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ABSTRACT OF THE DISSERTATION
THREE ESSAYS ON EMERGING TECHNOLOGIES IN ACCOUNTING
BY FEIQI HUANG

Dissertation Director: Dr. Miklos A. Vasarhelyi

This dissetation consists of three essays that examine the effects of emerging
technologiesn accountingThe first essagxamineswhether firmsabuse XBRLextension
elements to increase the complexity of their mandatory filings in interactive data format.
Using he ratio of extension elements to total elements in XBRIK 1filings as the
measure of XBRL complexityhis studyfindst hat f i r ms’ XBRL f il i ng:¢
when the firms are performing poorly, suggesting that managers use extension elements
stratgically to increase XBRL complexity and obfuscate XBRlged financial

information.

The second essagvestigatesvhether theadoption of the XBRLaffectsf i r ms’
capital investment efficiencgue to thancreasednformation processingfficiency. The
findings of this essay suggest that the adoption of XBRL reduces the levels of abnormal
investments Additionally, the benefits of XBRL mandate on investment efficiency are
more evident for firms with weaker external monitoring, severer environmental untygrtai

andmore readable financia¢éports

The third essaintroduces robotic process automation (RPA) to the auditing area.
A framework is proposed to apply RPA to audit procedures in order to free auditors from

doing repetitive and loyjudgment audit taskand enable them to focus on audit tasks that



require professional judgment. Thessayalso demonstrates the feasibility of RPA by

implementing a pilot project that applies RPA to the confirmation process.

In conclugon, this dissertatioaxamineshe efects of XBRL on financial reporting
strategy and manag epropdsesai framesvak tonapplyRPAde ci s i 0
automate labemtensive, weldefined, andepetitive audifprocedures, and demonstrate

the feasibility inthe audit practice
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CHAPTER 1: INTRODUCTION

Advances in technologidgvealmostchanged every aspect of terld and never
before in history has that change occurred so fHsé emerging technologidsave
reengineeredusiness processes, redefirmginess environmenand remodeled many
aspects in businesshe field of accounting is undergoing a fundamental chasgeell.
Investors, managers, regulators, and auditors are all facing new opportundies a
challengesThis dissertatiorstudiesthe impact of emerging technologies in accounting
and examines thie effects on the financial reporting processand the auditpractice
Specifically, | focus ontwo technologies: theXtensible Business Reporting nguage

(XBRL) and Robotic Process Automation (RPA)

XBRL is a global open standard for preparing, publishing, exchanging, and
consuming financial information. In XBRL, financial facts in financial statements are
tagged using prdefined machineeadable kements.On January 30, 2009, the Securities
and Exchange Commission (SEC) issued final rules (i.e9082) that mandate the use of
XBRL for financial reporting (SEC 2009). Since the XBRL adoption, prior literature has
extensively documented the benefifsXBRL adoption such as increased transparency,
reduced information asymmetry, and improved accessifdity, Blankespoor et al. 2014;
Kim et al. 2012; Liu et al. 2014y he first two essaysxtend this line Dliterature andstudy

the manage response to the adoption of XBRLfinancialreporting process.

The first essayexamines whether firms use XBRL elements to increase the
complexity of their mandatory filings in interactive data format. Using the @it
extension elements to total elements in XBRLKL@ilings as the measure of XBRL

complexity,this studyfindst hat fi rms’ XBRL filings are

mo
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performing poorlyTheanal ysi s of the rel ati ocealdet ween
XBRL complexity shows that complex XBRL filingare associatedith less (more)

persistent positive (negative) earningjse evidence further reveals that this effect is more
pronounced when firms are inherently more complex. Collectittetyesuts suggest that

managers use extension elements strategically to increase XBRL complexity and obfuscate

XBRL-tagged financial information.

The second essaxamineshe effect of the adoption of XBRL, and investigate
whether theeducednformationprocessingcostaffects capital investment efficiencyhe
findings of this study revedhat the adoption of XBRL reduces the level of abnormal
investmentsTo investigate potential moderating factors that may magnify or mitigate the
benefits of XBRL on the iprovement in investment efficiencgeveral analyseare
conductedand the results showhat the benefits of XBRL mandate on investment
efficiency are more evident for firms with weaker external monitoring, severer
environmental uncertainty, amdore readble financialreports The additionalanalyss
show that results are robust differencein-difference DID) setting change research
designand a norcapital investment settinginally, anincreasing pattern dhe effect on
investment efficiencyis identified, supporting that investors face a learning curve in

understanding XBRI(Du et al. 2013)

Traditional audit procedures are labotensive and time&onsuming(Chan and
Vasarhelyi 2011)To free human auditors from doing repetitive and-jodgmentaudit
tasksand help them to focus on proceduregirgng professional judgment, prior literature
has proposed for decades that lainbensive audit tasks be replaced with automggog.,

Vasarhelyi 1984; Vasarhelyi and Hal@&91) Althoughtechnologyhas had asignificant
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impact on improving audit efficiency, integration across multiple systems or applications
is performedmainly by auditors,meaning thathe actual external audis still labor

intensive(Srinivasan 2016)

Recently,practitionershave beernterested in rethinking their process in the line
of automation and taking advantage of advaraagdmation technologies such adotic
processautomation (RPA. RPAis amethodologyhat perfornsroutine business processes
by automatingthe way people interactyith multiple applicationsor analyseshrough a
user interface and also by following fla rules to make decisior(®eloitte 2017)
Because of itfow implementation cost and high potential benefits, RPA has been widely
adopted in many industries. Even thoughitiddry has observed the benefits of RPA,
its applications in auditingractice are still unexplored. Additionally, many audit tasks are
well-defined, highly repetitive, and predictapléor example, extracting exogenous
information (confirmations frorthe electronicplatform and customer reviews from social
media) and matching information from multiple systemisichare multistep tasks across
multiple systems, are the ideal candidates for RFPA 2015) With the improved
processing power dRPA, thescaleof audit proceduresanbe increased and auditowd|
beable tofocus on tasks that requpeofessional judgment and higher order thinking skills
thereby enhancingudit quality. h the third essgye propose a framewk to apply RPA
in auditing and demonstratéts feasibility by implementing a pilot project for the

confirmationprocess.



CHAPTER 2: LITERATURE REVIEW
2.1 eXtensible Business Reporting Language (XBRL)

On January 30, 2009, the Securities and Exchaogen@ission (SEC) issued final
rules (i.e., 338002) that mandate the use of an interactive data format knowlmeas
eXtensible Business Reporting Language (XBRdr) financial reporting(SEC 2009)
XBRL is a global open standard fpreparing, publishing, exchanging, and consuming
financial information. In XBRL, financial facts in financial statements are tagged using
pre-defined mahinereadable elements. An electronic dictionary of such elements is called
taxonomy andlefines each element that represemqtscific financial concet (e.g., net
income) and the relationships among elements (i.e.,ahfmancial concept iselated to
other conceptsfAICPA 2007) A taxonomy is generally developed by regulatory bodies
such as the Financial Accounting Standards B{a#AEB) and the International
Accounting Standards Board (IASB) and known as standard (orat)ffftaxonomy. By
tagging each fact in financial statements using taxonomies, XBRL allows machines to
understand what a tagged number represents based on the element used (i.e., which
financial concept) and how it relates to other numbers. Hence, XBRbnly makes
financial data more accessible and reliable but also allows analysts, investors, regulators,
and related parties to handle financial data faster, easier, and cheaper, and thus improves

their analysis andecisionmaking(Dong et al. 2016; XBRL.US 2014)

Since the SEC mandated public firms to u®RX in their financial reporting in
2009, prior literature has extensively documented the benefits of XBRL adoption such as
increased transparency, reduced information asymmetry, and improved accegsigility

Blankespoor et al. 2014; Kim et al. 2012; Liu et al. 20E4) exampleCong et al. (2014)
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and Kim et al. (2012)find a significant decrease in information risk and information
asymmetry after XBRL adoption, implying an improved information quabiyng et al.

(2016)pr ovi de evidence that c¢ o XBRLadoptianthelpsvi t h t
market participants translate more figpecific information into stock prices. Additionally,

due to the improved information accessibility resulting from XBRL adoption, analyst
coverage and the timeliness and accuracy of analystafteeare significantly enhanced

(Liu et al. 2014) Furthermore, increased external monitoring attributed to XBRL adoption

may al so aff ect QCmenetalg(20dchow thattte@xtentofrcarporate

tax avoidance decreases significantly after the adoption of XBRL for financial reporting,
andthis pattern is more pronounced for firms with lower levels of institutional ownership

and analyst coverage.

More relevantto my dissertation, the adoption of XBRL enhaségenv est or s’
informationprocessing capacitgs well The mandate of XBRL filings i® give small
investors more accessible financial information in a-frsendly and less costly search
facilitating information environment (SEC 2009). Compared to sophisticated investors,
small investors generally have fewer resources and limited afoilftyocess information
(Blankespoor et al. 2014\hich constrains their decisianaking ability. XBRL-enhanced
search engines enable intes to view financial information with similar tags
simultaneousl vy, i mproving investors’ analy
adoption of XBRL makes it simpler to search, extract, and confirm-dpatific
information, it should be much easifor small investors to conduct basic analysis, such as
comparing financial ratios among competitors, evaluating suggestions from other

information channels, and generating their own opinions basetheofirm-specific
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information. Consistent with thisew, Hodge et al. (2004pnductbehavioral experiments
and show that nonprofessionalusers are likely to benefit from seatfetilitating
technologies like XBRL in analyzing financial reports. In addition, the adoption of XBRL
brings more opportunitie®f smaller investors to analyze firm performance and to play a

monitoring role in corporate governandéeycan execute the power of shareholders at a

|l ower cost by wutilizing the tool of -XBRL.
doingsof manages puts “additional perceived press
maregers career conhcerns, such as the fear of

influence the markets perception of their
Zhang,2 015) . XBRL’s enhanced monitoring funct
suboptimal managerial behaviors with regard to investment efficiency because of the

increased probability that managerial miscongudll be detected.

The adoption of XBRL nobnly favors smaller investors, but also facilitates
sophisticated users’ ability to access, e >
efficiently and effectively. Through more efficient and effective processing of financial
reporting, sophisticateidiformation users, such as institutional investors and analysts, are
able to leverage their superior knowledge to obtain greater benefits from XBRL and
enhance their information advantages (Blankespoor et al., 2014). In tX&8Rie era,
sophisticated infionation users bore the cost of information mining throughssgiported
agents (applications, softwar@and other programmindpased intelligence macros).
Searching, extracting, and formalizing data from complex, diversified financial reports
takes resours away from analyzing the disclosed financial details. The XBRL mandate

eliminates the need to convert financial information into maeteadable records, giving
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sophisticated users more time to condtiee valueadded analysis. For instance,

Bloomberg onsumes XBRL data to fastack company financials to analysiad has

increased the usage every ygaluding the footnotes which may not be captured in the
past(Efthimides 2017)Liu et al. (2014) document that XBRL adoption increases analyst
coverage, and improves the timelinessandentels t he accuracy of an
Consequently, by shifting more resources from tedious information collection to
information analysis, larger investors may improve their ability to evaluate firm and
management performance. Better analyzing powables investors to detect managerial
opportunism and possible misalignments in an effective and timely manner in the post
XBRL era. Thus, the XBRL mandate may curb suboptimal investment decisions made by

managers.

According to SEQ2009) firms are required to tagach amount (i.e., monetary
value, percentage, and numbiertheir financial statements using an elemerthie U.S.
GAAP Financial Reporting Taxonomy (hereafter U.S. GAAP taxonomy), which is created
and managed by FASB as the standard (or official) taxonomias.fésborg). For
exampl e, “ Cas h an dthe Batascéshe&t gauld beatdgged tsmg thei n
standard “CashAndCashEquivalentsAtCarrying
taxonomyUnder the SEC mandate, firms @dsocreate extension taxonomies by defining
their own elements, called extension elements when appropriate elements do not exist in
the official U.S. GAAP taxonomy. Although creating extension elements is likely to
enhance reporting flexibilitySEC 2009) the use of extension elements requiresual
interpretation of tagged data, reduces machine readability, and hindersfironoss

comparability (Boritz and No 2009) Practitioners report concerns regarding the
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unnecessary use of extension elem@IBRL.US 2010) The SEC has also issued series

of announcements to warn the use of unnecessary extel(Sie@s2011, 2010, 2014)
Consistent with this concern, researchers fmtlal evidence that managers may overuse
extensiongDelreceny et al. 2011pand the use of extension elements may impair market
efficiency.Dhole et al. (2015find that the comparability of financial statement is reduced
by the use of extension elements. Additionally, analysts suffer from increased complexity,

which in turn leads to lower forecast accuracy and greapeigion(Kirk et al. 2016)

Since the XBRL tagging process (i.e., choosing appropriate elements and creating
extension elements for financitcts) often involves significant management discretion
(Kirk et al. 2016) what leads to the overuse of extensad@ments has been a focus of
existing literatureOn the one hand;uragai et al. (@14) point out thatogetherwith the
individual s’ i nexperience interpreting XBF
mispresent financial information with a lower chance of detection by increasing the
complexity of XBRL filings. Furthermore,Hoitash and Hoitash (201&Buspect that
ma n a g e r s at obduscatiegnpfdrmation could lead to the overuse of extension
elementssince they observe that extension elememés associatedvith discretionary
accruals. On the other harfsicherr and Ditter (2014o not find amassociatiorbetween
the useof extension elements and earnings quality and suggest that filing complexity and
the cost of compliance are the main determinants of the deviation from using standard
elements. Accordingly, more research is needed to provide insigbtthen debate of
whether managers strategically overuse extension elements to introduce the complexity of
XBRL filings (henceforth XBRL complexity) and obfuscate XBfdgged financial

information.



2.2. Robotic Process Automation (RPA)

The idea behind RPA is not new; it raditional automation in terms of assembly
line technology(Moffitt et al. 2018) RPA isd e f i naepdecoafiguret software instance
that uses business rulaad predefined activity choreography to complete the autonomous
execution of a combination of processes, activities, transactions, and tasks in one or more
unrelated software systems to deliver a result or service with human exception
managemefit(IEEE Corporate Advisory Group 2017, p1Ihe RPA works as an ovast
for existing IT systemsAn example of theRPA process is the retrieval of information
from one system and entering the same information into another system or activating
another system function. dllke some traditional IT implementatioand business
reengineeringhat changs the existing systems, RPt#ies not todisturb underlyingT
systems and only replagtihe existing manual process witleautomategbrocesghrough
a presentation laygtRPA 2016) Therefore, compared with majbr platform updates,
the burdens of RPA implementation (costs, timelines, and risks) are relatively insignificant

(EY 2016D)

RPA tools help businesses improve the efficiency of processes and the effectiveness
of services. First, replacing thteuimanworkforce reduces the cost and processing time for
high-frequency tasks. The running costanf RPA software is around orneinth that of

employing a human being, aRPA“ r ob ot s can work 24 hours
(Burgess 2016)Secondly, the accuracy of thasinesgprocess is improved. As long as
RPAtool is properly programmed, there is no need to worry that software robots will make

the mistakes that human beings hMiggRPA 2015) Finally, RPA offers flexibility and

scalability. Once a process has been executed by a software robot, it can be scheduled for
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a particular time. In addition, the RPWbot is capable of performing many &p of

processeand can be quickly reassigned to other proced&alsitte 2017)

Because of itdow implementation cost and high potential benefits, RPA has been
widely adopted in mny industries. As of April 2015, Telefonica O2, the sedangest
mobile telecommunications provider in the United Kingdom, had adopted more than 100
RPA “robots” to handl e 5LAdlyeDal PO1S)Iraaditisnact i o n
a business process outsourcing provider automated 14 core processes with RPA, achieving
a typical 30% cost saving per process and improving servidiygalad accuracy. Also,
in the process of updating London Premium Advice Notes (LPANS) to a central insurance
market repositoryan RPA robot was used to automate the most onerous steps: validating
data, accessing th@atabasecreating documents, and optling the repository. After

adoption, the processing time was only 30 minutes instead of severéDetoitte 2017)

Even though theéndustry has observed the benefits of RPA& applications in
auditing practice are still unexplored. Additionally, many audit tasks are-aefihed,
highly repetitive, and predictablefor example, extracting exogenous information
(confirmations fronthe electronicplatform and customer reviewsm social media) and
matching information from multiple systemshich are multistep tasks across multiple
systems, are the ideal candidates for RFRPA 2015) With the improved processing
power ofRPA, thescaleof aulit procedureganbe increased and auditosdl be able to
focus on tasks that requipeofessional judgment and higher order thinking skiliereby

enhancingaudit quality.
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CHAPTER 3: DO MANAGERS USE EXTENSION ELEMENTS
STRATEGI CALLY | N TERECTIVEDATIAFOR RINANCIAL

STATEMENTS? EVIDENCE FROM XBRL COMPLEXITY

3.1. Introduction

The “ Il ncompl et e Revel at i on mahkhgegosmtpboelys i s
performing firms have more incentive to obfuscatinancial information because the
resulting ncompletemarket reactionvould bethe difficulty of extractingheinformation
from firms’ fBlobnifieldc 200Q)i Censistemtswithr tieis hypothesis, prior
literature documents that the financial reporting of fimmith strong performance tends to
bestraightforward Schrand and Walther 200@hile that of firms with poor performance
is morecomplexand difficult to understanfLi 2008). This study extends this stream of
literature by investigating whether firms report financial statements strategically with
eXtensible Business Reporting Language (XBRISpecfically, we examine whether
firms with poor performance are malikely to issue complex XBRL filinggompared
with firms with good performance.

XBRL, mandated by th8ecurities and Exchange Commiss{&EC),is a global
open standard f@reparing, publising, exchanging, and consumiiigancial information.

