomeLossFromContinuingOperationsPer
Date-2)) plus AJEX;) - sicShare-
((Earnings Per Share (Basic) — Excludin((EPSPX | IncomeLossFromContinuingOperationsPerBg
Extraordinary ltems + Adjustment +AJEX)) - | cShare;) +
Factor (Company) - Cumulative by Ex-| (EPSPX; + | (IncomeLossFromContinuingOperationsPerB
Date.;) minus AJEX:1)) + | cShare; -
Earnings Per Share (Basic) — Excluding((EPSPX: | IncomeLossFromContinuingOperationsPerBz
Extraordinary Iltems + Adjustment + AJEXw1) - | cSharey)) + 2)
Factor (Company) - Cumulative by Ex-| (EPSPX, +
Date.3))) divided by3) AJEX:2))) +
2)

*Except in 2000:
(Earnings Per Share (Basic) — Excludir
Extraordinary Items; + Adjustment
Factor (Company) - Cumulative by Ex-
Data:1) minusEarnings Per Share

19

(Basic) — Excluding Extraordinary ltem

|92}

asi

ASI

asi

ASI

AS|

ASI

Ba

AS|

asi

ASI




Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation

[40)

+ Adjustment Factor (Company) -
Cumulative by Ex-Date) minus
((((Earnings Per Share (Basic) —
Excluding Extraordinary ltems
Adjustment Factor (Company) -
Cumulative by Ex-Datgminus
(Earnings Per Share (Basic) — Excluding
Extraordinary Iltems + Adjustment
Factor (Company) - Cumulative by Ex-
Date.1)) plus

((Earnings Per Share (Basic) — Excluding
Extraordinary Iltems + Adjustment
Factor (Company) - Cumulative by Ex-
Date.1) minus

(Earnings Per Share (Basic) — Excluding
Extraordinary Iltems + Adjustment
Factor (Company) - Cumulative by Ex-
Date.,))) divided by?2)

Gross Margin | Gross Profit+ | Gross Profit (Lossdivided by GPR + GrossProfit+ SalesRevenueNet
Ratio Net Sales Sales/Turnover (Nat) SALE
Inventory Inventory | Inventory Valuation Methad INVVAL InventoryPolicyTextBlock
Valuation
Method
Inventory / Inventory + | Inventories — Totadivided byAssets — | INVT; + InventoryNet +~ Assets
Total Assets Total Assets | Totak AT,
Operating Operating | Operating Income After Depreciation | OIADP; + OperatinglncomeLoss Assets
Income / Total Income + divided byAssets — Total AT
Assets Total Assets
Percent Change  ((Capital ((Capital Expenditureslivided byAssets| ((CAPX; + | ((PaymentsToAcquirePropertyPlantAndEquig
in (capital Expenditures+ | — Total) minus(Capital Expenditures | AT) - ent + Assets -

expenditures / | Total Assetd - | divided byAssets — Total)) divided by | (CAPX.1 + | (PaymentsToAcquirePropertyPlantAndEquip
total assets) (Capital AT1)) + nt.; ~ Assets:)) +~
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Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
Expenditures, | (Capital Expenditures divided by (CAPXi1 + | (PaymentsToAcquirePropertyPlantAndEquipme
+ Total Assets | Assets — Total) ATe1) Nt., +~ Assets:)
1)) + (Capital
Expenditures,
+ Total Assets
1)
Percent Changs ((Current ((Current Assets — Totalivided by ((ACT: + ((AssetsCurrent- LiabilitiesCurreny -
in Current Assets+ Current Liabilities — Tota minus LCTy) - (AssetsCurrent- LiabilitiesCurrend)) +
Ratio Current (Current Assets — Totaldivided by (ACTw1 + (AssetsCurrent + LiabilitiesCurrents)
Liabilities)) - | Current Liabilities — Total)) divided by | LCT:1)) +
(Current (Current Assets — Totaldivided by (ACTw1 +
Assets: + Current Liabilities — Total) LCT:1)
Current
Liabilitiest1)) +
(Current
Assets: +
Current
Liabilitiest1)
Percent Changs ((Total ((Liabilities — Tota{ divided by ((LTe+ ((Liabilities; +
in Debt - Liabilities; + | Stockholders’ Equity — Totalminus TEQ) - StockholdersEquityincludingPortionAttributah
Equity Ratio Total (Liabilities — Total: divided by (LTe + eToNoncontrollinginteregt- (Liabilities., +
Stockholder’'s | Stockholders’ Equity — Total)) divided | TEQ-1)) + StockholdersEquityincludingPortionAttributah
Equity) - by (Liabilities — Totad; divided by (LT + eToNoncontrollinginterest)) + (Liabilities.: +
(Total Stockholders’ Equity — Total) TEQ-1) t1)
Liabilities., +
Total
Stockholder’'s
Equityt1)) +
(Total
Liabilities.1 +

