ldentifying and Aggregating Informative Audit Quality
Indicators Using Machine Learning

Abigail Zhang, SooHyun Cho, Miklos Vasarhelyi

JMethodology

We adopta machinelearningmethodologyto identify a portfolio of
Informative Audit Quality Indicators (IAQIs) - publicly available
auditrelatedvariableghatcanbestpredictauditfailure.

Basedon prior literature,we usematerialrestatementsf annualre-
portsasa proxy for auditfailure.

Figurel present®ur overallresearchdesign To identify IAQIs, we
perform Feature SubsetSelection (FSS) using five popular ma

chine learningalgorithmsto selecta subsetof ARVs that can best
predictMAR.

Then, we assesghe predictive power of IAQI by inputting IAQIs
into multiple machinelearning algorithmsto predict MAR via a
CostSensitive Learning (CSL) and Rolling-Window Prediction
(RWP)mechanism

In aggregatingAQIs into PAQI, we first selectthe algorithmwith
the bestoverall predictive ability; then, we input IAQIs into the
chosenalgorithm to obtain probability prediction via CSL and
RWP, lastly, we rescaldehe probability predictionto obtain PAQI.

Table 1. Informative Audit Quality Indicators (IAQIs)

Category Sub-category Aspects Captured Variable Measurement
Audit Auditor Competence, : Natural logarithm of one plus total annual audit fees of an audit
X .. Resource, Office Size .
input characteristics office (Aobdia 2019)
Independence
Tifysenintional Number of years that the company is audited by the same audit
advantase, Temmure firm (Bell et al. 2015)
Independence cictal
Task Audit effort, Andic Ressit L Natural logarithm of the number of days between fiscal year-end
characteristics Audit efficiency u cport Lag and the signature date of audit opinion (Lobo and Zhao 2013)

. . Indicator variable equal to 1 when the audit engagement is an
it evudﬁleﬁ;(l)rt, Integrated Audit integrated audit of financial statements and internal controls, and
procens Ao 0 otherwise (Aobdia 2019)

Indicator variable equal to 1 if the current auditor will resign
Auditor-client Incentive Auditor Resignation (instead of being dismissed by the company) from the next fiscal
contracting year, 0 otherwise (Krishnan and Krishnan 1997)
features Audit effort Audit Fees Natura.l logarithm of 1 plus the audit fees charged to the auditee
(Aobdia 2019)
Auditor Competence, Internal Control Indicator variable equal to 1 if a material weakness is reported
communications Independence Weakness for the year, 0 otherwise (Aobdia 2019)
g Residual from the cross-sectional modified Jones model in
Disc. Accruals .
. : Aobdia (2019)
Audit Quality of the . ; .
: s Abs (Disc. Accruals)  The absolute value of Disc. Accruals (Aobdia 2019)
output audited Within-GAAP ——
. , “ The absolute value of accruals deflated by beginning assets
financial manipulation Abs (Accruals) (Aobdia 2019)
statements
Abs (Accruals/CFO) The absolute value of accruals deflated by cash flow from

operations (Aobdia 2019)

Measured by

Misstatement (MAR)

|
Publicly available - l \
Audit-Related Predict dl
Variables (ARV) ailure

5 Common Machine Learning Algorithms
. Logistic Regression

Random Forest

Artificial Neural Network

Support Vector Machines

AdaBoost

Material Annual J

Feature Subset Cost-Sensitive Learning (CSL)

Selection (FSS) Rolling-Window Prediction (RWP) J
The subset of ARV that can Informative Audit Best-performing machine | Garierate Predictive Audit
best predict audit failure Quality Indicator (1AQl) learning model Quality Index (PAQI)

S
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The Impact of Mass Layoffs in IT Firms on Cybersecurity:
Evidencefrom the Darknet Market

Arion Cheong, MichaelAlles, SoohyunCho, Won Gyun No, Miklos A. Vasarhelyi

ResearchQuestions

RQ1:Are the layoffs inNT firms duringthe COVID-19 pandemic associatedth their darknemarketexposures
(i.e., the number dirm-related informatiormposted in thelarknetmarket)?

RQ2:After massive layoffsgo IT firms havemorecybersecuritydisclosurevhile experiencing amcrease irdarknetmarketexposure?