By tagging each fact in financial statements usirgdefined elemenisXBRL makes it

AL of the Securities and Exchange Commission ( SEC
Anal ysi sevalnd( RBGAR) s yrsetaedna balree. mastHITite BECrenat gsj s
suited for preadiadli{nSE Crel®kmadmmachd)nes '¢ahi ngadi i Hme e
Mar kup Language (HTML) or Portable Docu-menatalrloe mat
presentation. HTML and PDF for mat s, however, do no
mac hinmer st andabl e for mat t hat attaches metadata (|
meaning and context to financ'itale datran | Sit mirlagn itve tD
the maelidmadl e computefocmdei bhatnpeXsenssbla Busin
( XBRL) elect$bp@i2z00GD,r mhé 8) , t hi s papreagadeaebfleer sf otromaX!
reflect thetdagedtdhata XBRe understandabl e by machin
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possible fomachines to understand what a tagged number represents based on the element
used (i.e., which finanal concept) and how it relates to other numbers. Hence, XBRL
elementsot only make financial data more accessible buteriablanvestors, regulators,

and related parties to handle financial daware quickly, easily, and cheapind thus
improvetheiranalyss anddecisionmaking(Dong et al. 2016; XBRL.US®.4). Under the

SEC s XmBardatdSEC 2009)firms candefinetheirownelementgo create extension
taxonomiescalled extesion elementsif appropriate elements do not exist in the official
U.S. GAAP taxonomy. Although creating extension elemeats enhance reporting
flexibility (SEC 2009) the use of extension elements requires manual interpretation of
tagged data, reduce®porting standardizatiopnand hinders crosgm comparability
(Boritz and No 2008)Consistent witltheseconcers, both regulators and practitioners
have expressed conceralsoutunnecessary extensi@ementySEC 2010, 2011, 2014;
Chasan 2013; Desmond 20IMcCafferty 2013) Researcherdiave alsofound initial
evidencaghatmanagers overuse extens@bebreceny et al. 201 &ndthat the overuse of

extension elementsayimpair market efficiencyDholeet al. 2015; Kirk et al. 2016)

Whether the overuse of extension eleménthie tot h e f i offexpériencea ¢ k
with XBRL filings or their strategigudgmentin choosing XBRLelemnents to obfuscate
financial informationis an interesting empirical questi On the one hand;uragai et al.
(2014)point out thatogetherwith financial statement usefs i n e x [ eterpretingc e
XBRL filings, managersiavean opportunity to mispresefinancial informationwith a
lower chance of detectioby increasing the complexity of XBRL filingg&urthermore,
Hoitash and Hoitash (20179pbserve that extension elements are associated with

discretionary accrualands u s pe ct t hoserusermniertengian relesnemeslects



-13-

an attemptto obfuscag information On the other hand&gcherr and Ditter (201%o not
find anassociatiobetweerthe use oextension elements and earnings qualitgisuggest
that filing complexity andhecost of compliancare themaindeterminargin thedeviation
from usingstandarcelementsAccordingly, more researcimight provide insightsnto the
debateoverwhether managerseextension elementrategicallyto introducecomplexity
into XBRL filings (henceforth XBRL complexityandto obfuscate XBREtaggedinancial

information.

We employthe ratio of extension elements to total elements used to tag financial
facts in10-K filings (hereafter extension ratie3 our main measure fXBRL complexity.
Using a sample of mandatory XBRL -KOfilings? between 209 and 2015, we find that
XBRL complexityis negatively associatedth firm performanceln addition firms with
less (more) persistent positive (negativenegshave moreomplex XBRL filings.Such
relations continue to hold after controlling for fispecific characteristics (e.g., size,
market to book value), market condition (e.g., earnings volatility), level of monitoring (e.g.,
analyst coverage), opéi@nal complexity (e.g., number of segments), and readability of
textual financial reporting (e.g., lengti®urthermore, theelationis more prominenivhen

the firms areinherentlymorecomplex

Overall, the findings of this studyrovide severatontributions to the literature.
First, we contribute to the line of strategic reporting literature where prior studies have

examined the strategic timing, dissemination, édual readabilityof disclosurs to

During the fthet'sSEMandaetagds XBRL reporting, XBRL su

l'imited I|liability and are deemed to have been furni
Securities Act of 1933 and(GEE€ 26MmAYhdu el dEwrc haamgel
of both furnished and filed XBRL submissions, we re
for simplicity
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benefit firms and managefisi 2008; Jung et al. 2016; DeHaan et al. 20Ibiferent from
existing researchhis studyexplores whether firms use XBRL elemestistegicallyto tag
financial information.In particular we provide evidence that managéag finarcial
information in theirXBRL 10-K filings strategicallyby using extension elements to
increase the complexity dfiefilings. Second, our research contributesitieecent debate

in theXBRL literature After observing an association between discretipaacruals and

the use of extension elemenkpitash and Hoitash (2018uspect that the overuse of
extension elements is a form of managerial discretion; in corfh@®yr and Ditter (2017)
identify several factors that determine the use of extension elements but do not find an
association beteen their use and earnings quality, suggesting no evidence for their
strategic useBased orthe Incomplete Revelation Hypothegiloomfield 2002)andthe
research design afi (2008), this studyshowsa relationship between XBRL complexity
and firm performanceThe findingsenhance our understandiofithe effect of managerial
discretion on the choice ektensiorelements to tag financialformation and thus provide
evidencefor the debateFinally, our study offers policy implicatiors to regulators for
improving the quality of financialeporting Sincethe mandatoryadoption of XBRL, the

SEC has issued series of staff observatidettersconcerning the use of unnecass
extensionelemens andthe consequencefor the information environment. This study
provides empiricatvidencd h at ma n a g stnategies areagpossitileeason for

unnecessargxtensiorelemens.

Theremainderof the essayis organizedas bllows. The next sectiopresentshe
research background and introdutteshypothesesT he third gction describethesample

selection and research designtHa fourthsection, we repotheresults of hypothesis tests
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and related sensitivity analysékhe last sction summarizeghe findings, implications,

and limitations of tk study.
3.2.Background and Hypothesis Development
3.2.1Strategic Reporting

The drategic reporting literature hakcumentedhat managers have disclosure
strateges fordiseeminatng firm-specific informationLi 2008; Jung et al. 2016; DeHaan
et al. 2015)Such a strategycludes decisiomregarding théming of thedisclosurethe
channels of communication, arlde readability ofthe reportsFor instance, managers
strategically hide bad news through the timing of disclosure, for example by announcing
adverse information during a period of low attention such as after trading hours, on Fridays,
and on busy reporting daySegal and Segal 2016; Bagnoli et al. 2005; DeHaan et al.
2015) Infocusngon strategi c di ssemi naaboutwmethertwhi c h i
use a certain channel to communicate with invesfarsg et al. (2016) nvesti gate f
discretionary use of socialediaandfind that firms are less likely to disseminai@nings

announcemestvia Twitter when they release adverse information.

More related tdhis study, anther line of literature explores how managersthse
complexity of textuatlisclosure to mitigatea negativemarket reactiorr to strengthem
positive market reactionBloomfield (2002) in proposing the Inaoplete Revelation
Hypothesis (IRH) arglesthat information is less completetgflectedin market prices
whenextractingt from publidy availabledatais more costlyAccording to IRH, managers
may haveanincentiveto increaseéheprocessing cost of adrse information to mitigate or
delayanegative market reactio@onsistent witlthe argumentabove Li (2008) uses both

the Fog Index and the number of words to assess financial repedidgpilty and shows
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thatfirms with less readable 1Bs have lower earnings, suggesting that managers try to
hide bad news from investors by increasing the complexity of documents. Follbiwing
(2008) Lundholm et al. (2014jind that foreign firms produce more readabteancial
statementzompared with similar U.S. firms, arguingathforeignbased firms have a
greater incentive to make their public documents more readaloleer toattract U.S.
investors. However, this stream of literature focusal/ on the processing cost of
extracting relevant information from textual docunser@urprisingly, little attention has
been devotedo information provided ira tagged datformat (i.e., XBRL) especially
considering thafinancialinformationis increasingly extracted, processed, and interpreted

by machine (Moffitt and Vasarhelyi 2013)
3.2.2 XBRL Extension Taxonomy

Under t he SEC’famsérB &lbowediaanedtaunigue elements (i.e.,
extension elements) and provide theramsxtension taxonomy if elemerttsatmeet thai
needsdo not exist in the U.S. GAAP taxononiyowever, #hough the use of extension
elementsis likely to enhance reporting flexibilitf SEC 2009) such elements require
manual interpretation of the tagged datariwestors and other stakeholdeasd thus thie
use impairgeporting standardization and crdssn comparaility (Boritz and No 2008)
Thereforethe SEC hamised concesabout the unnecessary use of extension taxonomies
in a series of observation lette(SEC 2010, 2011, 2014Practitionershave also paid
considerable attentigto the* unheal t hy” r at i widetytliscassethe nsi on
negative onsequenceforfinancial reporting qualitye.g., Chasan 2013; Desmond 2014;
McCafferty 2013) Consistent with this concer@gbreceny et al. (201ianually analyze

the extension elements usedthe primary financial statemerfi the filings submitted
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during the first year of XBRL adoption. Thegbserve that about 40 percewit the
extensiongaremadefor availablestandardelementssuggesting enoreappropriate choice
of elements is necessafyurthermore, priostudies document the unintended effects of
extension element®hole et al. (20153howthatthe use of extension elemeimspairs
the comparabity of financial statement Kirk et al. (2016)also find thatthe reduced
comparability caused bgomplexXBRL filings (i.e., moreuse ofextension elemenyss

likely to lead to lower analyst forecast accuracy and greater dispersion.

Since he XBRL taggingprocesgi.e., dioosing appropriate elements and creating
extension elements for financitcty often involves significant management discretion
(Kirk et al. 2016) what leads to the overuse of extension elements has been a focus in the
literatureGuragai et al. (2014uggesthatopportunistiananagersealizing thatinancial
statement userdack experiencén interpreting XBRL filings may take advantage of the
complexity of XBRL filings tomispresenther disclosure. FurthermorepothKim et al.
(2013)andHoitash and Hoitash (201@pserve that extension elemeais associated with
an increase in the magnitude of discretionary accrued&ling them to suspethat
manager ssto abfuscae miprtnation may lead to the overuse of extension

elements
3.2.3 Hypotheis

Scherr and Ditter (2017find no associatin between extension elements and
reportingquality and conclude that extensiefements arassociateghredominantlywith
filing complexity and the cost of compliance, rather thveith strategic usageHowever,
given that the extensive use of these eldmiempedes reporting standardization and eross

firm comparability(Boritz and No 2008)it is conceivable thaharagersmaystrategically
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useextension elements to increase tomplexity ofthe filings to mitigate or delaya
negative market reactionTherefore, whether managers use extension elements
strategicallyis an interesting research questigpplying the same logic behind IRH
(Bloomfield 2@2) and prior literature orfinancial reportingreadability (Li 2008;
Loughran and McDonald 20149 the XBRL setting, we arguiat managerfiave an
incentiveto strategicallyncreaseXBRL complexity (i.e.the complexity 6XBRL filings)

when firmsperform poorly Accordingly, we propose the following hypothesis:
H1: Firm performances negatively associategith XBRL complexity.

The relation between XBRL complexity and firm performance suggestédHby
canalsobe extendedo future performance. Opportunisticaregershave incentives to
increase processing castorder toreduce or delay market reactions if the good news is
less persistentn addition t o di sti ngui sh t hempapdgersfs f r onm
firms with better future performance are motivated to incrdeteansparency of financial
reports andhusencourage investots fully absorb favorable informatiohi (2008)finds
that firms r egreanore likely tobe less readable if positive earnggretransitory.
Similar to our first hypothesis, we expect thatnages have more incentivgeto
strategically disclosureomplex XBRL filings if the firm hasa less persistent good

performance oamorepersistent bad performanaehich leadgo our secondhypothesis.

H2a: XBRL filing is more complex when firms have less persistent positive

earnings.

H2b: XBRL filing is more complex when firms have more persistent negative

earnings.

Comparedo firms with less firmspecific information, complex firm#nd tohave
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more distinctiveinancial facts andtheir tagging processes are more likely to be involved
in management discretiomherefore, with their greater discreti@pportunistic managers
are more gaable ofusingextension elementstrategicallyto increaseXBRL complexity
depending on the complexity of their busine&dditionally, firm-specific events may
contribute to greatemformation asymmetryf{Aboody and Lev 200Q) which reduces
employes perceptions othe likelihood ofbeing caught and disciplined for misconduct
(Werbel and Balkin 2010)The perception that investors and regulators are less likely to

detect potentiamisconductfurther increases ppor t uni sti ¢ gsnpahchger s

gives the followinghypothess.

H3: The association between firm performance and XBRL complexity i mor

pronounced when the firm is inherently mooanplex.
3.3. Research Methodology
3.3.1Sample Selection and XBRL Complexity Measure

The SEC has mandatedthat public firms tag financial statementausing XBRL
elementdor fiscal periods ending on or afternlul5, 2009ver 3year phase iperiod
Therefore, w first collect allmandatoryXBRL 100K f i | i ngs from t he SE
Data Gathering, Analysis, and Retrieval system (EDGAR) bet@@88and2015° This
study focuses on 1K filings becauseprior sudies suggest that investors have limited
reaction to quarterly financial reportirfgi and Ramesh 2009and thusmanagers have
less incentiveo disclose quarterly financial informati@trategically The initial sample

contains 34,593 firayear observations.

3SThe authors thank Bill-KMP®dpsdl dicke®n wi eabgicN i hdat hle a 4
for providing the GeKnnriinggeskog I ndex for the 10
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Under t he SEC’ famsHrBiRduiredoday daahtfieancidhct (i.e.,
guantitative amount) in therimary financial statements andach botnoteitem and
schedule aa single block btext (i.e., block tagging)n the first year of adoptionn
subsequent years, firms are subjeatdtaikedtagging of footnotes and schedu{eg., tag
each table and amount within each footnote item separateyule outa possible bias
caused byhe difference between blot&gging and detathgging, we eliminate 7,005 10
K filings with block tagging Next, we remove 608 XBRL 1R filings submitted by firms
participating in the XBRLVoluntary Fiing Program(SEC 2005) sincevoluntary XBRL
adopters may have better corporate governance and fundamentally different firm
characteristics from neadopters (Boritz and Timoshenko 2014; Premuroso and

Bhattacharya 20085uchdifferences may causeself-selection bias

We thenmerge the sample of  filingsf r om t he SEC’ swithEDGAR
variables fromCompustat. However, the reporting periods eted fromthe EDGAR
systemdo not perfectlymatch thosdrom Compustat: Therefore, we employ a-day
match window on reporting periods between these two databases. Finally, we download
analyst coverage data from thB/E/S detailed file of individual ahgst earnings
estimates. After excluding 1R filings thatare not matchedith Compustatiataor that

have missing key variables, we obtain our final sample of 16,130 filings.

Table 1 summarizes the sample selection process. Tablows he sample
compositiont Panel Apresentsthe year distributiorwhile Panel B showshe industry

distribution.

“Compustat often uses the end of the month as the
period fo«nd in the 10
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Initial: 100K f il ings from the SEC’'s EDGAR 34,593
Less: 16K filings with block tagging (7,005)
Less: 16K filings that are filed by VFP participants (608)
Less: 16K filings that are not available in Compustat (5,506)
Less: 16K filings that are missing key financial variables (5,344)

Full Sample 16,130

Table 1 provides dails on the sample selection process.



Table2 Sample Composition

Panel A.Year Breakdown

Year No. of 10K Filings
2010 264

2011 1,289

2012 3,770

2013 3,840

2014 3,800

2015 3,167

Total 16,130

Panel B. Indusy Breakdown
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Industry (tdigit SIC code)

No. of Observations

0 Agriculture, ForestryandFishing 77
1 Mining and Construction 1200
2&3 Manufacturing 6,462
4 Transportation, Communications, Electric, Gas an 1,181
Sanitary Service
5 Wholesale and Rail trade 1,342
6 Finance, Insurance and Real Estate 3,205
7&8 Services 2,555
9 Public Administration 108
Total 16,130

Table 2 presents the number of observations for each year and industry



-23-

We measure the complexity of XBRL filindse., XBRL canplexity) using the
extension ratidi.e., theratio of extension elements to total elememsachl0-K filing
for several reasongirst, extension elements requineanualinterpretationso their use
increases the complexity of XBRagged data byedudng machine readabilitgnd cross
firm comparabilityand increases thgrocessing cosdf XBRL-tagged data.Kirk et al.
(2016)andScherr and Ditter (201 Also claimthathigh extension ratislead toincrease
XBRL complexity, which in turn causes difficulty fanalysis Finally, both regulators and
practitioners havexpressed concern thhttuse of unnecessary extension elements causes
high extension ratesvhich in turn have a negative effect on financial reporting quality
(Chasan 2013; Desmond 2014; McCafferty 2013; SEC 2&b%ed orthisdiscusion, we
argue thathe extension ratis areasonabl@roxy formeasuringhe complexity of XBRL
filings.

3.3.2Econometric Models

We test our first hypothesigsingmodel (1)to examinethe relatiorship between
firm performance Earninggd and XBRL 106K filing complexity Exratio) (Li 2008).
Earningscaptureghef i r steledoperating income, anieixratiois the ratio of extension
elements to total elementsthe XBRL 10-K filing.

Owi WOME T Owi ¢ QEID € 0w DY0 T Owi ¢ wé§ @ 6 YQQ
I 00OYQMR OE 1 QQNQH Qi QA YO 00¢ 0o wi 0
I Oo'YD OQQD QeMor O €1 QaQ
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We followthe @rporate disclosure and XBRL litevae to controfor determinants

thatmayaffect the use of extensi@ementge.qg., Boritz and Timoshenko 2014; Du et al.
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2013; Francis et al. 2008; Kirk et al. 201Bpr firm characteristics, we include firm siz
(LnMVE), marketto-book ratio BTM), earnings volatility EarnVol, acquisitions
(Mergen), and special itemsS(). Suggested btheSEC’ s o b s estvaaXBRlon | et

filing experience may affeaf i r m’ s t a g(§ECR0Q14)weechndroffar afri r m’ s
experience iNlXBRL filing (XBRLagé. In addition prior literatire arguesthat external
monitoring mayaffectdisclosure qualityBall et al. 2012) Therdore, we usethe number

of analysts following lAnalysj to capturethe level ofexternal monitoringKirk et al.
(2016)suggest thathie process of choosirgiandard kementsor extension elementsr

tagging financial facts often involv& significant management discretiorHence
manager s’ di scr et i dikelg toye affested byaff | e mé mentndh er
complexity(Hoitash and Hoitash 2017 otherwords, if afirm’ s b uisinharendys

more compéx, the financial statements of the firm tend to henaredistinctivefinancial

facts, and thus firmmanagersire more likelyto use extension elementstég the fat. To

that end, & control two categories of firm complexity. Firgt,capture the complexity of
operationwe use thenumber of business segmenkBSeg, the number of geography
segments NGSeg, and the presence of foreign transactioRsrdign) (Boritz and
Timoshenko 2014)Secondb ecause f i r ms’ i rbé reflectednttheic o mp | e
financial statements, evfollow Li (2008)andLoughran and McDonald (2014%) measure

linguistic complexity using the length tife 10-K filing (Length and the gross 1K filing

size Grosizg.> AppendixA contains the definitioof eachvariable.