Total
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Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
Stockholder’'s
Equityt.1)
Percent Change  ((Industry (Industry Average Capital (Industry (Industry
in Industry Capital Expendituresminus((Industry Average | AverageCA | AveragePaymentsToAcquirePropertyPlantAn
Capital Expenditures- | Capital Expenditures plus Industry PX: - Equipment- ((Industry
Expenditures - Industry Average Capital Expenditures) divided | ((Industry AveragePaymentsToAcquirePropertyPlantAn
Percent Change Capital by 2)) divided by((Industry Average AverageCA | Equipment: + Industry
in Firm Capital | Expenditures)) | Capital Expenditures plus Industry PXi1 + AveragePaymentsToAcquirePropertyPlantAn
Expenditure’s + Average Capital Expenditures) divided | Industry Equipmenty) + 2)) + ((Industry
Industry by 2)) minus((Capital Expenditures AverageCA | AveragePaymentsToAcquirePropertyPlantAn
Capital divided by((Capital Expenditures plus | PXi2) + 2)) | Equipment; + Industry
Expenditures) | Capital Expenditures) divided by2)) + AveragePaymentsToAcquirePropertyPlantAn
- ((Firm Capital| divided by((Capital Expenditures plus | ((Industry Equipmenty) +2)) -
Expenditures- | Capital Expenditures) divided by?2))) AverageCA | ((PaymentsToAcquirePropertyPlantAndEquif
Firm Capital PXi1 + ent -
Expenditures) Industry ((PaymentsToAcquirePropertyPlantAndEquig
+ Firm Capital AverageCA | ent +
Expenditures;) PXi2) + 2)) | PaymentsToAcquirePropertyPlantAndEquipn
- ((CAPX: - | nt2) +2)) +
((CAPX 1 + | ((PaymentsToAcquirePropertyPlantAndEquip
CAPXt.z) - ent.l) +
2)) + PaymentsToAcquirePropertyPlantAndEquipn
((CAPXw1 + | ntip) + 2)))
CAPXi2) +
2)))
Percent Change (Inventory - | (Inventories — Totaiminusinventories —| (INVT: - (InventoryNet - InventoryNet:) +
in Inventory Inventory.,) + | Totak.) divided bylnventories — Total | INVT 1) + InventoryNet:
Inventory., INVT 1
Percent Change ((Inventory - | ((Inventory minus((Inventory. plus ((INVT: - ((InventoryNet - ((InventoryNet; +
in Inventory - | ((Inventory., + | Inventory.,) divided by2)) divided by ((INVTw1 + | InventoryNet,) + 2)) + ((InventoryNat; +
((Inventory.; plus Inventory.,) divided | INVT) + InventoryNet,) + 2)) -