Layoff and Darknet Market Exposure Cybersecurity Reporting and Darknet Market Exposure
Tounderstandhow layoffin anIT firm affectsits cybersecurity environmerthis We comparethe amountof disclosurerelatedto securitybreachbetween
studyexamines whether the darknet market exposure of the firm increaseabafter layoff firms andhiring firms. Similar to our analysison the type of infor-

layoff. In essence, the purpose of #tedyis to examine the prevailing manage mationtradedin the darknetmarket,we classifythe cybersecuritydisclo-

ment 6s assertion that the cyber secur suresntosixdifferenttypes SecurityBreach,SecurityOversight,Third- r
afterthe massayoff. Our resultsndicatethat the darknet market exposure signifi party Risk, RegulationComplianceirtual Work Environmentand
cantlyincreasesiftera certain periodyhichis shown to be approximately 45 days = COVID-19 Security Issue (sdable6). Our analysis aims to examine

from our analysis-urtherwe performtextualanalysisto categorize the darknet whether firms communicate darknet market exposure in their cybersecurity
market posts regarding 1,4fiéns (527 layoff firms and889 hiring firms) and ex disclosures.

amine whether thiype of information traded in the darknet markigters after

layoff or hiring. In specific, we conduct a Latent Dirichlet Allocation (LDR)pic Diselosureclasieeiionpilln Hllglne” DEINTED MErel=posie)
Modeling to understand the representative topics discussed in the posts and me: DisclosureTopics Keywords
the amount otliscussioron certairtopics Topicl SecurityBreach Breach, Incident, Attack, Ever@urrent
_ Pair-wisedt-test(t- Topic2 SecurityOversight Audit, OversightBoard,Director,Report
Categoriesof Contentsof DarknetMarket Posts statistic /p-value)
(Observations: 52Tayoff firmsand 889 Hiringfirms) (-60,+60) Topic3 Third-partyRisk Third-party, Security,Risk, Control, Failure
Typeof Information Keywords Layoff  Hiring Topic4 RegulationCompliance Data, RegulationProtection,United, European
. . - 4.563 5.921
Typel  Paymentnformation Credit, Card, Carder¥erified,Malware | (¢ oog™) (0.000™) Topic5 RemoteWorking Platform, SoftwareyMware, Solution,Provider
Type2  CompanyownedDevices Esgsev%g(rjc?’ Mobileyersion,Machine, (0864081) (0%(%80) Topic6 Covid-19 Securitylssue  Covid-19, Obligation,Compliance, Provisior,itigation
. 2.717 2.083
Type3  Personalnformation State, Street, Road, Uni|vd (0.006™) (0.037") Layoff Firms Hiring Firms
Typed  Telecommunication Jabber;TelegramE-mail, Phonel.og (0%565*3) (8322) v
Type5  HackingService Password, Haslgalt, CheckerService (0__ %0%49) (_8 fg f)
Typeb6 Financiallnformation Info, Balance;Track, TransferChase (8322) ((1)22% Foiiili
: 1.32
Type7  Hackinglnstruction Carding,Saint, IslandProxy,Strongbox (gggg) (0.282)
Type8  HackingTools Carding,ldentity, Java, GuideTools (812% (_g_ 5566)
Type9  UserCredentials Account, Password, Login, Dumpaste (88‘;’2) (_g_ gzgé)
Typel0 Insiderinformation Manager Senior, Tradelnfo, Private ('g_'fgf) ('8'812% Compared to hiring firmdayoff firms disclosdessinformationabout the
security breach and more information about regulation compliance. Nota
Our result, derived from both logistic regression anabsétextual analysissug bly, only approximately 15.4% d&yoff f | r ayt®r8ecurity disclosurese
gests that recemdyoff increases the i r darkret market exposure, specifically fo  related to the remote working environmeafhave also manuallgxam
cused on sensitive PAhdtelecommunication information. Thiesulttriggersan inedthe disclosures related to the security breach for hiring fivaéind
alert thatlayoff firms are lacking the capability to secure sensitermation thathiring firms are providing relatively higher amountioformation
where such leakagmnlead to material litigation risk and being more vulnerable to about the data expos€bpic1i SecurityBreach) in the darknet market
threats related to the remote workemyironment. comparedo layoff firms.
Conclusion ContactInformation:

This paper discusses the impatiayoffon | T f i r ms 6 d ar kromeur analgsis, kvefinthatl X fionts that r ¢ Arion Cheong

layoff during the COVID19 pandemic have experienced a significant increase in darknet market exposure. Furthermor. €mail: arion.cheong@rutgers.edu
resultsrevealthat layofffirms do not provide aufficientamountof disclosures corresponding to the increased darkasdtet

exposureMostimportantly,our findings inform thalayoff firms are lacking the capability to sustain security for téenote

working environment. Our analysis alerts firms that sensitive information, including employee credentdlsaargublicly

tradedin the darknetnarket. UTGERS

Rutgers Business School
Newark and New Brunswick
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Using Supervised_earning Algorithms to Predict Non-
profits Discontinued Operation

ChengzhangWu and Richard B. Dull

Intr ion

s Nonprofit organizationgplay an importantrole in
economyworldwide. The operationof those or-
ganizationsprimarily rely on the donationfrom
donors However, the discontinuedoperation of
nonprofit organizationsdue to financial reasons
have broughtthe problem of unbalancedecone
my resourceaallocation

The predictionof bankruptcyor dissolutionof for

-profit companieshas beenwidely studiedusing
different data analytic methodologies,and vari-

ousmachinelearningapproachefavebeenevat

uated and demonstrateceffective However, the
prediction of nonprofits discontinuedoperation
is still rarely studied

This study attemptsto do such prediction com-
paring the performanceof Logistic Regression,
Decision Tree, Random Forest, Multilayer Per
ceptron,SupportVector Machineand BayesNet
The overall effectivenessof different prediction
performancewill beassessed

D lection

This studyusesa Form 990 databasewhich con
tains all the e-filings from 2011to 2018 SQL is
usedto a queryin the Form 990 datato list the all
the unique recordsthat indicated termination of
operationandthe yearof termination

The numberof nonprofitsthat discontinuedoper
ationin Form 990 accountsonly 1% of the entire
dataset This algorithm is not able to capture
enough information on the imbalanceddataset
Therefore,it is necessaryto adjust the original
datasetto be balancedto be suitablefor training
the model

The study usesunder samplingtechniqueto ad
dressthe imbalancedtraining set In the training
set, 831 recordsthat indicate discontinuedopera
tion in electronicallyfiled Form 990. The other
831 recordsthat do not indicatediscontinuedop-
eration are randomly selected The final training
setusedin this studyincludesl662records

1

1

1

il

RQ1: Among all the algorithmscomparedin this
research,which algorithm performs more effec
tively?

RQ2: In the group of predictorsusedin this study,
which setof variablescanbe usedto getbetterpre-
dictionresults?

RQ3: Using the predictor set(s) determined in
RQ2, does costsensitive learning algorithm im-
provepredictionquality?

uat :

Whenthe binary classificationpredictionmodelis

appliedon testset, four categoriesf resultscould
comeout True Positive,FalsePositive, True Nega

tive and FalseNegative The following confusion
matrix depictsthesefour outcomes

Basedon the matrix, there are several measure
mentscan be usedto evaluatethe performanceof
eachalgorithm (listed in the following table) Con
sidering the imbalancednature of the population,
this study usesAUC to evaluatehow effective is
the trained model perform on test set The closer
tol, the betterthe performance

~ onclusi | Discussi

The highestAUC valueis achievedunderALL groupusing RandomForest This indicatesthat amongall the
six algorithms,RandomForestgenerateshe betterperformance

All the fivesetsof financial ratiosogethens moreeffective atpredicting nonprofits discontinuemperation.

Predicting Factor

1 The predictorsusedin the currentresearchare

basedon two prior literature

First, Howard P Tuckman and Chang (1991])

identifiesfour criteriausedto indicatethe finan-

cial vulnerability of nonprofits These criteria
include inadequate equity balances, revenue
concentration,administrativecosts and operat

ing margins Thesefour financial variablesare
usedto predict discontinuedoperationsof non

profit organizations Thesefour predictorsare
identified as financial vulnerability (FV) setin

thisresearch

The secondsource of predictors are derived
from William J. Ritchie and Kolodinsky (2003
researchin thatstudy, 16 financial performance
measurementatiosusedfor nonprofitsareclas
sified into four categoriesThesefour categories
are Fiscal Performance(FP), FundraisingEffi-
ciency (FE), Public Support (PS) and Invest
mentPerformanceandConcentratior(IPC).