Although we have includetthe control variablesbovein themodel (1), wecannot

SLoughran and MxmMDpwe |l dhat20tl4¢ Fog | ndex, a widely
appropriate in business wKi fi hgGrgonddiizzsdeg ¢feisntd ussiimig at
i f we incl udkoglhedaFso ga Icnodnetxr ol variable. See detail



-25.

rule out unobservable factaaffectingma nager s’ di scr etelemen@ar y
Bias caused by unobservaldbaracteristican be eliminated usin@ change mdel
specification ifthe unobservable differences remain invariant duttegperiod of study
(Lennox et al. 2011 )ollowingLi (2008), we adoph yearto-yearchangeresearch design
to further confirm the relation between firm performance and XBRL complekitydel
(2) shows our yeao-yearchanganodel. Al variables inthemodel(2) arethe firstorder
difference of variableBom the model(1) except foXBRLage’
O0wi WOME f OO Wi € QETADAD ¢ 0 WG 0D YO | ODwi € we a

I 08 6"'YQQ 08) 'OYQ™R 080¢ I 'QQIQODH Qi "QQI

I O8YO I O 0¢& wawi 6o YO 0" QQ 04 QeEMO

[ 0801 €1 Q& 'Q "0t QO iNE I GNE Q QOO £ K i

In addition we employmodel (3) toexamine the effect of XBRL complexity on

earnings persistence. The dependent varialtkesarningsn yeart+1 (Earnings:1), and
theindependent variables are current earnifitgrnings), XBRL complexity (Exratio),
andtheir interaction(Earnings+ Exratia). The interaction term is the variable of interest,
as itreflects the changes in earnings persistence as XBRL complexity chahgasntrol
variablesarethe samasthosein themodel(1). In addition the absalte amount of accruals
(AbsAcg) anda dividend payment dummgDiv:) are also included as control variables
sincethe literature has documented their relationship with earnings persigt8kicmer
and Soltes 2011Sloan 1996)Also, model (3)ncludesthe interactiondetweencurrent

earninggEarnings) and all control variables

us

€

SXBRLA@s t he -tsgaemmer yveaarri ance acrosXBRLagdéi notkhuael@d@tderm

Mo d el (2).
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To test our third hypothes, we use operational complexity ankhguistic
complexityt o measur e the f i r(Rostdsh anch Hojashe20t7A ¢ o mp | ¢
principal component analysi§PCA) is employedo generatean operating complexity
factor andalinguistic complexity factofFeng et al. 2009)ecause each complexitglated
variable might reflect a different dimension of operating or linguistic complexity.
Specifically, we aggregatthe number of business segmentéBGeg), the number of
geographic sgments NGSeg, and thepresenceof foreign businessHoreign) into the
operating complexity factorQpeComplex We combinethe length ofthe 10-K filing
(Length) andhe gross 1€&K filing size Grosizg to formthelinguistic complexity factor
(LinComple). Then,in modek (4) and(5), we include each complexity measure and its
interactiors with Earningsto examine the incremental effect of firm performance on

XBRL complexityas f i r ms c o mihé¢ dpemndéeny varalbiieaand eordrol

variablesarethoseused inthemodel(1).
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3.4 Results
3.4.1 Descriptie statistics

Panel A of Table 3 displays the summary statistEkey variables.XBRL
complexity Exratio) exhibits variance witlaratio of 0.14 at the 2th percentile and 0.25
at the 75th percentile. The average natural logarithm of total wbeds)it) is 11, which
is similar to the findings irHoitash and Hoitash (2017The averagd O-K filing size
(Grosizg in our sample is 14.8 megabytes, whiclsignificantly larger than the mean
value of 16K filing size inLoughran and McDonald (2014)jowever, a major increase in
10K filing size after 2009 expecteb e cause of t he SE@Gerthe XBRL
SEC mandate, firsare required tprovidethe XBRL format of financial statementsn

addition to thepreviousfiling formatssuch as HTML and PDF

Panel Bof Table 3shows the Pearson correlation matrix @iur key variables.
XBRL complexity (Exratio) is negatively relatedo firm performance Karnings,

providing initial evidence tsupportour hypotheses. Consistent with our expectation,
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XBRL complexityis negatively associated wiihms ©° X BRL f i | XBRiage x per i ¢
and positively associated withe linguistic compexity measuresGrosizeand Length.
However, the association betwedhe operational complexity proxies and XBRL

complexity is mixed.



Table3 Summary Statistics

Panel A. Descriptive Statistics

-29.

Variable N (16,130
Mean Median 25% 7% Std. Dev.

Exratio 0.20 0.19 0.14 0.25 0.09
Earnings -0.20 0.04 -0.01 0.10 1.15
LnMVE 6.18 6.41 4.41 7.92 2.41
MTB 3.56 1.48 1.06 241 9.56
EarnVol 1.13 0.05 0.02 0.11 6.43
NBSeg 1.70 1 1 2 1.14
NGSeg 1.76 1 1 2 1.63
Foreign 0.28 0 0 1 0.45
Merger 0.13 0 0 0 0.34
Sl -0.02 0.00 -0.01 0.00 0.08
NAnalyst 1.61 1.79 0.00 2.64 1.23
XBRLage 3.50 3 2 4 1.35
Grosize (Mb) 16.49 16.51 16.09 16.94 0.65
Length 11.00 11.00 10.71 11.30 0.54




Panel B. Pearson Correlation Matrix

Variable Exratio Earning LnMVE MTB EarnVol NBSeg NGSeg Foreign Merger  SI NAnalys XBRLag Grosize Length

Exratio 1
Earnings -0.071 1
LnMVE 0.119 0.362 1
MTB 0.006 -0.823 -0.233 1
EarnVol 0.052 -0.437 -0.229 0.382 1
NBSeg 0.044 0.132 0.262 -0.117 -0.085 1
NGSeg -0.109 0.086 0.106 -0.062 -0.067 -0.097 1
Foreign -0.080 0.079 0.176 -0.059 -0.040 0.096 0.312 1
Merger -0.031 0.075 0.142 -0.060 -0.032 0.112 0.043 0.083 1
SI -0.010 0.197 0.127 -0.124 -0.101 0.022 -0.002 -0.020 -0.004 1
NAnalyst 0.046 0.274 0.786 -0.193 -0.187 0.180 0.146 0.169 0.123 0.082 1
XBRLage -0.123 0.042 0.237 -0.037 -0.045 0.071 0.001 0.040 0.015 0.008 0.183 1
Grosize 0.267 0.324 0.582 -0.3® -0.221 0.244 0.023 0.107 0.082 0.073 0.418 0.129 1

Length 0.343 0.178 0.482 -0.209 -0.138 0.167 0.001 0.082 0.094 0.012 0.381 0.114 0.616 1

Table 3 presents descriptive statistics and correlation matrix for the dependent, independent, and calpieslimalided in our analysis. See
Appendix A for variable definitions.

_OS_
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3.4.2 Main Findings

Table 4 reports the regression resaftthe test of the first hypothesighe variable
of interest isEarnings which measures firm performance. The coeffitienEarningsin
the Level Specification columis negative and significantQ.013;p < 0.01), indicating
that firms’® XBRL filings contain more exte
poorly. The coefficients on the control variables are maiobpsistent with our
expectations. The coefficient &dmMVE (natural logarithm of market valuey negative
and significant, whi c lobsenatiorctibasnsliersfiters have wi t h
higher extensionatios (SEC 2014)The Inguistic complexity measures tfe 10-K fil ings
(GrosizeandLength are positivity elated to XBRL complexityExratio), suggesting that

thecomplexityof XBRL filings is affected bythe complexity ofthefinancial statements.



-32-

Table4 Regression of Firm Performance on XBRL Complexity

Level Specificatio Change Specification
IndependenVariables Dependent Variable IndependenYariables Dependent Variable
Exratio D.Exratio
Intercept -0.448*** Intercept -0.058***
(-9.22) (-9.68)
Earnings -0.013*** D.Earnings -0.003***
(-6.27) (-2.61)
LnMVE -0.002** D.LnMVE 0.000
(-2.54) (0.46)
MTB -0.001*** D.MTB -0.000**
(-2.59) (-2.41)
EarnVol 0.001** D.EarnVol 0.000
(2.38) (1.06)
NBSeg -0.001 D.NBSeg 0.000
(-1.04) (0.44)
NGSeg -0.002%** D.NGSeg 0.000
(-2.98) (0.17)
Foreign -0.008*** D.Foreign 0.001
(-3.36) (0.52)
Mergek -0.007*** D.Mergek -0.001
(-3.68) (-1.19)
Sk -0.006 D.Sk 0.002
(-0.57) (0.22)
NAnalyst -0.003** D.NAnalyst -0.003***
(-2.55) (-3.26)
XBRLage 0.003** XBRLage -0.001***
(2.13) (-2.76)
Grosize 0.023*** D.Grosize 0.011 %
(8.58) (5.82)
Length 0.039*** D.Length 0.004***
(14.39) (5.40)
Year and Industry fixed Included Year and Industry fixed Included
N 16,130 N 11,102

Adj-R? 29.9% Adj-R? 6.2%
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Table 4 reports the results thie level andchangeregression modse(H1). Reported-statistics are
estimated with the clustered standard error by firms. *, **, and *** indicate statistical significance at the
0.10, 0.05, and 0.01Vels, respectively, using twiailed tests.

Considering the endogeneity issue caused by unobservable factatsotest our
first hypothesisusing model (2)a changemodelspecification.As shown in the Change
Specification column the coefficient ofyearto-year change in firm performance
(D.Earningg is negative and significartQ.003;p < 0.01). Thsresult rules out the possible
effect of unobservable factors and furtleenfirms the negative relation between firm

performance and XBRL complexity.

One alternative explanation for our findings is that firms with bad performance
have more unique eventban routine transactionso disclose. Since standard XBRL
elements are not designed to taghad events, those firms have to use more extension
elemrents. Our argument for this explanation is that if a firm has more unique events to
disclose because of bad performance, the linguistic complexity of its financial statements
should be able to capture the variance. As the variables measuiingufgic complexity
of thef i r finantial statementare includedas control variables in the models above,
this explanation ibeing addresseollectively, the evidence in bothelevel and change
specifications suppaur first hypothesis that firms witlvorseperformance haveore
complexXBRL filings. That is,our results suggest thatanagersendto use extension

elements strategically to obfuscate XBRigged financial information

Table 5showsthe regression resultsr the tests of thsecond hypthess. Our
variable of interest iEarnings*Exratiq which captures the changes in earnings persistence
asXBRL complexitychangesWe useall firm-years with positive (negative) earnings to

test the persistence of good (bad) news. As shown in TableeS5¢caéfficient 6
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Earnings*Exratio in the Positive Earnings columis negative and significartQ.774 p <
0.05),indicaing that earning yeart+1 arelessassociatedvith current earnings when
XBRL filing is complex. The result suppotits/pothesia,indicatingthat XBRLfiling is
more complex when good news is less persisidrg. coefficient & Earnings*Exratio in
the Negative Earnings colums positive but onlymarginaly significant o = 0.11)
partially supportingdypothesis?b. Untabulated redts revealsimilar findingsconcerning
the association betweeXBRL complexity and earningpersistencen yeart+2. Taken
together, the resulia Table 5 suggest that pssitive (negativegarningsareless(more)

persistentXBRL complexityincreases
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Table5 Regression of XBRL Complexity on Earnings Persistence

Positive Earnings Negative Earnings

IndependenYariables Dependent Variable

Earni,ngs

0.201** -0.17
Intercept
(2.09) (-0.15)
. 0.325 2.125**
Earnings
(0.36) (2.16)
. 0.04 0.286
Exratio
(1.51) (1.05)
. . -0.774** 0.417
Earnings * Exratio
(-2.19) (1.62)
.004 .032
LnMVE, 0.00 0.03
(1.28) (1.52)
i -0. 4***
MTB 0.000 0.03
(0.16) (-3.92)
-0.000 -0.007*
EarnVol
(-0.28) (-1.85)
0.004** 0.000
NBSeg
(2.12) (0.01)
0.002 0.015
NGSeg
(1.14) (1.02)
. 0.008* 0.071*
Foreign
(1.68) (1.72)
0.013*** 0.048
Mergek
(3.35) (1.29)
-0.165 0.097
Sk
(-1.16) (0.28)
-0.003 -0.022
NAnalyst
(-0.76) (-0.79)
-0.003 -0.012
XBRLage
(-1.08) (-0.24)
: -0.006 0.057
Grosize
(-1.12) (0.93)

-0.011** -0.123*
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Length (-2.39) (-2.25)
-0.001 -0.299
AbsAce
(-0.02) (-1.45)
. -0.007 0.059
Divt

(-1.47) (0.72)
Interactions with ontrol variables Included Included
Year and Industry fixed effects Included Included

N 8,311 2,791

Adj-R? 35.6% 60.8%

Table5 reports the results dfie association afarning persistena@nd XBRL complexityH2). Reported-t
statistics are estiated with the clustered standard error by firms. *, **, and *** indicate statistical
significance at the 0.10, 0.05, and 0.01 levels, respectively, usinatied tests.

Table 6shows the regression results of the tests of the third hypothdss. T
varables of interestare the interaction betweerthe complexity measuseand firm
performance(OpeComplex*Earningsand LinComplex*Earnings The coefficient of
OpeComplex*Earningé the Effect of Operational Complexitgolumnis negative and
significant €0.010;p < 0.05). The Effect of Linguistic Complexity column provides the
regression resultfor the effect of linguistic complexitywhich is also negative and
significant (-0.004; p < 0.01). Theseresuls support H3,revealingthat the negative
associatia between firm performance aXdRL complexityis more pronouncewhen
the firm is more operationigl complex,or t h e  ffihancmal' statements are more

textualy complex



Table6 Regression of Accounting Complexity on XBRlo@plexity

Effect of Operational Complexity

Effect of Linguistic Complexity

IndependenYariables Dependent variabli Independent Variables Dependent
Exratio Exratio
Intercept 0447 Intercept 0.357%
(-9.25) (12.91)
. -0.015*** . -0.017***
Earnings Earnings
(-6.81) (-6.82)
LAMVE -0.002** LnMVE -0.002***
(-2.49) (-2.70)
MTB -0.001** MTB, -0.000*
(-2.50) (-1.87)
EarnVol 0.001* EarnVol 0.001™
(2.42) (2.59)
Mergex -0.007*** NBSeg -0.001
(-3.75) (-1.22)
Sk -0.005 NGSeg -0.002***
(-0.51) (-2.99)
NAnalyst -0.003* Foreign -0.009**
(-2.50) (-3.54)
XBRLage 0.004** Mergek -0.007***
(2.16) (-3.64)
*kK -
Grosize 0.023 Sk 0.003
(8.52) (-0.30)
*kk _ Kk
Length 0.038 NAnalyst 0.003
(14.26) (-2.52)
_ *kk Kk
OpeComplex 0.011 XBRLage 0.003
(-5.11) (2.05)
_ *% Fkk
OpeComplext Earnings 0.010 LinComplex 0.043
(-2.44) (21.56)
LinComplex* Earnings -0.004%
(-2.97)
Year and Industry fixed Included Year and Industry fixed Included
N 16,130 N 16,130
Adj-R? 30.0% Adj-R? 30.0%

Table 6 reports the results of the incremental effects of operational complexity and linguistic complexity
(H3). Reported-statistics are estimated with the clusteseahdard error by firms. *, **, and *** indicate
statistical significance at the 0.10, 0.05, and 0.01 levels, respectively, usiigjladotests.
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3.4.3 Robustness Tests

Several robustness testgere conducted Hoitash and Hoitash (2017)have
proposedusingtotal elements as a new accounting reporting complé&RC) measure
and claim that ARC is more persistent than prior complexity measures. Their findings
suggest that our complexity agure ie., theextension ratiojnaycapture not onl)XBRL
complexitybut also overall accounting complexity. &ddresshe potentialconfounding
effectresultingfrom our measure, we includiee ARC measure suggested Bgitash and
Hoitash (2017)o controlfor the overall accounting complexity in all our models. We
observe similar regression results, which furdwaportour mainfindingsand the validity

of our XBRL complexitymeasure.

Loughran and McDonald (2014uggestusingthe gross size othe 10-K files
(Grosizg to measure the readability thfe 10-K and argue thahe Fog Index Foglindey
is notan appropriateeadability measure in business writittpwever,in the accounting
literature the Fog Indexs still a widely used proxy for financial statement readaljéty.,
Lawrence 2013; Lehavy et al. 2011; Lundholm et2@l14) Therefore we conduct two
sets ofsensitivity tests to eliminate the potential bias caused by different readability
measures. First, we atlteFog Index Foglndey as another linguistic complexity measure
in our modelsand generata linguistic complexity factorlLinCompleX using Fogindex
Grosize and Length Second, we replac&rosize with Foglndexin our modelsand
aggregate onlyrogindexandLengthinto LinComplex The regression results are similar

to our main findings.

Finally, the SEC sugests that the use of unnecessary extension elemeytse

attributableto different reporting tool§SEC 2014)To address the alternative explanation
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that our findings are driven by reporting todlse . g . , Fujitsu’s XWand
Wdesk) we include dummy variables in all models to capture which tools are employed
by firms to prepare their XBRL fihgs We find qualitatively similar resultgshich further

confirms our main findings.
3.5. Conclusion

Increasing amoustof financial informationare beingextracted, processed, and
interpretedautomaticallyby machinesXBRL was introduced to provide meaning and
context tofinancial data byagging eachfinancial fact in financial statementssing pre
definedelementslts use enablesyachines to understanide meaning and context tife
tagged data: what the number regamats and how it relates to other numbers. Prior literature
showsthe overuseof extension elements and attempts to address whether managers
overuse extension elememstsategically However existing studieslisagreeHoitash and
Hoitash (2017)s us pect t hat smaobfasgae infermatioa teadgontpet
overuseof extensionelementswhereasScherr and Ditter (2017argue thatthe use of
extension elemenis not relatedo managerial discretionn addition most studies in the
strategic reportindjterature centemainly on thetiming, dssemination, and narratives of

disclosurs, not on the tagged data format of financial information.

This studyfocuses ora current debate in the literature and investigatiesther
managersise XBRLelementsstrategicallyto increaseéhe complexity othe tagged data
format of financialstatements (i.eXBRL filings). The SEC’' s XBRL manda
requires firms taag each financial faan financial statementssing either a standard
element or an extensialement offers a unique settinfpr our reearch questiaand

allows us to examine managér di s cr et extensomrelgmenisswethoun kel
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selection bias. Using thatio of extension elements to total elemantan XBRL 10-K
filing as themeasuref XBRL complexity, we find evidence thd i r XBRL filingsare
morecomplexwhenthe firmsare performing poorly andhentheir good newgbad news)
is less(more) persistent. Wéurther showthat theeffectis more pronouncedhen firms
are inherertly more complex Our results suggest thatamagergend touse extension
elementsstrategically to introduce XBRL complexity and obfuscadBRL-tagged

financialinformation.