[®X

O

[®X

[®X

O

m

ne

ne
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Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
Percent Change Inventory.) + | by 2)) minus((Sales/Turnover (Net) 2)) + ((SalesRevenueNet((SalesRevenueNet+
in Sales 2)) + minus((Sales/Turnover (Nat) plus ((INVT1 + | SalesRevenueNg) + 2)) +
((Inventory.: + | Sales/Turnover (NaB) divided by2)) INVT o) + ((SalesRevenueNg) + SalesRevenueNegj +
Inventory.;) + | divided by ((Sales/Turnover (Net) plus | 2)) - 2))
2)) - ((Net Sales/Turnover (NaB) divided by2)) ((SALE: -
Sales- ((Net ((SALEw.1 + | *Except in 2009:
Sales; + Net | *Except in 2009: SALE:2) + | ((InventoryNet - InventoryNet:) +
Salesy) + 2)) + 2)) + InventoryNet:) - ((SalesRevenueNet
((Net Saleg + | ((Inventory minusinventory.;) divided | ((SALE.1 + | SalesRevenueNg) +~ SalesRevenueNg)
Net Saleg)) + | by Inventory.:) minus((Sales/Turnover | SALE:>) +
2)) (Net) minusSales/Turnover (Naty)) 2))
divided bySales/Turnover (Nety)
*Except in *Exceptin
20009: 20009:
((Inventory -
Inventory.1) ((INVT: -
+ Inventory.1) - INVT 1) +
((Net Sales- INVT 1) -
Net Saleg + ((SALE; -
Net Sales)) SALE.;) +
SALE:.1)
Percent Change ((Inventory + | ((Inventories — Totaldivided byAssets —| ((INVT: + ((InventoryNet + Assets) - (InventoryNet: +
in Inventory / | Total Assetg - | Totak) minus(Inventories — Total ATy) - Assets.1)) + (InventoryNet; + Assets:)
Total Assets (Inventory., + | divided byAssets — Total)) divided by | (INVT 1 +
Total Assets | (Inventories — Total divided byAssets | ATw1)) +
1)) - — Total.l) (|NVT 1+

ATr1)
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Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
(Inventory., +
Total Assets)
Percent Change  ((Cost of ((Cost of Goods Soldlivided by ((COGS+ | ((CostOfRevenue- ((InventoryNet +
in Inventory Goods Sold+ | ((Inventories — TotaplusInventories — | ((INVT: + InventoryNet:) + 2)) - (CostOfRevenue +
Turnover Ratio Average Totak.1) divided by2)) minus(Cost of INVT 1) + ((InventoryNet1 + InventoryNet,) + 2))) +
Inventory) - | Goods Solg: divided by((Inventories — | 2)) - (CostOfRevenug + ((InventoryNet; +
(Cost of Goods Totak1 plusinventories — Totab) (COGS1 + | InventoryNet,) + 2))
Sold.; + divided by?2))) divided by(Cost of ((INVT 1 +
Average Goods Solgh divided by((Inventories — | INVT ) + *Except in 20009:
Inventory.1)) + | Totaks plusinventories — Totab) 2) + ((CostOfRevenuer InventoryNe) -
(Cost of Goods divided by?2)) (COGS1 + | (CostOfRevenug + InventoryNet)) +
Sold.; + ((INVTw1 + | (CostOfRevenug + InventoryNet;)
Average *Except in 2009: INVT2) +
Inventory.1) | ((Cost of Goods Soldlivided by 2))
Inventories — Totg minus(Cost of
*Except in Goods Solgh divided bylnventories — | *Exceptin
2009: Total.1)) divided by(Cost of Goods 2009:
((Cost of Sold.; divided byinventories — Total) | ((COGS +
Goods Solg+ INVT,) -
Inventory) - (COGS: +
(Cost of Goods INVT 1)) +
SO|d.1 - (COGSl -
Inventory.1)) + INVT 1)
(Cost of Goods
Sold.; +
Inventory.1)
Percent Change (Net Sales- | (Sales/Turnover (Natininus (SALE: - (SalesRevenueNetSalesRevenueNgj) +
in Sales Net Sales;) + | Sales/Turnover (Nat)) divided by SALE:;) + | SalesRevenueNet
Net Sales Sales/Turnover (Na) SALE:.:
Percent Change ((Net Sales- | ((Sales/Turnover (Natininus ((SALE: - ((SalesRevenueNet((SalesRevenueNet+
in Sales - ((Net Sales, + | ((Sales/Turnover (Nat) plus ((SALEy; + | SalesRevenueNg) + 2)) +
Percent Change Sales/Turnover (NaB) divided by2)) SALE:») + | ((SalesRevenueNgt+ SalesRevenueNegj +
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Variable Variable Compustat Concept Compustat US GAAP XBRL Taxonomy Element
Calculation Concept Calculation
Calculation
in Gross Net Saleg)) + | divided by ((Sales/Turnover (Net)plus | 2)) + 2)) - ((GrossProfit— ((GrossProfit, +
Margin 2)) = ((Net | Sales/Turnover (Nap) divided by2)) ((SALEw1 + | GrossProfity) + 2)) + ((GrossProfit, +
Sales: + minus((Gross Profitminus((Gross SALE:,) + | GrossProfity) + 2))
Net Saleg)) + | Profit.1 plus Gross Profit) divided by | 2)) - ((GR -
2)) - ((Gross | 2)) divided by((Gross Profit; plus Gross| ((GP-1 +
Profit; - ((Gross| Profit.;) divided by2)) GP.) + 2))
Profit., + - ((GRl +
Gross Profit,) GP.) + 2))
+2)) + ((Gross
Profit., +
Gross Profit,)
+2))
Percent Change  ((Selling, ((Selling, General and Administrative | (XSGA: - ((SellingGeneralAndAdministrativeExpense
in Selling and General and | Expenseminus((Selling, General and | (XSGA.1 + | ((SellingGeneralAndAdministrativeExpense
Administrative | Administrative | Administrative Expense plus Selling, | XSGA:..) + | SellingGeneralAndAdministrativeExpense+
Expenses - Expenses General and Administrative Expenge | 2)) + 2)) +
Percent Change  ((Selling, divided by2)) divided by ((Selling, ((XSGA:1 + | ((SellingGeneralAndAdministrativeExpense
in Sales General and | General and Administrative Expense | XSGA.) + | SellingGeneralAndAdministrativeExpenge+
Administrative | plus Selling, General and 2)) - 2)) - ((SalesRevenueNet ((SalesRevenueNet
Expenses + | Administrative Expense) divided by2)) | ((SALE: - + SalesRevenueNgj + 2)) +
Selling, minus((Sales/Turnover (Netininus ((SALEw1 + | ((SalesRevenueNgt+ SalesRevenueNegj +
General and | ((Sales/Turnover (Nat) plus SALEw2) + | 2))
Administrative | Sales/Turnover (NeaB) divided by2)) 2)) +
Expenses) + | divided by((Sales/Turnover (Nat) plus | ((SALE:1 +
2)) + ((Selling, | Sales/Turnover (NaB) divided by2)) SALE:.) +
General and 2))