Resuls

Variables VUL FP FE PS IPC ALL
0.559 0.627 0.431 0.518 0.563

0.689 0.679 0.626 0.64 0.598 0.688
Random Forest 0.705 0.705 0.624 0.641 0.574 0.739
Multilayer Perceptron 0.587 0.572 0.431 0.545 0.617 0.63
SVM 0.534 0.507 0.504 0.507 0.533 0.535
Bayes Net 0.69 0.714 0.661 0.633 0.615 0.724

0.8
0.7
0.6 -
0.5
0.4
03
0.2
0.1
0

Logistic Regression 0.616

Decision Tree

Multilayer SVM
Perceptron

Logistic Decision Tree  Random Forest

Regression

Bayes Net

VUL FP FE PS =@ |PC ALL

Cost 1 2 3 5 10 15 20 25
Logistic Regression 0.616 0.615 0.614 0.613 0.613 0.612 0.612 0.612
Decision Tree 0.697 0.706 0.665 0.621 0.5 0.5 0.5 0.5
Random Forest 0.739 0.742 0.745 0.747 0.744 0.743 0.743 0.735
Multilayer Perceptro 0.617 0.604 0.563 0.544 0.611 0.607 0.603 0.573
SVM 0.535 0.535 0.503 0.502 0.501 0.501 0.501 0.501
Bayes Net 0.724 0.724 0.725 0.722 0.686 0.671 0.666 0.666

0.8
0.7 - -
0.6 .__-__—ﬁ—__/—' —
05
0.4
0.3
0.2
0.1
0

Logistic Regression Decision Tree

==\ ultilayer Perceptron SVM

The performanceof different algorithmsstaysrelatively stablewith the incrementof positiveto false negative
costratio. Overall, the predictionof nonprofitsdiscontinuedoperationis not sensitiveto the changeof positive

to falsenegativecostratio.

This studyprovidesan effective modelthat utilize the publicly availabledatain Form990to predicttheir disso
lution. Eventhoughclosureof nonprofitsis primarily dueto completionof missionstatementihe resultof this

studyshowsthatthe financialfactoralsoplaysanimportantpartin the processof nonprofitsdissolution
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Government Contracts To Blockchain
BasedSmart Contracts

Eid Alotaibi and Husseilnlssa

Thetremendousamountof spendingon differentgovw-
ernmentalprojectsassociatedvith questionablever
sightis a big concernof the citizens Auditors havea
public duty to ensurethat the agencies'spendingis
accurateandpublic resourcesresecure put thereare
many challengesThis study'smotivationis that gov-
ernmentauditorsfacemorecritical approacheto per
form compliance audits for government contracts
(Nation et al. 2019 Bransonet al. 2011). Smartcon
tracts,asnamed,is a form of contractwhich execute
by specifiedtermsand conditionsto meetthe agree
mentbetweentwo or more parties The Blockchainis
a verifiable and secureway of managingthe records
where no one can make the changein a document
without the prior authorityof 50% or more of partict
pates The infrastructure of Blockchain provides
smartcontractsand distributedledgersto application
users Smartcontractsaretranslatingthe requirements
of an agreemento the Blockchain, and smart con
tracts automaticallyexecutethe agreementupon ful-
fillment of the requirementsThe Blockchainsystem
and its smartcontractscan contributeto automating
complianceauditsandincreasetestto all of the gow
ernmentagenciesontracts'or nearly 90%. The con
tribution of this studyis to developa conceptuamod
el for the governmentakcomplianceaudit in the do-
main of accountingand auditing literature Also, this
study demonstrateghe processof testing the pro-

What

I Using Smarcontracts in blockchain as an automatic
method used to perform compliarenadit.