Our study makes contributions ttee accounting literature in three ways. First, we
extendthestrategic reporting literatarby demonstrating that firms use extension elements
strategicallyto increase the complexity oKBRL-tagged data Second, this paper
contributes toa recent debate iIXBRL studiesabout whether managers use extension
elements strategicallyWe provide iniial evidence that they ddinally, both regulators
and practitionerbaveexpresedconcernsaboutthe overuse of extension elemeandits
consequences (e.g., less readability, less comparability, andrepaeting quality. Our
study offers regulates the useful insight that the use of unnecessary extensions may be

affected by fi rsns’ reporting strateg

This research is subject to the following cavelist, whether firms prepare their
XBRL filings in-house or outsouecthem because tife lack @ relevantinformation isnot
controlledin our research modelblevertheless, this paper includes control variables that
capturethe software used ithe XBRL-taggingprocess andat least partiallyeliminates
the effect ofthe preparatioprocess on XBR complexity.Since the tagging process may
differ depending on the XBRL implementation approach (i.ehanse vs. outsourcing),

another avenue for futureesearchis to examine whether the XBRL implementation



-41-

approach affectsnanagers strategic usef extension elementsSecond, this research
focuseoonly ontheextension ratio ratherthamma nager s’ di screti onar
for specific financiafacts. It would be interestinfpr future research to explore hamd
based on what criterimmanages choose officialelementsor extensionelemens for

different financialfacts.
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CHAPTER 4: HOW DOES INFORMATION PROCESSING EFFICIENCY
RELATE TO INVESTMENT EFFICIENCY? EVIDENCE FROM XBRL

ADOPTION
4.1 Introduction

A wealth of literature documents that aggmronflicts and information asymmetry
between managers and investors lead firms to miss optimal levels of invegtngent
Hubbard 1997; Stein 2003 ecently, a stream ofditature argues that high financial report
guality can improve capital investment efficiency because it reduces information

asymmetry and attenuates the motivatiohsma nager s my (e.g.,iBashnthe c i si o
and Snith 2001; Healy and Palepu 2001; Lambert et al. 2007; Biddle and Hilary 2006;
Biddle et al. 2009; Chen et al. 2011; Jung et al. 2014; Gomariz and Ballesta 2014)
Following the same notion, other studies extend this stdaisearctby investigating

the effect of the disclosure of material weaknesses in internal control over financial
reporting (Cheng et al. 2013and the mandated adoption of International Financial
Reporting Standards (IFRS) on investment efficie(@idle et al. 2011; Lenger et al.

2011; Hou et al. 2016However, these studies foomis the quality of financial reporting
contentbut overlook the efficiency of processimjormation Successful communication

between managers and investors through financial reports is determined by a combination

of the quality of the information conteahd theinformation processing casthis paper
suggestghat the cost of processing financial information is anothgyortant factor

affecting the degreefo i nf or mati on asymmetonynveatmet man a

decisions. Specifically we use the doption of the eXtensible Business Reporting

Language (XBRL) as an exogenous shock to examine whethefdh@aationprocessing
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costaffects corporate investment efficiency.

As an interactive disclosure system, XBRL is expected to significantly reduce
informationprocessing cost and improve the accessibility and usefulness of the current
EDGAR reporting system. It utilizes a list of piefined elements to identify each piece
of data, which can then laecessed and interpreteg XBRL-compatible progras(SEC
2009) Specifically, XBRL reduces the cost of processing information by minimizing
manual intervention,improving the reporing standardization and expediting the
comparison between industry peers. As suggested by prior lite(Blargkespoor et al.
2014; Kim et al. 2012; Liu et al. 2014; Dong et al. 2016¢ adoption of XBRL is an
exogenous shock thatgsiificantly changes informatioprocessing cost and provides a
natural research opportunity, free of endogeneity, to investigatedféed of information

processing cost on investment efficiency.

We first posit that, after the adiign of XBRL, the reduced information processing
cost leadto more efficient investments by mitigating the degree of information asymmetry
and enhancing th@erceived) monitoring of managerial investment behaviors. With the
benefits of XBRL on searchingxtracting, and comparing firspecific information, small
investors are able to conduct basic aredysnd execute their power as external
“ wat c’hkbiosgphisticated investors, such as institutional investors and analysts, the
XBRL adoption optimizegheir resource allocations by shifting more resources from
tedious information collection to anaégs(Liu et al. 2014) Thus,both small andarge
investors may be better able to monitor management perforprentteletect managerial

opportunism and possible misalignments in an effective and timely manner in the post

XBRL era (Ferreira and Matos 2008; Chang et al. 2089)th the fear of involuntary
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replacement and the desire to receive positive recognition from the nildddetstrom
1982; Ali and Zhang 2015jnanagers may hesitate to maximize-gekress andmitigate

suboptimal nvestmentlecisions

To test our hypothesi s, we retrieve fir
of Interactive Data FilingandReally Simple Syndication (RSS) feeds, and identify the
first XBRL filing date as the adoption date. Expilog the merit ofXBRL adoption we
regress the dependent variable representing abnormal investri{éNig)( which is
derived from the model suggestedWgNichols and Stubben (200&n a dummy variable
(Pos) that indicates the pre and post period of XBRL adoption. As expected, we find that
the adoption of XBRL reduces the level of abnormal investm@ménslated intahe
economicmagnitude, this effect represents a 15.8% margiedlction in inefficient

investments.

In addition, we perform several analyses considering potential moderating factors
that may magnify or mitigate the benefits of XBRL on the improvement in investment
efficiency, including external monitoring, enviroemntal uncertainty, and the reporting
readability.First, we expect that tHeenefits oiXBRL mandate should be more evident for
firms with weaker external monitorindf the existing governance is strong enough to
provide considerable monitoring of mandgkmbehaviors, the substitution effect will
reduce the incremental gains from the adoption of XBRL on investment efficiency. Our
empirical results show that the benefits driven by the XBRL adoption on investment
efficiency are mitigated by the existing sepor external monitoring(proxied by

institutional holdings or analyst coveragiim et al. 2012; Khurana and Moser 2012)

Second, we expect thahformation environment uncertainty also plays an
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important role in moderating the association between the adoption of XBRL and
investment efficiencyUncertainty in the irdrmation environment makes it more difficult

for investors to assess firgpecific information and to detect opportunistic behayioirs

et al. 2008) Therefore, the effect of enhanced accessibility may eventuesdlyitin a
higherimprovement ofnvestmengefficiency. We find evidence that the benefits of XBRL
adoption on investment efficiencgre magnii e d by umcerfain enviforsment
(proxied by the number of business segmenigthe consensus analyst forecast ejrors
suggestinghat the improvement in investment efficiency after the XBRL mandate is more

pronounced for firms with higher enviroemtal uncertainty.

Moreover, we examine how tiheadabilityof financial reporting affect the benefits
of XBRL adoption on investment efficiency. As suggestethaprior literature(Hoitash
and Hoitash207), | i ngui sti c complexity increases e
thereportsand leads téower information quality Sincethe quality of communication via
financial reports is determined by both the quality of information and processingveost
expect thathe adoption oXBRL will be moreable to improve information processing
efficiency and reduce information asymmetry for a company mithe readable reports
Our empirical results show that theadabilityof financial reporting(proxied ky both the
Fog index and the length of reportifig 2008)) magnifiesthe benefits of XBRL adoption

on investment efficiency.

We further confirmour results by conducting several additional teSpecifically,
these anal yses i n<dntddudd etrleen c'edi f(fDd yegrioyemrb ust ne
change design model, the dynamic effects test;capital investmenand the effect on

over and undefinvestment We find that our mpirical results are robust in theore
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rigorousDID empirical settingand change desigio test the dynamic effects of XBRL

on investment efficiency, we repladee dummy variable Pos) to three event year
dummies Post]l Post2 andPosB) and find a persistent and increasing patterthef
XBRL effect, supporting our expectation that both investors and firms face a learning curve
in understanding XBRLand he effect of XBRL adoption on investment efficiency
enhances as time goes. While our main hypotheses examine the effect of XBRaradop
on firm-specific capital investment efficiency, we also investigate such effects en non
capital investmente(g, R&D and acquisitions). Walsofind a consistent result that the
level of abnormal nowapital investments is attenuated after the adopif XBRL. Thus,

the resultsof robustness test@re consistent with oumnain findings and show that the
reduced informationprocessing cost from the XBRL mandate leads to enhanced
investment efficiency for both capital and roapital investmentg=inally, we split the
abnormal investment into ovarvestment XINV>=0) and undemvestment XINV<O0)
groups, and find that the XBRL mandate is more likely to curb manag@palrtunistic

overinvestments

This study contributes to the existing literature hie following ways. Firstthis
paper extends the growing literature on the benefits of XBRL adoption. Prior studies focus
on the benefits of XBRL adoption mainly from the perspective of information users. For
exampleKimetal. (2012f i nd t hat the reduction in inves
after XBRL adoption mitigates information riskong et al. (2016¥ind that XBRL
adoption improves the abilitgf investors to incorporate firrgpecific information into
stock pricesLiu et al. (2014)show that the adoption of XBRL also incsea analyst

coverage and improves analyst forecast accudasyead our study extends the XBRL
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literature by providing empirical evidence on tefects of XBRL adoption from the
perspective of managerial behaviors. Specifically, our findings suggetteidiminished
informationprocessing costnd the enhancdgderceivedl monitoring after XBRL adoption

i mprove manager’s investment decisions.

Second, we add valseo the existing accounting literature that investigates the
association between financrale por t i ng qual ity and fir ms’
Biddle and Hilary (2006 and Biddle et al. (2009)Instead of exploiting thguality of
financial information(Chen et al. 2011; Cheng et al. 2018 suggest thatie efficiency
of processing information also plays an important role in assessing the sofcess
communication between companies and investors.r&tecedinformation processing
cost narrow the information gap between managers and investors, and disgipline
managers to make better investment decisions. To our best knowledge, our paper is the

first to investigate how theostof processing the content in financial reports, rather than

the qualityof theinformationitself, affects firmspecific investment efficiency.

Third, this studyutilizes the adoption of XBRL as an exogenous shiockneasure
the unobservable factomformation processing costSuch setting provides us with a
natural empirical design that is free of endogeneity and a clear predibion the effect

of informationprocessingoston investment efficiency.

The renainder of thechapteiproceeds as follows: Section 2 reviews prior literature
and develops hypotheses. The research desijacusseth section 3. Section 4 presents
and interprets empirical results. Additional tests are documented in Section 5, and

conclusions areusnmarized in section 6.
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4.2. Literature Review and Hypothess Development

Prior literature suggests that deviations from fspecific optimal investment
levels can be driven by information asymmetry between managers and investors.
Specifically, two primay problems are identified in prior research: moral hazards and
adverse selection. A moral hazard arises when information asymmetry makes monitoring
mechanisms costly, allowing managers to maximize their owrArgelest by making
decisionghat may not b optimal for shareholde(densen and Meckling 1976 terms
of investment,ie consequence can either be amgestment in the context of managerial
empire building(Jensen 1986; Richardson 2006; Hope and Thomas) 2i08nder
i nvest ment due to the madageses pnef ¢randca
(Bertrand and Mullainathan, 2003). Informatiasymmetry between managers and outside
investors can also create adverse selection. In this situagitesinformedmanagers may
overinvest if they use their information advantage to time the market, issue overpriced
securities, and earn excess fur{@sker, Stein, and Wurgler, 2003; Hovakimian and

Hovakimian, 2009).

From the agency theory perspective, there are several control mechanisms, such as
corporate governanc@Bushman and Smith 200Bnd financial disclosuréHealy and
Palepu 2001; Lambert et al. 2007; Hope and Thomas 2@08)educe information
asymmetry and facilitate betporeumisticsbehpvesr vi si 01
Many empirical studies shed light on how financial report quality can improve investment
efficiency by mitigating information asymmet(g.g., Biddle and Hilary 2006; Biddle et
al. 2009; Cheret al. 2011; Cheng et al. 2013)jowever, the discussiserof financial

reporting quality in these studies focus on the qualityomitentbut overlookthe costof



-49-

processing such content. Successful communication between managers and investors
through firancial reports is determined by a combination ofitiiermation quality and
processing cosfThis paper suggests that the cost of processing financial information is
another factor that affects the degree of information asymraatigisciplines managers

to make better investment decisions. Thiady treats the adoption of XBRL as an
exogenous shock in ordernmeasure the unobservable factor, informagimotessing cost

and to examine whether the efficiency of processing financial information hasenceff

manager s i nvsest ment behavior

In the 1990s the SEC initiated the EDGAR disclosure system to make financial
statements more accessible to investors through the widespread use of the Internet. To
enhancehe current EDGAR reporting system with ammanteractive disclosur®rmat,
the SEC mandated the use of XBRL in 2009, expecting to reduce the cost of information
processing and improve the accessibility and usefulness of financial staté®IEQS
2009) XBRL is an open standard system that seeks to improve the preparing, publishing,
communicating, and processing of financial data. An XBRL filing uses a list -afgsireed
elements to identify each piece of data in the report, which then allows the data to be
accessed and analyzieg XBRL-compatible prograsi By minimizing manual processes
machinereadable XBRL filings reduce the cost of accessaxgracting, and interprieg
financial informationKim et al. 2012)In addition, thesummary opre-defined list of tags
is called standard taxanomyhich promotes the standardization of reporting systems and
facilitates the crossompany comparability of fundamental capital ra(iBsritz and No
2009) Based on thenformation environment changes brought by the adoption of XBRL,

a growing number of empirical studies have extensively documented the benefits of the
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XBRL adoption in terms of the enhanced transparency, reduced information asymmetry,
and improved acces#lity of financial data(e.g., Blankespoor et al. 2014; Kim et al. 2012;

Liu et al. 2014)

The adoption of XBRL enhansé n v e snfomnati®riprocessing capacity. The
mandatd XBRL filings give small investorsmore accessible financial information in a
userfriendly and less costly searfaicilitating information environmen(SEC 2009)
Compared to sophisticated investors, small investors generally have fewer resources and
limited ability to process informatio(Blankespoor eal. 2014) which constrains their
decisionmaking ability.Since the adoption of XBRL makes it simpler to search, extract,
and comparefirm-specific information, it should be much easier for small investors to
conduct basic analysis, such as comparingnicial ratios among competitors, evaluating
suggestions from other information channels, and generating their own opinions based on
the firm-specificinformation (XBRL.US 2009) Consistent with this ew, Hodge et al.
(2004)use behavioral experiments to show that-professionauisers are likely to benefit
from searcHacilitating technologies like XBRL in analyzing financial reports. In addition,
the adoption of XBRL brings more opportunities for smaller investors to analyze firm
performance and to play a monitoring role in corporate governdeee individual
investas can execute the power of shareholders at a lower cost by utilizing the tool of
XBRL and monitor the wrongdoings of managers, addingaddi t i onal per

pressures” on manageri al deci si ons.

The adoption of XBRL not only favors smaller investors, bisb dacilitates

7 Smdl investors include individual investors, small groups of investors-vesed or social connections
based investment clubs, and any other investment groups that have limited resources and similar risk
preferences.
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sophisticated users’ ability to access, e >
efficiently and effectivelySophisticated information users, such as institutional investors

and analysts, are able to leverage their superior know/ledgbtain greater benefits from

XBRL and enhance their information advanta{@nkespoor et al. 2014)n the pre

XBRL era, sophisticaté information users bore the cost of information mining through
selfsupported agents (applications, softwaned other programmingpased intelligence

macros). Searching, extracting, and formalizing data from complex, diversified financial
reports takesessources away from analyzing the disclosed financial details. The XBRL
mandate eliminates the need to convert financial information into macradable

records, giving sophisticated users more time to conitheéctalueaddedanalyss. For

instance Bloomberg consumes XBRL data to fasick company financials to analysts

and hasncreased the usage every yeetuding the footnotes which may not be captured

in the past(Efthimides 2017) Liu et al. (2014)also document that XBRL adoption

increases analyst coverage, and improves the timeliness and enhances the accuracy of
anal yst s’ forecast s. Consequentl vy, by shif
collection to idormation analyss, larger investors may improve their ability to evaluate

firm and management performance.

Financial reporting is an important source of fisgecific information for investors
to monitor manager@iddle et al. 2009)With expanded information accessibility and
improved analytical ability, information from financial reports can be better accessed,
extracted and intfepr et ed to monitor manager s’ i nvest
monitoring could mitigate the likelihood that managers invest in suboptimal projects due

to the increased probability of being detected. For inst&sregira and Matos (200&8nhd
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Chang et al. (2009provide evidence that firms ith improved monitoring (higher
institutional ownership and greater analyst coverage) are less likely to make inefficient
investments. By improvindpoth smaller and sophisticat@éavestos ability to
extract, and analyze financial reporting infation, the adoption of XBRL reduces
information asymmetry and strengthens external monitoiihgs, the XBRL mandate

may curbma n a gsebopsirhal investment decisions.
Based on the issues discussed aboveetisgyproposes the following hypothesis:

H1: The adoption of XBRL haa positive impact on corporate investment
efficiency.

The adoption of XBRL gives both small investors and sophisticated investors better
access to firspecific information, resulting in an improved monitoring mechanism and
diminished information asymmetry. The potential enhanced monitoring mechanism may
project “perceived pressure” on managers,
behaviorsThe effect of the XBRL mandate shouldrbereevident for firms with weaker
extanal monitoring because mnagers irthosefirms have greater incentives to make
suboptimal investmentdue tothe lower odds of detectionith ineffective monitoring
Thus, managers in these firms may be more inclined to adjust their misbehaviorseafter th
XBRL-induced enhancement in monitoring. By contrast, if the existing governance or
external monitoring mechanisms cansure that investorgathersufficient information
and conduct reasonable monitoring of management, the incremental gains from the
adopion of XBRL will be reduced. Prior literature documents that éffectivenessof
monitoring is positively related to the percentage of shares held by institutional investors

and the number of analyst followin@im et al. 2012; Khurana and Moser 2012)
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Following prior studies, thistudyuses the percentage of institutal holdings and analyst
coverage as proxies for the external monitoring function, and postulates the following

hypothess:

H2: The effect of XBRL adoption on investment efficiensiyasigerfor firms with

weaker external monitoring

In an uncertain iformation environment, the information for decisiomaking
requires a high degree of aggregation and abstraction to produce manageable mappings.
Prior literature suggests that a more complex environment increases the difficulty for
investorsto assessfiem  opportuni stic behavi(bmetal. such

2008)

To bemorespecific, if a conpany is diversified with multiple business segments,
firm-specific information is more difficult to track and aggregate in a timely manner. It is
also more difficult for investors to infer underlying risks and values based on existing
information. Thus, lie problems created by information asymmetvill be more
pronounced in a company with multiple business segments, resulting in a higher likelihood
for managers to make inefficient investment decisi@dso, the existence of multiple
business segments md§fuse monitoring resources, which leadaeakermonitoring of
managerial opportunism. In additicanalyst forecast errgra/hich is the gap between the
announced earnings arahalysts expectation, can be used to measure information
uncertainty(Kim et al. 2012) In a moreuncertainenvironment, it is more difficult for
analystdo estimateaeliablepredictionsas well Prior literaturealsoshows that information
incorporated in analyst forecasts has significant information value to investprgveiss

2010).Investors mayot able torely on information from analysts or other information
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intermediariedf they are inaccuratelherefore the benefits of the adoption XBRL on

investment efficiency can be highlighted m@ncertain information environment.
Based on the discussions above, #sisayproposes the following hypotheses:

H3: The effect of XBRL adoption on investhedficiency isstrongerfor firms with

more uncertain information environment

Apart from the complexity of companies themselves,shidyalso examines how
the readability of financial reporting will affect the benefits of XBR&adoptionon
investment #iciency. Linguistic complexity increases the difficulty in consuming
financial reportsand leads to a wider information gap between investors and companies
(Hoitash and Hoitash 2017As we discussed beffe, successfutommunicatiorbetween
managers and investassdetermined byhecombination of the quality of the information
and the processing coHtthe original financial reports have complicated semantics, words,
and sentences, the interactive XBRAgging systems will be less able to improve
information processing efficiency due to the limitgahlity of financial informationBy
contrastwith more readablénancial reportsthe benefits ofeducel processingost will
be magnified Consistent vih prior literaturgLehavy et al. 2011; Bozanic and Thevenot
2015) thisresearcladopts two measures of linguistic complexity: the commonly used Fog

Index(Gunning 1952and the length of repor{ti 2008). Therefore, lis studyposits:

H4: The effect of XBRL adoption on investment efficiensiramgerfor firms with

higherreadablefinancial repors.
4.3. Sample Selection and Empirical Specifications
4.3.1 Sample Selection

We collect the XBRL filings fr &lmgsEDGAR’
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andReally Simple Syndication (RSS) feeds, and identify their initial (first) XBRL filing
date as the adoption date. Then we focus only on firms that belong to Phase I, 1l or 1lI
filers® by limiting the sample to firms that adopted XBRL betwearedl6,2009 and June

14, 202, resulting in 22,353 firayear observations merged with the Compustat database
from thefiscal year 2008 to 2012T'o avoid a potential seffelection bias in the sample, all

XBRL filings issued by voluntary adopters were exitgd fran our sample.