Administrative
Expenses +




801

Variable

Variable
Calculation

Compustat Concept

Compustat
Concept
Calculation

US GAAP XBRL Taxonomy Element
Calculation

Selling,
General and
Administrative
Expenses) +
2)) - (Net

Sales- ((Net
Sales; + Net
Salesy) + 2)) +
((Net Saleg, +
Net Saleg) +

2))

Percent Changs

e (Total Assets-

(Assets — TotalminusAssets — Total)

(ATt - ATa)

(Assets- Assets;) + Assets:

in Total Assets| Total Assets)) | divided byAssets — Total + AT
+ Total
Assets;
Return on Net Income+ | Net Incomedivided by NI;+ TEQ | ProfitLoss +
Closing Equity Ending StockholdersEquityIncludingPortionAttfi StockholdersEquityincludingPortionAttributal
Stockholders’ | butableToNoncontrollingInterast eToNoncontrollinginterest
Equity
Sales to Total Net Sales~ | Sales/Turnover (Netilivided byCash SALE: + SalesRevenueNet
Cash Total Cash CH: CashAndCashEquivalentsAtCarryingValue
Working Working (Current Assets — TotahinusCurrent | (ACT; - (AssetsCurrent LiabilitiesCurrend) + Assets
Capital / Total | Capital] +~ Total | Liabilities — Total) divided byAssets — | LCTy) / AT:
Assets Assets Totak

'Some of the 2009 calculations had to be slightigratl because the XBRL company filing data onlysgagck to 2008 for balance sheet items listed en th
2009 financial statements. 2009 was the first yfleairlarge companies (companies with a market a@dgation of more than $5 billion) had to file fimaal

statements in XBRL format.
"Industry AveragePaymentsToAcquirePropertyPlantAndEquipment wasegathusing Compustat because gathering enoughnd$BRL to get an industry

average was not feasible.
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