Since our empirical design treats the adoption of XBRL as an exogenous shock, the
initial date ofmandatoryXBRL filing is used to classify the pre and post period for each
company. The final sample periodns from 2008 to 2012 tmclude bothpre and post
periods(Dong et al. 2016) Firm-specific fundamentals, stock price, and analyst forecast
data were obtained from Compustat, the Center for Research in Security and Prices
(CRSP), and the Institutional Broker s’ Es
eliminating firms in the finacial industry (SIC codes 60@8999), and observations with
missing data, our financial sample comprises 10,111 observations for 2,396 firms/ Table

presentshe summary of sample selection arable8 displays the dscriptivestatistics

8 The detall XBRL phasein schedule can be found at:
https://www.sec.gov/info/smallbus/secg/interactivedsgag.htm

°The sample period is from 2008 to 2010 for phase |
2010 to 2012 for phase 111 filers.
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# of Obs.
Initial: Firm-years of XBRL adopters between 2009/6/15 to 2012/6/14 22,353
Less: Filings from voluntary XBRL adopters (66)
Less: Filings from financial institutions (SIC 606099) (6,777
Less: Filings that are not available for investment efficiency (2,519
Less: Filings that are missing control variables (2,883
Full Sample: 10,111

Table7 provides detail®nthe sample selection process.



Table8 Descriptive Statistics

Variables Full sample XINV>=0 XINV<0

N mean median p25 p75 sd N mean median N mean median
AbsXINV 10,111 0.187 0.109 0.048 0.218 0.282 | 3,840 0.229 0.101 | 6,271 0.161 0.113

Post 10,111 0.331 0 0 1 0.471 | 3,840 0.328 0 6,271  0.332 0
LnMve 10,111 5977 6.170 4313 7582 2296 | 3,840 5998 6.201 | 6,271 5965 6.151
Loss 10,111 0.341 0.000 0.000 1.000 0.474 | 3,840 0.312 0.000 | 6,271 0.359 0.000
Leverage 10,111 0.272 0.170 0.009 0.337 0578 | 3,840 0.235 0.150 | 6,271 0.294 0.183
Cash 10,111 0.154 0.100 0.034 0.211 0.166 | 3,840 0.161 0.109 | 6,271  0.150 0.095
MTB 10,111 2351 1.389 1.039 2105 5.816 | 3,840 2.264 1.383 | 6,271 2405 1.390
Analyst 10,111 7.760 5.000 0.000 12.000 9.042 | 3,840 7.795 5.000 | 6,271 7.739  4.000
StdCFO 10111 0.102 0.050 0.028 0.092 0.232 | 3,840 0.102 0.053 | 6,271 0.101 0.048
StdSales 10,111 0.195 0.128 0.070 0.231 0.227 | 3,840 0.207 0.138 | 6,271 0.188 0.121
Stdinvestment| 10,111 0.276 0.111 0.050 0.259 0.488 | 3,840 0.275 0.132 | 6,271 0.276  0.099
Z-Score 10,111 0.153 -1.474 -2.628 -0.347 13.682| 3,840 -0438 -1573 | 6,271 0.516 -1.425
Tangibility 10,111 0.264 0.177 0.075 0386 0.243 | 3,840 0.246 0.153 | 6,271 0.275 0.191
OperCycle 10,111 2.766 3835 1773 4600 2.633 | 3,840 2.710 3.822 | 6,271 2.800 3.851
FRQ 10,111 -0.047 -0.031 -0.054 -0.019 0.051 | 3,840 -0.046 -0.033 | 6,271 -0.047 -0.030

Table8 presents descriptive statistics for the dependent, independent, and control variables included in our analysis. Thesdaompl/2008 to 2012,
resulting in 10,111 obseations. The column XINV>=0 and XINV<O0 indicates oveand under investmentgroups. See AppendiB for variable
definitions.

_LS_
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4.3.2 Empirical Specifications

Due to the unobservable nature of investment behaviors, investment efficiency
cannot be measuredrekctly by financial ratios. A suggested by prior literatufe.qg.,
Biddle et al. 2009; Bae et al. 201@¥ficient investment can be interpreted as a firm
undertakingprojectwith positive net present value (NPMYnder such interpretation, the
under or overinvestment can be treated as either passing up investmentuppestwith

positive NPV or picking up projects with negative NPV. Following the same design

[ ” 1]

phil osophy as abnor mal accrual s or abno
(e.g., Kothari et al. 2005; Blankley et al. 2012) “ ab nor ma |l XINVhoarelet ment ”
measured as the magnitude (negative or posiifvdgviations from the predicted optimal
investment level based on firgpecific information.Specifically, positive “abi
i nves tXiNF0) ihdicates an ovear nv e st ment behavi or, and
i nv e s tXN40} repregents an undervesment behavior relative tthe average
investment level of peer firms in the same industryThe “abnor mal i nvest
(XINV) is the residual value from an expected investment regression model, suggested by
McNichols and Stubben (20083 follows:
OO I T O0r 105 0001 QfQAN0E 000 #57Q0Q
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where INV is the investment level (capl expenditures)Quartile2, Quartile3 and
Quatrtile4 are indicator variables that equall if Q is in the second, third, and fourth

quartiles of its industryear distribution,CF is the cash flows, an@rowth equals the

natural log of total assets thie end of year1 divided by total assets at the end of year t
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2 . The subscri pt thefirm, iasndt hteh ei d“etn’t iifthe etrh ef orr

year The investment model is estimated separately for each industry and year.

To investigate e effect of XBRL adoption on corporate investment efficiency
(H1), we estimate the following regression:
bl OPI® T 0E[HOSGUG 0 "YYH O WO Q@IO0E6 "YRY G
whered @i TxEis the absolute value of abnormal investment measwedjuation 1)
in year t. Our variable of interest is an indicalot i that equals 1 if a firayear is after
thef i rm’ s XBRL a dcovizd Tio eliminagencancefths amg fiom the gap
betweerthe adoption date anddtal yearend,we treatthe variabled £ i équals td if
the gap between the XBRL adoptidateand the fiscal year end is less than 180 days. For
i nstance, i f -eadisforSegamber30,f201§ andthe injiaédate ofXBRL
adoption is August1, 2010, the gap between thdas® dates is less than 180 days, so
0 & i of this firmattheyear 201Gqualgo 0. Thiscriterion enstesthe nunber o XBRL
adoption days is longnough to affect managerial incentives and coreettyuimpact

corporate policie's.

CONTROLSepresents a set of control variables adopted from prior investment
efficiency studiege.g., Bae et al. 2016; Biddle dt 2009; Cheng et al. 2013; Lara et al.
2016) Specifically, we control firm sizdeOMve), leverage l(everagg, cash Caslj, cash
flow volatility (StdCFQ, investment volatility $tdinvestmeipt financial distress riskzt
score, tangible assets (Tangiibyl), operating cycle@perCyclg, and previous investment

efficiency LagXINV) asfirm-specific characteristics. Since analyst coveragmlys) and

PI'n an untabul &t sd mi ¢ atr, r-d4swdhedpadt mdret 189 not appl
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sales volatility §tdSaleksare identified to be related to firm investment efficiencyalge
include hem as controlsAdditionally, we add firm performance such as operational
earnings llos9 and market to book valueMTB) as control variables. Since financial
reporting quality improves investment efficien@yg., Biddle and Hilary 2006; Gomariz
and Ballesta 2014)he financial reporting qualityneasuremenf{FRQ) is included as
control variables as wél. Finally, we cluster standarmrors byfirm level to control
within-firm correlations of residuals (Petersen, 2009). Appertliprovides detailed
variables’”™ definition.

To test a set of hypothissthat aims to investigate the moderating effect of external
monitoring (H2), environmenkancertainty (H3), anfinancialreportingreadability(H4),
we employ the following regression:
OWi OPOW T 0VEiHor DU OOYD YOIYDE oD U OOYd YO'Y

00 0"YYU0O 000® QOO0 "YRY o

where MODERATORIs one of thethree sets of measures that captures the external

monitoring, the environmental uncertainty, and risgdhbility of reporting.

Following Lara et al. (2016andBae et al. (2016)we utilize institutional holding
and analyst coverage to evaluate the monitorimgtfanality from external information
users: institutional investofgnstHold) and analyst$ollowing (Analys). We expect that
the coefficients of the interaction terms are positive, suggesting that the effect of XBRL

adoption is more pronounced for fisnwith weaker external monitoring.

1 We adopt the definition of accruals quality frdirencis et al. (2005)which is based on tHeechow and
Dichev (2002)model. Additionally, we observe similar results when using discretionary accruals from
Kasznik (1999gs an alternative measure.



-61-

Thesecond set ahoderators measussvironmental uncertaintyith the number
of business segmentsiBug andanalyst forecast errorgérror) (Dong et al. 2016; Kim
et al. 2012) The variable of interest (intettaan terms) captures the incremental effect of
XBRL adoptionwhen information uncertainty chang®ge anticipat®bservinga negative
association, implying an enhanced effect of XBRdoption for firms with higher

information uncertainty.

Finally, to testthe fourthhypothesis, we substitute the moderatath the Fog
Index(Foglndey and the length of reportingtength, which reflect the financial reporting
readability(Li 2008; Hoitash and Hoitash 201As suggested ihehypahesis thatmore
readable financial statementgagnify the effect of the benefits of utilizing XBRL, we
expect to observe a positive association between abnormal investment and the interaction

terms.
4.4. Empirical Results
4.4.1 Main Results

Table 9 presets our main findings for the test of Hypothesis 1, examining the
impact of the XBRL adoption on investment efficiency. The dependent variable is the
absolute value ofthe abnormal investment AbsXINV) derived from the expected
investment model suggestedMgNichols and Stubben (2008)he variable of interest is
the dummy variabléost indicating whether the firm has already stepped intqtist
XBRL adoption paod. The coefficient is0.029(p<0.01) suggesting that the adoption of
XBRL will significantly reduce manager s’

abnormal investment is 0.187, the magnitude of reduétion XBRL mandate is around

16 percentWith respect to control variables, firms with higher operation volatilities in

Yy
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terms of cash flow, sales, and investment have inferior investment efficiency. Additionally,
higher investment efficiency is associated with lower bankruptcy risk, higher analyst
coverage, lower leverage, lower tangibiliandfewer prior capital investmentsloreover

we find consistent evidence that higher investment efficiency is associated with higher

financial reporting quality. All coefficients of controls are consistent witbr studies.



Table9 Main Results

Independent Variables

Dependent Variable

AbsXINV
Intercept 0.249**
(2.29)
Post -0.029%**
(-3.22)
LnMve -0.001
(-0.51)
Loss 0.010
(1.40)
Leverage -0.001
(-0.03)
Cash 0.085***
(3.05)
MTB 0.004*
(1.93)
Analyst -0.000
(-1.03)
StdCFO 0.076**
(2.10)
StdSales 0.028
(1.24)
Stdinvestment 0.017*
(1.85)
Z-Score -0.001
(-0.77)
Tangibility -0.096***
(-4.46)
OperCycle -0.001
(-0.49)
FRQ -0.553***
(-4.52)
LagXINV 0.176***
(8.17)
Year and Industry fixed effects Included
N 10,111
Adj-R? 0.177

Table9r eports the association

bet ween

XBRL
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adoption

dependent variable (AbsXINV) represents the levellmformal investmentand theresidual derived from

the equation followingMcNichols and Stubben (2008[Reported -statistics are in parentheses and are
estimatedwith the clustered standard error by firms as suggested by Petersen (2009). *, **, and *** indicate
statistical significance at the 0.10, 0.05, and 0.01 levels, respectively, usitgiladotests.
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4.4.2 ExternaMonitoring

Table 10 reports tle moderateeffect of external monitoringn the relationship
between the XBRL mandate and investment efficiehcfPanel A, he variable of interest
is the interaction term of the number of shares institutional investorglhsttiold) and
the dummy variabl®ost Institutional holdings and other control variables are included as
well. We find a positive and significant coefficief@.042, p<0.05)suggesting that the
benefitsof XBRL adoption on investment efficiency are mitigated by superior external
monitoring. The coefficient of institutional holdings itself is positively significant at the
0.05 level, which is consistent with the monitoring role of institutional investors on
suboptimal investment$n Panel B, the external monitoring is measuredhesanalyst
following (Analys). Consistent with the results in panel A, the coefficient of the interaction
term is positive and significant (0.001; p<0.01). Overall, résiltsare in line with our
second hypothesithat the benefits foadopting the XBRL in improvig investment

efficiencywill be mitigated by the existencé stronger external monitoring.
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Table10Thelmpactof External Monitoringon the Associatiometweenthe XBRL
Mandateand Investment Efficiency

Panel Alnstitutional Holdings

Independent Variables Dependent Variable

AbsXINV

Intercept 0.255**
(2.36)

Post*InstHold 0.042*
(2.44)

InstHold -0.043***
(-4.19)

Post -0.057***
(-4.09)
LnMve 0.001
(0.64)
Loss 0.009
(1.30)

Leverage -0.002
(-0.09)

Cat 0.080%***
(2.81)
(1.84)

Analyst -0.000
(-0.78)

StdCFO 0.074*
(2.04)
StdSales 0.026
(1.15)
Stdinvestment 0.015
(1.57)

Z-Score -0.001
(-0.65)

Tangibility -0.099
(-4.49)

-0.001

OperCycle

per-y (-0.31)
FRQ -0.540%**
(-4.37)

LagXINV 0.180%
(8.05)

Year and Industry fixed effects Included
N 9,668

Adj-R? 0.180
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Panel B Analyst Coverage

Independent Variables Dependent Variable
AbsXINV
Intercept 0.253*
(2.33)
Post*Analyst 0.001**
(2.72)
Analyst -0.001**
(-2.69)
Post -0.043***
(-4.12)
LnMve -0.001
(-0.33)
Loss 0.010
(1.38)
Leverage -0.001
(-0.04)
Cash 0.086***
(3.06)
MTB 0.004*
(1.92)
StdCFO 0.076**
(2.10)
StdSales 0.028
(1.24)
StdInvestment 0.017*
(1.87)
Z-Score -0.001
(-0.76)
- -0.096***
Tangibilit
g Y (-4.45)
-0.001
OperCycle
per-y (-0.50)
FRQ -0.548***
(-4.49)
LagXINV 0.175%**
(8.17)
Year and Industry fixed effects Included
N 10,111
Adj-R? 0.177

Table10 presents the result for H2 by interacting the proxy for exteroaitoring (institutional holdings in

Panel A and analyst coverage in Panel B) with the XBRL adoption dummy Post. The dependent variable
(AbsXINV) represents the level of abnormal investmgamd the residual derived from the equation
following McNichols and Stubben (20Q8Reported-statistics are in parentheses and are estimated with the
clustered standard error by firms as suggested by Petersen (2009). *, ****aimdlicate statistical
significance at the 0.10, 0.05, and 0.01 levels, respectively, usingil@d tests.
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4.4.3 Environmentncertainty

Table11 shows the resultsf the incremental effect of environmental uncertainty
on the association between XBRdoption and investment efficiency (H3). Panel A,
we examine how the f i nNBuspwilaffeet tha beneita af | com
XBRL in improving investment efficiency. Our expectation is that such benefits will be
magni fi ed by ionahocempfexity, smicesXBRLpcanrbetter serve investors to
track, extract, and aggregate information for complex firms with multiple business
segments. Indeed, the coefficient is significantly neg#t¥€09, p<0.01)supporting the
hypothesisPanel B asplays the findings for thalternativedimension of environmental
uncertaintyanalyst forecast errors€rrol). A higheranalyst forecast error indicates that a
firm s operating performance is full of un
information environment, investors can hardly generate reliable and consensus opinions on
the evalwuation of t h eCorfsisteninwitts ouri erpectatothene n t a
coefficient of the interaction term between analyst forecast errorB@side significantly
negative (-0.153, p<0.05) Collectively, our findings provide evidence that the
improvement in investment efficiency after the XBRdoptionis greater for firms with

higher environmental uncertainty.
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Tablell Thelmpactof Environmental Uncertaintgn the Associatiofoetweerthe
XBRL Mandateand Investment Efficiency

Panel ANumber of Business Segments

Independent Variables Dependent Variable
AbsXINV
Intercept 0.204*
(1.87)
Post*NBus -0.009***
(-2.79)
NBuUS 0.001
(0.29)
Post -0.010
(-0.84)
LnMve -0.000
(-0.23)
Loss 0.010
(1.33)
Leverage -0.001
(-0.04)
Cash 0.082***
(2.81)
(1.88)
Analyst -0.000
(-0.94)
StdCFO 0.074*
(2.03)
StdSales 0.026
(1.07)
StdInvestment 0.017*
(1.76)
Z-Score -0.001
(-0.72)
o -0.099***
Tangibilit
g Y (-4.32)
-0.001
OperCycle
per-y (-0.43)
-0.552%**
FRQ
(-4.36)
LaaXINV 0.179***
(8.08)
Year and Industry fixed effects Included
N 9,463

Adj-R? 0.178
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Panel B Analyst Forecast Ersor

Independent Variables Dependent Variable
AbsXINV
Intercept 0.266*
(1.85)
Post*Ferror -0.153**
(-2.52)
Ferror 0.032
(0.72)
Post -0.012
(-1.16)
LnMve -0.003
(-1.40)
Loss 0.009
(1.15)
Leverage 0.043*
(1.76)
Cash 0.134***
(3.27)
MTB 0.009***
(2.59)
Analyst 0.000
(0.08)
StdCFO 0.121*
(1.66)
StdSales 0.020
(0.65)
Stdinvestment 0.013
(1.10)
Z-Score -0.005***
(-2.86)
Tangibility -0.066***
(-3.89)
OperCycle 0.000
(0.15)
FRQ -0.272*
(-1.93)
LagXINV 0.146***
(6.45
Year and Industry fixed effects Included
N 6,705
Adj-R? 0.146

Table 11 provides results for testing H3 by interacting environmental uncertainty proxies (operational
complexity in Panel A and analyst forecast error in Panel B) with XBRL adoptiorddpgendent variable
(AbsXINV) represents the level of abnormal investmenarwd the residual derived from the equation
following McNichols and Stubben (20Q8Repoted tstatistics are in parentheses and are estimated with the
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clustered standard error by firms as suggested by Petersen (2009). *, **, and *** indicate statistical
significance at the 0.10, 0.05, and 0.01 levels, respectively, usin@il@d tests.

4.4.4FinancialRepors Readability

Table 12 presents the influence oéportsreadabilityon the association between
XBRL adoption and investment efficiency. In Panel A, we use the commonly used
readability measure, the Fog Ind@sogindex) to proxy for he readabilityof financial
reporting The results indicatthat the coefficient of the interaction term between the Fog
Index and thdPostis significantly positivg(0.008, p<0.05)implying that the benefits of
adopting XBRL are mitigated when the originfinancial filings areless readable
Additionally, in Panel B, we replace the Fog éxdwith the length of reporting (Length)
and find aconsistentresult (0.041, p<0.01) of thenoderate effect of readability on the
association between XBRL adoption angestment efficiencyThe abovefindings are
consistent with our expectation (Héhat investorsvill receiveincreasedenefits from the
use of XBRL to extract andhterpretinformation when thefinancial reportis more

readable
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Tablel2 Thelmpactof Readability o the Associatiometweerthe XBRL Mandate
and Investment Efficiency

Panel A Fog Index

Independent Variables Dependent Variable
AbsXINV
Intercept 0.293*
(2.61)
Post*Fogindex 0.008*
(2.12)
Fogindex -0.002
(-1.35)
Post -0.211**
(-2.44)
LnMve -0.001
(-0.50)
Loss 0.010
(1.36)
Leverage -0.003
(-0.15)
Cash 0.093***
(3.16)
(1.84)
Analyst -0.000
(-0.86)
StdCFO 0.075™
(2.02)
StdSales 0.030
(1.29)
Stdinvestment 0.014
(1.42)
Z-Score -0.001
(-0.63)
o -0.091***
Tangibilit
g Y (-4.05)
-0.001
OperCycle
per-y (-0.34)
-0.540%**
FR
Q (-4.22)
LagXINV 0.186%
(8.22)
Year and Industry fixed effects Included
N 9,457

Adj-R? 0.180
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Panel BThe length of reporting

Indepenlent Variables Dependent Variable
AbsXINV
Intercept 0.485***
(3.48)
Post*Length 0.041**
(3.23)
Length -0.023***
(-2.63)
Post -0.470***
(-3.45)
LnMve 0.001
(0.22)
Loss 0.012
(1.63)
Leverage -0.002
(-0.10)
Cash 0.0971***
(3.13)
MTB 0.004*
(1.75)
Analyst -0.000
(-1.15)
StdCFO 0.074**
(2.00)
StdSales 0.031
(1.34)
StdInvestment 0.015
(1.51)
Z-Score -0.001
(-0.60)
Tangibility -0.092%**
(-4.13)
OperCycle -0.001
(-0.40)
FRQ -0.534***
(-4.18)
LagXINV 0.185***
(8.22)
Year and Industryv fixed effects Included
N 9,457
Adi-R? 0.181
Table 12 provides empirical evidence is supportive of H4 by interacting financial reporting
complexity (Gunning's Fog Index i n Panwth A and

XBRL adoption. The dependent variable (AbsXINV) represents the level of abnormal investments
andtheresidual derived from the equation followigNichols axd Stubben (2008Reported-t

statistics are in parentheses and are estimated with the clustered standard error by firms as suggested
by Petersen (2009). *, **, and *** indicate statistical significance at the 0.10, 0.05, and 0.01 levels,
respectively, usg two-tailed tests.
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4 5. Additional Tests

4.5.1 NoncapitalInvestments

Il n prior sections, we conduct anal yses
robustness check, wesenon-capital investments to examine the changes in investment
efficiency. We capute norcapital expenditures as the sum of R&D expenditures and
acquisitions, scaled by lagged total assets. We use the same expected investment model to
obtain abnormal investment levels anerwa our mainmodel. The results are reported in

Tablel3.

The main effect of XBRL adoptio(Pos) is still negativeand significan{-0.432,
p<0.01) suggesting that th BRL mandate improves necapital investment efficiency
as well Thus,the aboveesults are consistent witur mainfindings and show the lower
informationprocessing cost from the XBRL mandate enhamoesstment efficiency for

both capital and nenapital investments.
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Table 13 Additional Analysisinvestigatingthe XBRL Benefitson NonCapital
Investments

Indenendent Variables Dependent Variable
AbsNXINV

Intercept 0.328
(1.26)
Post -0.423***
(-3.69)

LnMve 0.055***
(2.64)

Loss 0.137
(1.62)

Leverage 0.139
(0.56)

Cash -0.448
(-1.18)

MTB 0.032
(1.59)

Analyst -0.002
(-0.51)

StdCFO 0.757**
(2.39)

StdSales -0.221
(-0.93)

StdLInvestment 0.0971***
(4.89)

Z-Score -0.009
(-0.55)

Tangibility -1.709%**
(-9.13)

OperCycle -0.065**
(-2.44)

FRQ -3.621***
(-2.67)

LagXLINV 0.281**=*
(9.26)

Year and Industry fixed effects Included
N 10,106
Adj-R? 0.367

Tablel3pr esents results for additional tests on t}

non-capital investment efficiency. The dependent variable (AbsXINV) represents the level of
abnormal investmentsand the residual daved from the equation followindgicNichols and
Stubben (2008)Reported -statistics are in parentheses and are estimated with the clustered
standard error by fins as suggested by Petersen (2009). *, **, and *** indicate statistical
significance at the 0.10, 0.05, and 0.01 levels, respectively, usir@iled tests.
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4.5.2 Differencen-DifferenceDesign

In this section, a differeneda-difference design is appd as a robustness test to
compare the effect of XBRL on adopters versus-adopters in pradoption versus post
adoption periods. We build two subsamples based on the phase of XBRL adoption. In first
(second) subsample, the treatment gragpdgainphase | (11) filers, and phase Il (111) filers
are includedasthe control group. The sample period is one year before and one year after
the XBRL adoptionof treatment firms in each subsample. Following prior studies, we
estimate théollowing OLS regressiomodel:
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where AFTERIs a time indicator that equals to 1 if firms aretreetmentf i r ms-’ post
adoption period, and O otherwiséBRLis a firm indicator that equals to 1 if firms belong

to thetreatmengroup, and 0 otherwise.

Column2 of Table 14 present the redts of DID models forthe first subsample
(phase | filers vs. phase Il filersiHowever the coefficient onAFTER*XBRLis not
significant, suggesting the effect of XBRL adoption is weak for phase | filers. A possible
explanation is that phase | filers alrge firms and already have relativedyrong
governance andfficient investment. The regression results of subsample two (phase |l
adopter vs. phase Ill adopters) are provigdedolumn3 of table 14. The coefficient on
After*XBRL is negative and sigficant (-0.038, p<0.1), further confirming our main

findings.



Table14 Differencein-DifferenceDesign

Independent Variables

PhaseVs. Phase?2

Phase2ss. Phase3

Dependent Variable

Dependent Variable

AbsXIN/ AbsXINV
Intercept 0.134 -0.108
(1.40) (-1.19)
After*XBRL 0.037 -0.038*
(1.17) (-1.64)
XBRL 0.001 -0.030
(0.07) (-1.42)
After -0.001 0.044**
(-0.04) (2.08)
LnMve -0.009 0.012
(-0.98) (0.89)
Loss -0.006 0.004
(-0.43) (0.19)
Leverage 0.05 0.091
(0.33) (1.41)
Cash -0.100 0.103
(-0.72) (0.97)
MTB 0.033 0.013*
(1.29) (1.81)
Analyst 0.001 -0.000
(0.90) (-0.48)
StdCFO -0.138 0.057
(-0.47) (0.44)
StdSales -0.015 -0.039
(-0.35) (-1.00)
Stdinvestment 0.088 0.014
(1.40) (0.62)
Z-Score 0.008 -0.009*
(0.51) (-1.78)
Tangibility -0.028 -0.051
(-0.63) (-1.21)
OperCycle -0.003 0.005
(-0.63) (1.05)
FRQ -0.097 -0.560
(-0.38) (-1.21)
LagXINV 0.002 0.246%**
(0.02) (4.36)
Year and Industry fixed effects Included Included
N 466 1263
Adj-R? 0.156 0.176
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Tablel4dpr esents results for additional tests on the
investment efficiency based on a differeticalifference design. Columns 1 provides results based on Phase

| and Phae Il filers from 2009 to 2010. Columns 2 shows results based on Phase Il and Phase Il filers from
2010 to 2011. The dependent variable (AbsXINV) is measured folloMicidichols and Stubben (20Q08)
Reported-statistics are based on robust standard errors adjusted using a cluster atybarfiewael. *, **,

*** indicate statistical significance at the 0.10, 0.05, and 0.01 levels, respectively, usitajledoests.

4.5.3Change Design

Although we have includeithe control variables ithe main modelve cannotrule
out unobservable factomsffectingma n a gdecais®ri on investmenBias caused by
unobservable characteristicanbe eliminated using changanodel specification ithe
unobservable differences remain invariant duthregperiodof study(Lennox et al. 2011)
Therefore, a yeato-year changeresearch desigms employed tofurther confirm the
relation betweemvestment efficiencsand XBRLadoption
o @i OPOIL T 0 & io0H 60 "YY§ 0 WO @IMO0H6 "YY U
where # variables inthe model (5) are the firstorder difference of variablesrom the
model(2).

Table 15 shows the results of this model. Consistent with our expectation, the
coefficient ofD.Postis negative and significantq.017, p<0.05), which furtheronfirms
the effect of XBRL adoption on invesant efficiency after considering the unobservable

effects.

r

e
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Tablel15 Change Design

Independent Variables Dependent Variable
D.AbsXINV

Intercept 0.306
(1.60)

D.Post -0.165**
(-2.03)

D.LnMve 0.037***
(3.84)
D.Loss -0.007
(-0.81)

D.Leverage -0.097***
(-3.18)

D.Cash -0.105*
(-1.86)

D.MTB -0.002
(-0.46)

D.Analyst 0.004***
(3.41)

D.StdCFO 0.138**
(2.18)
D.StdSales 0.043
(0.77)

D.StdInvestment -0.239%***
(-6.16)

D.Z-Score 0.004**
(2.04)

D.Tangibilty 0.638***
(4.71)
D.OperCycle 0.007
(0.75)

D.FRQ -0.456**
(-2.22)

D.LagXINV -0.34 7%

(-16.95)

Year and Industrv fixed effects Included
N 7,637
Adj-R? 0.289

Table15 presents results for additional tests on the relationship between XBRp@#adi on and f i r ms’
investment efficiency based on a change design. The dependent variable (D.AbsXINV) is the first order
differencein abnormal investment (AbsXINV), which is measured followifigNichols and Stubben (2008)
Reported-statistics are based on robust standard errors adjusted using a cluster atykarfiewel. *, **,

*** indicate statistical significance at the 0.10, 0.05, and 0.01 lexetpectively, using twiailed tests.
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4.54 DynamicEffect

In this section, we investigate the dynamic effect of XBRL adoption on investment
efficiency. The successful adoption of XBRL is built on technological advancement and
the familiarity of utilizing such technology by information users. We believe there will be
a learning effect for information users to accumulate experience from maximizing the
benefitsof XBRL on lowering informatiorprocessing cost. Consequently, consistent with
the prior literature (Dong et al. 2016)we expect the impact of XBRL adapt on
investment efficiency enhangas time goes. We modify equation (2) and estimate the
following regression:
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where thePostis replacedvith three evenyear indicatorsPostl, Post2 andPost3 Postl
(Post2orPost3 equal s 1 for observations that are

adoption and 0 otherwise.

In table 16, we find that the coefficientsf the thee postadoption dummies are
negative and significant@.015,p<0.1for PostZ -0.027,p<0.05 forPost2 -0.040, p<0.01
for Post3, demonstrating that the effect of XBRL adoption on investment efficiency is
persistentfterthe adoption. More importantlwe find an increasingeffectof the XBRL
adoption in term of both significance and magnitusi@pporting our expectation that
investors face a learning curve in understanding XBRdlthe effect of XBRL adoption

on investment efficiency enhances as tirnesy



Table16 Dynamic Effects

Independent Variables

Dependent Variable

AbsXINV
Intercept 0.174%**
(4.85)
Postl -0.015*
(-1.72)
Post2 -0.027**
(-2.22)
Post3 -0.040***
(-2.64)
LnMve -0.004***
(-2.62)
Loss 0.007
(1.21)
Leverage -0.020
(-1.45)
Cash 0.128***
(5.40)
MTB 0.002
(1.55)
Analyst 0.000
(0.51)
StdCFO 0.001***
(3.23)
StdSales 0.059***
(3.05)
Stdinvestment 0.027***
(3.00)
Z-Score -0.001
(-0.39)
Tangibility -0.095%**
(-5.68)
OperCyle -0.001
(-0.48)
FRQ -0.576%***
(-5.56)
LagXINV 0.168*+*
(10.51)
Year and Industrv fixed effects Included
N 15,522
Adj-R? 0.190
Table B provides results fothedynamice f f ect s of XBRL

adoption
The degndent variable (AbsXINV) represents the level of abnormal investrandshe residual derived
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on

f

from the equation followingyicNichols and Stubben (20Q8)ost1 (Bst2 or Post3) equals 1 for observations

t hat

ar e 1

year (2

or

3

year s)

af t er -statistitsiarenm’ s

rms

XBRL

parentheses and are estimated with the clustered standard error by firms as suggested by Petersen (2009). *,
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** and *** indicate statistical significance at the 0.10, 0.05, and 0.01 levels, respectively, usimjléso
tests.

4 55 Overlnvestment antdnderlnvestment

This additional test separates the effect of XBRL adoption onriovestment and
underinvestmentln Table I7 columnl, we only include observations of ovierestment
(XINV>0) and find negative and significant coefficief 047, p<0.05) foPost indicating
that the lower information processing cost from the adoption of XBRL is associdlted w
lower overinvestment. In colum@, only obgrvations of undeinvestment XINV<0) are
included in our model. Although negative, the coefficient of tbst Bummy variable is
insignificant, suggesting that the XRBL mandate is more likely to coalmagenent

opportunistic overnvestment activities rather than undevestment.

The above results could be explained as follows. Since investors have no

information about manager s potenti al pro
behaviors is based dhe ex-postfinancial outcomes. Before managers invest in certain
projects and make that investment information public, investors have no access to monitor
their investment behaviors. Thus, it is much harder for investors to detect that managers
took no ations and missed investment opportunities in the past. Howevesinwestment

can be detected higivestos easiersince the investment costs and profits are recorded in

compani es reports. Bredueheseastof phoeessnglfmgat i on o
information and facilitates the efficiency of detecting -sgtimal behaviors based on

financial reports, managers mayoid moreoverinvestments than undamvestments.
Additionall vy, I nv e sitvestment is puckn masehsevera tifanf o r 0V
underinvestment. Undeinvestment may waste profitable opportunities to add firm

values, but it does not erode sharehol der s



-82-

are | ikely to p-inrestnsent mara than guedensestmerd vhaugh
market responses or monitoring mechanisms, and the managers are more likely to reduce

overinvestment than undénvestment to avoid punishment from the market.



Table17 Overlnvestment antdnderlnvestnent

Independent Variables

Dependent VariableAbsXINV

XINV>=0 XINV<0

Intercept 0.094* 0.354**
(1.73) (2.25)

Post -0.047* -0.007
(-2.41) (-0.96)
LnMve -0.006 0.000
(-1.25) (0.26)

Loss 0.007 0.014***
(0.41) (2.99)

Leverage 0.077 -0.022
(1.28) (-1.49)

Cash 0.219%** -0.010
(3.28) (-0.46)

MTB 0.002 0.005**
(0.47) (2.38)
Analyst -0.001 0.000
(-1.64) (0.16)

StdCFO 0.061 0.071*
(0.83) (2.08)

StdSales 0.079* -0.029
(1.65) (-1.47)
Stdinvestment 0.033 0.013
(1.41) (1.63)
Z-Score -0.004 0.000
(-1.27) (0.20)

Tangibility -0.195%** -0.030
(-5.13) (-1.15)
OperCycle -0.002 0.000
(-0.53) (0.13)

FRQ -0.699*** -0.490***
(-2.71) (-3.77)

LagXINV 0.167*** 0.183***
(4.13) (6.85)

Year and Industry fixed effects Included Included
N 3.840 6,271
Adi-R? 0.168 0.313

Table/r eports the

associati on b e-investneentand Briddnvestngentpt i o n
The dependent variable (AbsXINV) represents the level of abnormal investarahtke residual derived

from the egation followingMcNichols and Stubben (20Q8Reported-statistics are in parentheses and are
estimated with the clustered standard error by firms as suggesBatdygen (2009). *, **, and *** indicate
statistical significance at the 0.10, 0.05, and 0.01 levels, respectively, usiigjladotests.
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4.6 Conclusion

Market friction inducing information asymmetry and agency conflidisadsto
suboptimal invesnent decisions. Extant prior literature documents that such imperfections
can beconstrainedoy financialdisclosure Then, agrowing number of studies provide
empirical evidenceto support the link between the quality of financial reporting and
investmemefficiency. However, these studies mainly focus on the quality of the content in
financialreportsbut ovetook the importance of the cast processingnformation.We fill
theresearch gap by utilizing the adoption of XBRL as an exogenous shegknine the

effect of information processing efficienc

Our resultssuggesthat the adoption of XBRL can significantly reduce abnormal
investmets, especially oveinvestmentsWe further investigate potential factors that may
magnify or mitigate the benefits of XBRL adoption on investment efficiency. Our results
show that such benefits will bmagnifiedin firms with inferior external monitoring,
severerenvironment uncertainty, and mareadable financial report¥hese rests$ are
robust to a differenem-difference (DID)andchange research desjgmd continue to hold
for noncapital investments. Considering the learning ability of investors in understanding
XBRL, we also find a persistent and increasing pattern of thelxdfect, supporting our
expectation that the effect of XBRL adoption on investment efficiency enhances as time
goes. Overall, our results contribute to the existing accounting literature by directly
examining the effects of the efficiency of informatiangessing on investment efficiency.
The empirical setting is free of endogeneity and provides a clear interpretation by utilizing

XBRL adoption as an exogenous shock.

This study is not without limitationThere isconsiderableoverlap between the
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period offinancial crisis and our sample period. Therefore, it is possible that our results
are driven by the special financial conditions during fihancial crisis. However,the
results othe DID tests show that the effect of XBRL adoption on investment effoy is
stronger in the sample period away from the financial crisis, partially mitigating the

concern.



-86-

CHAPTER 5: APPLYING ROBOTIC PROCESSAUTOMATION (RPA)IN

AUDITING: A FRAMEWORK
5.1 Introduction

Traditional audit procedures are labotensive and the-consuming(Chan and
Vasarhelyi 2011)To free human auditors from doing repetitive and-jodgmentaudit
tasksand help them to focum procedures requiring professional judgment, prior literature
has proposed for decades that lainbensive audit tasks be replaced with automgiog.,
Vasarhelyi 1984; Vashelyi and Halper 1991)One early application of automation
technology in auditing is continuous auditing (CAn recent yearscommercial audit
analytics software and electronic spreadshe@th as Microsoft Excdlave been widely
employed to automateests and analyse®@ne advanced audit management system, an
electronicworkpapersystem also allows auditors to address specific client risksd
communicatanore efficientlywith audit team member#lthoughtechnologyhas had a
significantimpact on inproving audit efficiency, integration across multiple systems or
applicationss performedmainly by auditorsmmeaning thathe actual external audg still

laborintensive(Srinivasan 2016)

For this reasorpractitionershave been interested in rethinking their processes in
terms of automation and taking advantage of advanced automation technologies such as
robotic processautomation (RPA) RPAis amethodologythat perforns routine business
processes bgutomatingthe way people interactyith multiple applicationsor analyses
through a user interface and also by following simple rules to make decdiBelustte
2017) In the accounting domain, major accounting firms are considering applying RPA to

achieve cost savings and increase operational effici€eynstance, KPM@as recently
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announcedhat it will work with a global leader in enterprise RPA to help clients automate
manual business procesg&¥MG 2017) As one of the largest RPA consultants, Ernst
and Young (EY) hadelivered RPA projectto financial services organizatioasross 20
countriedEY 2016a) Although repetitive, structured and labotensive audit tasks (such

as reconciliations, internal control testing, and detail testing) are ideal candidates for RPA,
academic research into the application of RPA to auditing remains unexpModiit et

al. 2018) If such audittaskscan be automated, auditors will be aldefacus on tasks
requiringprofessional judgmenté&dditionally, automated audit procedures will no longer

be limited by the constrained processing power of human beings; consequently, the scale
of the audit can be increaseand more comprehensive auditidence can be collected,
enhancingauditquality. The purpose of this study is to propose a framevawr&pplying

RPA in auditpracticeand report the results afpilot project to automate the confirmation

process.
5.2. Background and Literature Review
5.2.1 Audit ProcedureAutomation

Because of its labor intensiveness and the range of decision structures, auditing has
adopted automation technology for more than three de¢$aset al. 2016)/asarhelyi
and Halper (1991 proposed the awept ofcontinuous auditing (CA), which is defined as
“a methodology for issuing audit reports simultaneously with, or a short period of time
after, the occurrence of the relevant eventSICA/AICPA 1999) Later, ontinuous
auditing (CA) and continuous monitoring (CMhereafter CA/CM) became one of the
applications of automation technologfvasarhelyi et al. 2004)As part of their pilot

project,Alles et al. (2008apply CA/CM to an inernal IT audit process. They develop



-88-

guidelines for the formalization of the audit procedures into a compuéautabldormat

and determine which procedures are automatable and which rezgnigineeringMany
internal/IT audit procedures have been dastrated to be automatable, thus saving costs,
allowing for more frequent audits, and freeing up the audit staff for tasks that require human

judgment(AICPA 2015)

Audit software vendors such as ACCaseWargand CA technology, provid
commercial angtandardizedT packages andnalyticalsoftware suppoting automation
of basic audit tests such as thmeay matching, sampling, and handling fairly large data
sets(Appelbaum et al. 2017)Furthermore, commercial spreadsheets such as Microsoft
Excel allow auditors toperform testseffectively and #&iciently. Instead ofmanually
filtering or copying andpasing spreadsheet data, timacroprogramming language Visual

BasicApplication (VBA) is widely employed to automate various tasks or analyses.

To further improve audit effectiveness and efficignaccounting firmshave
adoptedaudit management systems such as electronic systemsikpapermpreparation
and review. An electroniworkpapersystem can enhance the audit quality by tailoring the
file to address specific client risks, including sejtihe strategy to be used during the
engagement and altering the nature, timing, and/or extent of planned audit procedures. In
addition, electronic systems allow auditorsdioect referene of information between
documentsnd enables managers/reviewerslectronically access files and communicate

remotely with their audit tean{&\goglia et al. 2010; Bedard et al. 2006)

Recent literature has sggsted that auditors take advantages of emerging
technologies to automate audit proceduréan et al. (2017)ropose the Automated

Contract Amalysis System (ACAS) framework, whighbased on auditing standards with
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contractspecific requirementsThey demonstratéhe feasibility, through the proposed
ACAS framework, of incorporating text mimg into contract audit proceduresautomate
contract analysig the audit stages of risk assessment, substantive tests, and sawiew

to provide auditors with contract data that can be used to identify audit risk and generate
audit evidencel-urthermae, Appelbaum and Nehmer (2013oposehe use of drones in

audit automation andontinuous auditingnvironmerg and illustrate how drones fit into
audits for inventory count by gathering evidence to support specific assertions made by

management.
5.2.2Robotic Process Automation

By automating audit tests and analyses, technologies such as CA/CM, analytical
tools, and electronic workpaper systems have significantly improved the audit
effectiveness and efficiency. However, these technologies focus mainly on automating a
specific task or test, leaving the coordination and integration across different systems or
applications to be largely performed by auditors, reducing the improved audit efficiency
and causing the actual audit to remain labor intensive.appécationof an emerging
technologyin business automatiprobotic process automation (RRAyhich is an ovedy
for existing IT systems, may be a solution to the probleraXgcuing a combination of

audit tasks or analys@s multiple unrelated software systems

The idea behind RPA is not new; it is traditional automation in terms of assembly
line technology(Moffitt et al. 2018) RPA isd e f i naepdecoafiguret software instance
that uses business rules and predefined activity choreography to complete the autonomo
execution of a combination of processes, activities, transactions, and tasks in one or more

unrelated software systems to deliver a result or service with human exception
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managemefit IEEE Corporate Advisory Group 2017, plBn example of theRPA
process is the retrieval of information from one system andiegtiére same information

into another system or activating another system functioiké& some traditional IT
implementatiorand businesgseengineeringhat changs the existing systems, RP#es

not todisturb underlyingT systems and only replacthe existing manual process with
theautomategbrocesshrough a presentation lay@RPA 2016) Therefore, compared with
major IT platform updates, the burdens of RPA implementation (costs, timelines, and risks)

are relatively insignificaneY 2016b)

RPA tools help businesses improve the efficiency of processes and the effectiveness
of services. First, replacing tiremanworkforce reduces the cost and processing time for
high-frequency tasks. The mning cost ofan RPA software is around orneinth that of
employing a human being, aRPA“ r obot s” can work 24 hours
(Burgess 2016)Secondly, the accuracy of thasinesprocess is improwe As long asn
RPAtool is properly programmed, there is no need to worry that software robots will make
the mistakes that human beings migiRPA 2015) Finally, RPA offers flexibility and
scalability. Once a procesa$ibeen executed by a software robot, it can be scheduled for
a particular time. In addition, the RPwbot is capable of performing many types of
processesand can be quickly reassigned to other proce@3etoitte 2017) Figure 1
presents how RPA replicates a manual analydated task. Almost all steps, such as
receiving email, activating functions in an ERP system, entering information into a
spreadshegtunning analyses, andporting results via email, are able to be performed by

RPA, while only some exceptions are handled manually.
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Manual process

Receive requ Log into the Run requested Export report to Email results to
email for late fil
analysis system tests a template file requestor

RPA process
Momtor Log into the Run requested Export report to Email results to
mailbox for
requests system tests a template file requestor

Figurel ManualProcess vs. Robotierocess

Because of itbow implementation cost and high potential benefits, RPAbleas
widely adopted in many industries. As of April 2015, Telefénica 02, the sdaoyest
mobile telecommunications provider in the United Kingdom, had adopted more than 100
RPA “robots” to handl e 3JlLadkyebal 2015)Imradditisna ct i o n
a business process outsourcing provider automated 14 core processes with RPA, achieving
a typical 30% cost saving per processl improving service quality and accuracy. Also,
in the process of updating London Premium Advice Notes (LPANS) to a central insurance
market repositoryan RPA robot was used to automate the most onerous steps: validating
data, accessing th@atabasecreating documents, and uploading the repository. After

adoption, the processing time was only 30 minutes instead of severéDatgitte 2017)

Even though thendustry has obsemd the benefits of RPA, its applications in
auditing practice are still unexplored. Additionally, many audit tasks are-aefihed,
highly repetitive, and predictablefor example, extracting exogenous information
(confirmations fronthe electronicplatform and customer reviews from social media) and
matching information from multiple systemshich are multistep tasks across multiple

systems, are the ideal candidates for RFRPA 2015) With the improved processing
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powe of RPA, thescaleof audit proceduresanbe increased and auditosdl be able to
focus on tasks that requipeofessional judgment and higher order thinking skiliereby
enhancingaudit quality. h this study, we propose a framework to apply RPAuditing

and demonstraiés feasibility by implementing a pilot project for thenfirmationprocess.
5.3. Methodology

The framework proposed in this study was developed by following the design
science approaclGregor and Hevner 2013; Hevner et al. 20@@sign science is a
research methodolodhiatseekghe creation of newnowledgeor understandingp solve
realtworld problemsthroughthe design of novel or innovative artifacts (e.g., things,
processs, algorithms, and frameworks) and the evaluation of such ar{jféetser et al.

2004; Simon 1996)

This study develop a feasible frameworlfor using an advanced automation
tecdhnique (e, RPA)t o addr ess Basalliora@view ofthaliteratdrs and
professional guidelinefor the framework for data analytics as well as prior studies
addressing the use of RPA in the audit pro¢ess, AICPA 2017; Moffitt et al. 2018; No
et al. 2018) we identified four stepfor effectively applyng RPA to audit procedures.
Finally, the framework was then evaluatey discussions with researchers and auditors

and a pilot RPA implementation.
5.4. The Description of the Framework

Figure 2 illustrates thefour steps, or stages, in tHemework: 1)procedure
selection 2) data understanding, BPA implementationand4) feedback and evaluation.

Following is a more detailed description afcastage.
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Stagel: Stage2:

Stage3: Staged:

Procedure DE] ] . .
Implementation Evaluation

selection understanding

Figure2 The Framework

Stagel: Procedure selection

When planning the application of RPA, accounting firms should review the
structure of their audit procedures and identify appropriate candidates based on several
criteria. First, weldefined audit procedures are more appropriate for RPA, because RPA
software needsxplicit instructions to complete tasks. Second, the tasks should be highly
repetitive. Third, mature audit tasks should be automated first because the suatwime
cost are more predictab(eacity et al. 2015)Abdolmohammadi (199%onsiders audit
tasks asstructuredif they are well defined and require very little judgment, while tasks
with many alternative solutions that require considerable judgment are regarded as
unstructuredSemistructured tasksyhich have limited alternative solutions and require a
medium level of judgmenfall somewherent he “ stumwsdctrwurcedred” spe
the early stage of RPA adoption, structured audit tasks are better cartdidatesefore,
reconciliations, internal control testing, and detail testing can be appropriate targets for

RPA (Moffitt et al. 2018)

Furthermore, auditors may considerextdi ng t he -esrmalblee d"f & uURF

procedures and collect more evidence (such as from sampling to full population testing),

ZAccounting fimapp!| RRA gtcasnseuctigrur ed tasks as wel |, w
sufficient knowledge in the early stage of adoption
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because the limiteprocessing power of humauditors is no longer a constraining factor.
Additionally, the audit firm may exaine the current audit process ardngineethe audit
program to match thRPA software. For instance, when implementing the CA software at
SiemensAlles et al. (2008kuggest that the modification of tarrentaudit process is

necessary for the larggeale implementation of commercial CA software.
Stage 2: Data understanding

After selecting appropate audit procedures, the audit firm should examine another
important component of RRBased audits: whether the data used in those procadures
compatible with RPA software. Data should be imligital format or be able to be
efficiently transformed ito the digital content(Moffitt et al. 2018) Even though RPA
commercial software is able to extract and interpret information from unstructured sources
(suchas images), structured data is still needed for accuracy and to minimize processing
cost(Vinutha 2017) Therefore, although@rocedure is automatable, it may not be feasible
for RPA if the data are not indigital format or are unstructured because such data may
cause a high error rate and processing costs. In addition to the digital format,
standardization of the data is assa&l. Moffitt et al. (2018)suggest that labels may be
inconsistent across objedmceauditors collect data from multiple sources. For inctg

the vendor name in the client’s system ma
contract may beAmazon.com, IncWhile human auditors can easily understand that
Amazon and Amazon.com, Inc. are the same company, the RPA software may not be able

to do so. Therefore, accounting firms need to check data consistency before the

implementation of RPA.
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Stage 3: Implementation

The implementation of RPA on selected audit procedures can-bheuse or
outsourced to an RPA provider. RPA service providertydireg IBM, Genpact, Uipath,
and Blue Prism of f er “busitavas s vipcreo'c easgserviobet s
arrangementgSantos 2017)Audit firms that want to implement RPA-lmouse may use
free RPA software (such asgath Community Edition) or purchase licenses from RPA
vendors. Usually, RPA software includes usesfriendly interface with a recordg
function that generates a script as a user performs the task that is to be aufilofited
et al. 2018) The main benefits of thouse implementation atieat the accounting firrhas
a high level of control and thabfidential information i$etterprotected butadditional
training for RPA designers is needd¢Hacity et al. 2015) Outsourcing the RPA
implementation to a third party can be fastetthe costs may be higher. Table 18 displays
the pros and consf outsourcing and Hmouse RPA implementation summarized by

practitiones (Santos 2017)
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Table18 Cons andPros of Outsouring andin-House FPA Implementation

Pros Cons
In-house 1 Changesin 1 Additional financial
implementation implementation can be investment for training
done quickly and easily employees
1 The software robotics 1 The need for additional
will be tailored for the workers
business. f Adding training hours
1 Easier quality control that may slow down worl
1 Confidentialproprietary productivity

information is protected

1 Freedom from beag
financially tied to
another company

1 Quick reintegration of

new tasks
Outsourcing 1 Fast reaction to change 1 Higher implementation

in thescaleof work cost

1 Fixed cost 1 Additional expenses in

1 More knowledgeable contracts and other legal
and experienced in the mattes
robotic technology 1 Extra costgor robotic
industry setup changes

1 Retraining own
employees not needed

1 Replaceable when need
aren’t met

Audit firms should be aware that even though RPA is relatively easy to implement,
the implementation process involves risks and takes dMaayimplementations actually
fail, and those that succeed can take 4rtmfths(PwC 2017; Srivastava 201 Based on
18 RPA implementation pregts byPwC (2017) the recommendation in this framework
is that new adopters demonstrate the usability of RPA with a small part of a simple process

through a proaebf-concept (PoC) or pilot project. During the staptproject, accounting
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firms will learn more about the RPA technology and software.

Stage 4: Evaluation and feedback

Finally, the audit teams neetb evaluate the effectiveness of thdRPA
implementation (PoC or pilot projecAuditors may manually perforniné¢ procedures and
compae the differencebetweentheir results and that of the software to determine the
quality of the implantationlf the evaluation results reveal that ihgplementatiomeeds
improvement, the auditeam needs to repeateps 1 througtB—to modify audit
procedures, chandbe datdormat/consistencyandadjust the implementation process

until the RPA software performs the procedure as expected.
5.5. The Evaluation and the Hlot Project

To confirm its effectivenessthe framework was evaluated byesearchers and
auditorsand revised based dheir feedback and comments addition, guided by the
framework, we worked with a CPA firm to implement a pilot RPA project to perform the

confirmation process.
Stagel: Procedure selection

We first observed the audit engagement of one client imettzél industry. Based
on our observation and discussion with the audit team, we selected two audit procedures
that match the criteria fmandidates for RPA implementatiomell-defined, repetitiveand

mature.

The first procedure is the confirmation process, which confirms that the bank
account balances directly with lird-party intermediar. In general, evidence obtained
from an independent source, such as a bank or aghitg, is considered one reliable

than evidence obtained from an internal source at the audit (h€AOB 2010) Based
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on the CPA firm s audit pl an, this proced:]
request form, 2) initiate confirmation requests through Confirmatio:tbased on the
information provided by the request form, 3) wait for the confirmations, and 4) download
documents and extract the account balance for further audit tests. This austiupeas
well-defined because all of the steps (sendimgquest, monitoring the results,
downloading the confirmation, and extracting the balance) do not require professional
judgmentand can be performed based on explicit rules. Additionally, 14 cashirasc
needto be confirmed for this client, and this CPA firm performs 100% cash account
confirmation for all clients. It performs 500 to 750 cash account confirmations every year,
which makes the procedure highly repetitive. Also, the output of thisguoees generally
predictable because this process should not have errors once the request form is correct,
andauditors only need tdownload the document aedtract the accouibalance from the

confirmation.

The second candidate was the inventoryatitest. In this test, the audit team
checks whether the receividgteon thec | | esystem isccurate Specifically, auditors
need to 1) extract the receiving date of ¢
retrievethe deliverydate bysedvxa ng f or the tracking number
3) compare these two dates across systems to determine the accuracy of the receiving date.
All the steps in this procedure can be performed based on precise rules and no complex
judgment is neededrurthermore, auditors do not expetny unprecedentedituations,

which suggests that this procedure is quite mature.

BConfirmati oh.acend iasnda twemnfirmation solution that
firms in more than 100 countries, bringing efficien
accounts receivable, and mokHae&ne haeat 4Dl otDh@EX¥T4,com3I 5 6)n
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As the framework suggests, auditors need to consider whether to modify the current

procedure to better match the software or changscthle of the procedure to collect more

audit evidence. For the first procedure, we decided to modify the request template based

on the input of the electronic confirmation platform and change the Word file template to

an Excel file to help the RPA prograrbetter access the information. In addition, three

columns (Status, Confirm, and Balance) were added inttethplate. The RPA program

will update the status of each request case in these three columns to help the auditor monitor

the procesdrigure 3 shws the original and redesigned request temglate

Original request form

Company Information:

SIMPLY SOUPS INC.

177 WASHINGTON LANE
CHERRY HILL, NJ 08034
JENNINGS LOU
MANAGER

lou.jennings(@ssoups.com

Phone: 609-555-5555
Bank Information:

FIFTH FEDERAL

Checking Account Number:
675-42223

Date for Confirm

(12/31/2016)

Re-designed request form

Client

Simply Soups Inc.

Signer Job Title Manager

First Name
Last Name
Address
City

State

Zip code
Email
Phone
Bank Name
Form
Account ID
Date

Status
Confirm
Balance

Figure3 Original andRe-desigred Requestorm

Jennings

Lou

177 Washington Lane
Cherry Hill

NI

8034
lou.jennings(@ssoups.com
609-555-5555

Fifth Federal

Asset

675-42223
12/31/2016

For the second procedure, the original audit plan required auditors to select only 20

items to perform the cudff test. Automatiorcould increase the limited processing power
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of the auditors and they coutwllect more comprehensive audit evidelbgeincreasing

the scale of theéestfrom sampling to full population testing.
Stage 2: Data understanding

After selecting theoroceduresthe research team and the audit team examined the
data used in each procedure. For the confirmation process, the data (client information,
bank information, and account information) are in digital format in the request form, which
is an Excel sheet. Althugh not all the information in the Confirmation.com webpage is in
a structuredformat, most RPA software, equipped with optichhm@cterrecognition
(OCR), is able to transfer unstructured information (sud@mage$ to textual format. Once
the confirmabn is downloaded, the account balance can be extracted from the PDF
confirmation. Therefore, the data used in the confirmation process are all in digital format

and can be handled by RPA software.

However, the data used in the second procedure, the anyenitoff test, may not
currently be feasible for BrEh&clieniststilpaper e. |t
based. If auditors want to automate this procedure, all the-paped documents need to
be transferred into digital format, whicham not be coseffective. Additionally, the
tracking numbers, which are used to retrieve the delivery history an ¢éhe r welesite, s
are not available for all receiving items. Therefore, the data for this procedure leads us to

decide that the inventogut-off test is not a good candidate for the pilot implementation.

Finally, considering the characteristics of audit procedures and the data used in each
process, the research team and the audit team agreed to implement RPA on the

confirmation process dhe pilot project.
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Stage 3: Implementation

The implementation of this pilot project washouse. We first selected a popular
RPA software package, UiPath Community Edition, whishfree for individual
developers, small professional teams, and educatnities. Then, we split the entire
procedure into small pieces, and prepared a flow chart. Specifically, this procedure is
divided into the following nine small steps: 1) open web browser lagdin to
confirmation.com, 2) extract the information from pre-prepared request form, 3) check
whether the client portfolio exists (if not, generate the client portfolio), 4) check whether
the bank account exists (if not, addchewaccount), 5) check whether client authorization
has been granted (if not, requasthorization from the client), 6) initiate confirmation, 7)
monitor the pending requests, 8) download the completed confirmations, and 9) extract

account balancegigure 4 presents thflowchartin detail
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Figure4 Flowchat for RPA Implementation of Confirmation Process

For each step, we chose appropriate activities in UiPath to mimic the way humans

perform. For i nstance, t o perform
Confirmation.coni, we directed the software to coraduhe following activities: 1) open
Google Chrome browser, 2) go to URL: wvadluconfimation.cont®, 3) type userID, 4)

typepassworda nd 5) c | i ¢ kFiguré ®displays the lativitiésiotns step.

YI'n this pil ot. cpamfjiercmhat iwen .ucseem,edwhi ch i s an

t he

educat
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@ Open browser--Login

“edu.confirmation.com’

=
g Do

>

T Type into userlD

b

user 1a i

“fhuang19" +

T Type into Password

»

i

“rarc@919 +

I3 Click login

>

I oo &

Figure5TheActv i t i es i n the “Open browser and

For some steps, it is necessary to malggdgment but these judgments can be
made based on explicit rules. For example, to check whether the client portfolio exists, the
program needs to search for the clieatne and read the output using the OCR. If the
output shows that nexisting record for this client exists, the program valitomatically

trigger the activity of generating a new client portfolio.

The pilot RPA program that was implemented to automatigadigform the
confirmation process is able to handle multiple confirmation requests. Once a confirmation
request is initiated, the RPA program starts to extract the next available request from the
request form, and repeats the request process. After abdbests have been submitted,
the monitoring process checks the status of the confirmations until all of them have been

completed and downloaded. Finallzetaccount balande extracted to the request form
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and the status i s Audipos anlyenekd to check Georegpdstdarne d
and follow up on any uncompleted confirmat

more information needed.
Stage 4: Evaluation

The evaluation process for this RPA pilot project was based on a teaching case
designed byHanes et al. (2014j)o perform a financial statement audit Simply Soups,
Inc., an American producer of organic canned soups. In this case, auditors need to follow
the PCAOB’' s proposed w®tcanpletathedtestomgof theocaghi r ma t
balances reported by Simply Soups, Inc. at-ygzmt. They are reged to complete the
testing ofSimply Soupsl nc. ' s si x bank accourbyussingas of
edu.confirmation.com to initiate confirmation and then to evaluate of responses received.

The AppendixC shows the account informatibn

Therequestiom based on t higforntationveasipgrepasedandthe unt s
RPA program was initiated. Consistent with the expectation, the pilot program logged into
the electronic confirmation platformedu.confirmation.com, send confirmation requests,
extractedthe received account balances, and downloaded the completed confirmations.
Then the effectiveness of this pilot program was evaluated. Specifically, we performed the
entire process manually and compared the received documents with the ones collected from
the RPA program. The results show that all the information from the completed cases (such
as client name, bank names, account numbers, date, account balances) match, supporting

the accuracy of this RPA pilot project.

B®The audit iymlae tweachliang cabaneshect,hahlass pladem ) womd at
edu. confirmation.com to December 31, 2016.
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During theevaluation of the pilot pject, we encountered two exceptions. First,
one bank was no longéncluded in the network of edu.confirmation.coso auditors
neeadto deal with thisssuemanually andnail a paperbased confirmation requedthe
second exception was that the inforraatabout the authorized signer was incorrect, which
is not uncommorior the confirmatiorprocesdecause clients sometimes forget to update
the information to auditors. In that situation, auditors need to contact the client for the
correct informatiotf. Overall, the evaluation of this pilot RPA project demonstrated the
feasibility of RPA in theauditingarea The audit team could extend the scale of this pilot
RPA project to al/l confirmations across di

requiiing professional judgment.
5.6. Discussion and Conclusion
5.6.1 TheBenefits of RPA imAuditing

With the application of RPA, software will automatically perform thegesigned
audit tasksand audit procedures will no longére limited by humanprocessig power
Currently, because of limited audit resours@snpling techniques (statistical samplamgl
non-statistical samplinggare commonly used in audit processuch as tests of controls
and substantive tests of detaflShristensen et al. 2014)Vith the adoption of RPA,
auditors can expand the scale of some procedures from sampling to testing the entire
population, avoiding the risks and deéncies related to sampling and collecting

comprehensive audévidence

Another benefit of RPA is to avoid human errors such as mistakesoohBrming

¥A discussion of how to deal with exceptions or err
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amounts, errors in workpapers and ignoring red flags Once the RPA software is
progranmedprecisely, he tasks and analyses will be performed in line with audit standards
and predefined rules, helpingp mitigate the occurrence bimanerrors.recent survey
from major accounting firms shows thagnepared with the 90 percent acawyaate of
humars, RPA accuracyachieve 99.9 percen{Cooper et al. 2018Finally, RPA offers
scalability and flexibility,which allow accounting firms to fassign RPA software for

different analyses or different audit engagements witbigatficant costs.
5.6.2 Errors anéxceptions

Even though the ideal candidates for RPA are structured anelefeled, it is
difficult to avoid all errors or exceptions during the application. The first solution is to
automate the normal and routine process and leave all the errors and exceptions to human
auditorsif the errors or exceptions are encountered infrequently. For exampleg thein
confirmation process, it is possible to receive feedback that the requests cannot be
completed because the bank no longer exists in the network. In this case, the RPA software
only identifies the uncompleted requests and leaves the folfofer audiors. Specifically,
the type of error (such as request denied, more information needed) and the comments
(such as invalid date or invalid contactor) are sent to audaosall the follow-up is

performed manually.

However, if the errors or exceptions pap regularly, leaving them for tineanual
process may not be efficient. The solution for regularly occurring errors and exceptions is
to first classify all errors/exceptions into two groups: common errors and uncommon errors.
Then, the followup procedure for the common errors should be includedhe RPA

automation. Once this type of error is detected, the fellpwrocess will be triggered
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automatically. Then, auditors need to deal only with uncommon errors, and the efficiency

of the RPA applicationsienhanced.
5. 6. 3 Ne&tSip- BPA

Although RPA is potentially making significant improvements in auditing practice,
a key limitation currently is that the software is able to perform only routine tasks and to
makedecisions basedn explicit rulesTherefore, curreniRPA softwards not adaptable
to audit procedures requiring professional judgment becthatgudgmentcannot be

transformed into structured instructions.

Recently, therehas beera progressn the evolution of technology aimed at
apgying artificial intelligence (Al) in the industryLargeaccounting firms have launched
numerous projects to implement Al in thaudit practic§ Kokina and Davenport 2017)

For instance, KPMGis working with IBM Watson to apply cognitive computing
technology to its professional services offerifiggvi 2016). Deloitte is collaborating with

Kira Systems, a contract analysis system, to create cognitive models that examine large
numbers of complex documents, extract textual information for better analysis, and assist
auditors with the difficult task of document rewing (Deloitte 2016) To take advantage

of Al developments and address the limitations of current RPA, practitioners have
proposedintelligent Process Automation (IPAyvhich refers to thecombination of Al,
cognitive automationdeep learningand machinelearningwith RPA (e.g., Berruti et al.

2017; UiPath 2018)

Instead of only mimicking the way people perform routine business processes, IPA
leverages the advantages of Al to leaow people make decisions and may be able to

perform complex tasks faster and better. To further improve audit quality, accounting firms
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may considerapplying IPA in the future to help auditors perform the complex and

unstructured audit procedures and mpkaessional judgments.
5.6.4 ConcludingRemarks

This paper introduces an emerging automation technology, robotic process
automation (RPA), to the auditing practice. RBAmethodhat perfornsroutine business
processes bgutomatinghe way that pedp interact withmultiple applicationor systems
through a user interface and also by following simple rules to make decdiBelustte
2017) Although the benefits of RPA have lmedocumented in different industries and
many audit tasks (such as reconciliations, internal control testing, and detail testing) are

ideal candidates for RPA, applications of RPA in auditing remain unexplored

This study proposes a framework to guide ardiin applying RPA. Specifically,
firms need to 1) select wallefined, repetitive, and mature audit procedures, 2) understand
the data used in eaginocedure 3) implement a pilot oPoCproject for a simple process,
and 4) evaluate the effectivenessl &fficiency of the project. Finally, the feasibility of
RPA in theauditpractice idemonstrated by implementing a pilot RPA project to automate

the confirmation process.

This essay is not without limitations. First, the pilot project was built to pertioe
confirmation process and can only demonstrate the effectiveness of this one audit
procedure. Second, the RPA software usdtie pilot projechas a limited capability for
dealing with errors. Future research could extend RPA implementation to aotti¢
procedures across multiple audit stages. It could be important for future studies to design
follow-up RPAenabled audit procedures to minimize manual intervention from auditors.

Finally, the longterm benefits of RPA implementation, which involwesst saving over
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multiple audit engagements and improved audit quality, could be interesting for future

research.
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CHAPTER 6: CONCLUSION

The field of accounting is undergoing a fundamental chdngeo the dvances in
emergingtechnologiesThis dissertion studies the impact of emerging technologies in
accounting and examines their effeotsthe financial reporting process anihe audit

practice.

The first two essag examinet he ef f ect of Xi@havior o n ma
Specifically, my firstessayfocuses ona current debate in the literature and investigates
whethermanagersuse XBRL elementsstrategicallyto increasethe complexity ofthe
interactive datdormat of financialstatements (i.eXBRL filings). The SEC’' s XBRI
mandate, which requires firmigtag each financial fadh their financial statementssing
either a standard element or an extensiementoffers a unique settinfpr our research
guestios and allows us to examine manager di s cr et iextensiomelgments e o f
without a self-selection bias. Using theatio of extension elements to total elementan
XBRL 10-K filing as themeasureof XBRL complexity this chaptefinds evidence that
f i r XBRKL filings are morecomplexwhenthe firmsare performing poorly andhen
their goodnews(bad news)s less(more) persistentThe findingsfurther showthat the
effectis more pronounce@vhen firms are moreherenly complex The results suggest
that managertend touse extensiomlementsstrategicallyto introduce XBRL complexity

andobfuscateXBRL-tagged financiainformation.

The second essdill s a research gap by utilizing the adoption of XBRL as an
exogenous shock to examine the effect of information processing efficieren f i r ms’
investment behaviorThe results indicate thathe adoption of XBRL can significantly

reduce abnormal investments, especially omeestments. This chapter further
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investigats potential factors that may magnify or mitigate the benefits of XBRL adoption
on investment efficiencyl he findingsshowthat suchbenefitswill be mitigated in firms
with superior externaionitoring,less environment uncertaintgnd more linguistically
complex reporting. These results are robust‘@ifference in differenceempiricalsetting

and continue to holdor non-capital investments. Considering the learning ability of
investors in understandirand interpretingkBRL, the resultsalsoshowa persistent and
monotonicallyimproved effect of XBRL adoption supportingthe expectation that the
effect of XBRL adoption onnvestment efficiency enhances as time goes. Ovéhall,
resultsof this studycontribute to the existing accounting literatbgedirectly examining

the effects otheefficiency ofinformationprocessing on investment efficiency.

The third essay introdes an emerging automation technology, robotic process
automation (RPA), to the auditing practice. RBAmethodhat perfornsroutine business
processes bgutomatinghe way that people interact withultiple applicationor systems
through a user intéace and also by following simple rules to make decis{@®oitte
2017) A framework is proposed to apply RPA to automaeetitive and welbefined
procedures in ordeoffree adlitors from doing repetitive and leyudgmentaudittasksand
enablethem to focus omudit tasks that require professional judgmeirtally, this study
demonstratethe feasillity of RPA by implementing a piloprojectthat applies RPA to

the confirmaton process

In conclusion, this dissertati@xamineshe effects of XBRL on financial reporting
strategy and manag eropmoses to appligPAtometomatdadoe ci si on
intensive well-definedandrepetitive audit procedureand demonstrate eéifeasibility of

RPA intheauditpractice
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APPENDICES

Appendix A Variable Definitions for Chapter 3

Variables Definition
XBRL Exratio The number of extension elements divided by the total nu
Complexity of elements iran XBRL 10-K filing
Fi r m6 s Earnings The operating income scaled by the book value of assets
Characteristi -
o5 LnMVE The natural logarithm of market value
MTB The marketo-book ratio.
EarnVol The standard deviation of quarterly ROA over the pfigears
Sl Theabsolute value of special items scaled by total assets
Merger An indicator variable that equals one if the firm undertoc
large merger or acquisition, and zero otherwise
AbsAcc The absolute amount of operating accruals
Div An indicator variable thaequals one if the firm has a divide
this year, and zero otherwise
External NAnalyst The natural logarithm of analysts following
Monitoring
XBRL XBRLage  The number of years between therentyear and the year th
Experience the firm first files anXBRL-tagged 16K
Complexity NBSeg The number of business segments
NGSeg The number of geographic segments
Foreign An indicator variable that equals one if the firm laseign

operations, and zero otherwise

OpeComplex A factor comprising the numbesf business segments, t

Foglindex
Grosize

Length
LinComplex

number of geographic segments, and the existence of fc
business

The Gunning Fog Index calculated (words per sentence
percent of complex words) * 0.4

The natural logarithm of the file size of the EDBA “ c o r
submi ssion tekfie file” for

The natural logarithm of theumberof words in thelO-K file

A factor comprising the gross size and the natural logarith
the numberof words in thelO-K file
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Appendix B Variable Definitions for Chapter 4

Variables Definition

AbsXINV The absolute value of residual value frommestmenimodel, following
McNichols and Stubben (2008hdBae et al. (2016)

XINV The residual value frormvestmentmodel, followingMcNichols and
Stubben (2008andBae et al. (2016)

AbsNXINV  The absolute value of the residual value of-napital investment from
investment model.

Post An indicator variable that equals 1 if firgear is afterfirm's XBRL
adoption and 0 otherwise.

Postl An indicator variable that equals 1 if firgear is one year aftéirm's
XBRL adoption and 0 otherwise.

Post2 An indicator variable that equals 1 if firgrear is two years aftéirm's
XBRL adoption and 0 otherwise.

Post3 An indicator variable that equals 1 if firgear is three years aftiim's
XBRL adoption and 0 otherwise.

LnMve The natural logarithm of thmarket value.

Loss An indicator variable that equals 1 if net income beforexteaordinary
item is negative and 0 otherwise.

Leverage Total liabilities scaled by total assets.

Cash The ratio of cash to total assets.

MTB The ratio of market value to boetlue.

Analyst The number of analysts following.

StdCFO The standardeviation of cash flows from operations scaled by ave
total assets from yeaStto 1.

StdSales The standardeviation of sales scaled by average total assets from

Stdinvestmen
Z-Score
Tangibility
OperCycle

FRQ
NBus
Foglindex
Length
InstHold
Ferror

t-5to t1.

The standardeviation of investments from yeabtto t1.
The distress score developedamijewski (1984)

The ratio of property, plant, and equipnt to total assets.

The nature logarithm of receivables to sales plus inventory to C
multiplied by 360.

Accruals quality defined bigrancis et al. (2005)

The number of business segments.

The Gunning Fog Index of 1R file.

The natural logarithm of the total number of words in th&0e.
The percentage of &1in's share held by institutional investors.
The analyst forecast errors of annual EPS.
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Audit Firm:

Year End Date:

Client Address:

Client Phone Number:
Client Contacts:

Putnam and Jacobs LLP

December 31, 2016

177 Washington Lane

Lou Jennings

Chuck Rogers

Bank Accounts — 2016

Cherry Hill, NJ 08034

Lou.jennings(@ssoups.com

Chuck.rogers(@ssoups.com
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Account Account Authorized
Bank Name Bank Address Bank Manager Name Number(s) Signer
73 Union Street New York
Fifth Federal NY 10001 George Williams Checking 675-42223 Lou Jennings
Landstrasse 89-21 Frankfurt
Sparkasse-Frankfurt 60326 DE Helga Jones Checking 44-322711 Lou Jennings
American 234 Market Street
NorthWest Bank Milwaukee WI 53202 Richard Johnson Checking 05-198305 Lou Jennings
3621 Ave De Lafayette
BNY Federal Boston MA 02111 Betty Smith Savings 061-22031 Lou Jennings
313 S. Chadwick Street
Tenth National Bank Philadelphia PA 19103 Greg Fordham Savings 26-798422 Lou Jennings
3621 Union Ave Denver CO
Bank of Citizens 80220 Denise Bentley Checking 89-123661 Lou Jennings