Ihe Framework

The frameworkof this study automatessompliance
auditsusingsmartcontractghatwould continuously
enforcethe eventsof a contractandflag any viola-
tions. Therefore,the systemblocks and alerts of
eventsthat do not meetthe identified rules rather
than relying on after the fact concept The system
alsocanautomatehe procesof contractinganden

Why

I Automatingdataverification inrealtime
I Monitoring control automatically on a more frequent

basis ablesreakttime controlsto havea systematicompli
I Enablingauditors to extract audit evidences from one anceaudit Sincewe are examiningthe compliance
source of regulationsandrulesfor contractsthe framework
combinesthree main componentsof any govern
mentcontracts The first componentonsistsof two
How main processesThe first processs the contracting

processwhich showsthe processof how govern
mentagenciexhoosetheir contractors The second
processis purchaseprocesswhich demonstratehe
steps from ordering to invoicing. In the second
component,contractingprocessand purchasepro-
cessare combinedas a standardsmartcontractus
ing the ResourcesventsAgents model The third
componentof our framework, active enforcement,
basicallyensureghat regularactivities comply with
prescribedprocessflows. The first componentof
our framework understandsthe governmentpro-
curementprocessesnd purchaseorder processem
1st figure below The 2nd figure is the secondcom-
ponent of the framework showing the active en
forcementprocesdo performcomplianceaudits,ba
sically ensuringthat regular activities comply with

The approach consists of thisteps:

1.Describe the core concepts and featuresradrt
contracts

2 Proposed a blockchain basadartcontractdrame
work to automate compliancaudits

3.Testour frameworkoy performing compliancaudits
to a purchaserder

posedramework prescribegrocesglows.
nexuest f(ﬁ o : Receipt Supplier
Services or »| Scheduling: P » Verification No L
Goods j Invoice Processing Modification
! Recogition
overnment’ Ves No
Open Data *
Byt Invoice Invoice /\
(Open . Credit | . |le—Yes Verification
Checkbook) ompletiory. Processing \/
Yes =
5 Yes
ov
Agency . l
Establis. ] e
| SmartContract 1. Smart 2. Real time
’_'{ Payment] ([ '[Contracts ’(Blockchain( Audit
vidence

o

l ‘

4. Invoice ‘
=
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Privacy Policy Disclosure Differencedasedon Industry

Hanchi Gu, Qing Huang, Arion Cheng,Won Gyun No

Backaround

Nowadaysprivacy isanincreasingly important
topic. However,there isstill alimited numberof
researches regarding privacy policy analybise
privacy policyof thecompanies showsow they
deal with privacy problem®ifferent privacy pol-
iciesshow uswhether companies pay attention tc
eachprivacy issue and thedifferentmethodso
handlethisissue.

This study aims to investigate tluferencedn
privacy disclosures as well as the reasdvswill
first measurehe contents which are disclosed
their privacy policy. Then,we will do furtheranal
yses basedntheirfirm size,industry,and saon.

Meth I Preliminary Results

DescriptiveAnalysis

drammpany 6s website. -
7 In termsof small and micro companiesjn-

Compustat. : : .
L formation companiedendto havea privacy
Secondwe referto the existing literature and add policy comparedwith financeand insurance

somenewvariables to define the variables of policy companies
contentwe will use.

Firstwegat hered t he

1 Thelargera companyis, the higherpossibit
Third, we collect the privacy and cookie policies ity thatit will havea completeprivacy poli-

fromt he ¢ ompan angmabuallyéabes i t &)

smallsample. 1 Most companiesavea privacy policy; how-
ever, only small proportion of companies

Fourth,we extract the keywords for each variable _ I
haveseparate€ookiepolicies

basedon our labeledlatasetThen,we applythem

to alargerdataset to labehe largedataset. s Small companiesare reluctant to disclose

Finally, we test the relationship between variables| oW dataareretained

representing the policy contesmdvariablesfrom

Our goalis to findoutw h a t 0 s inflkeatialm other variablesf thefirms, not relatedto policy.As
features thaaffectt h e pr I v &@nientsp o result,we can explain what are the mastiuen-
tial factorstoa ¢ o m pAvacypolEy.

GDPR

/1. Receive users’ consent before you use any cookies except strictly necessary
cookies.

2. Provide accurate and specific information about the data each cookie tracks and
its purpose in plain language before consent is received.

3. Make it as easy for users to withdraw their consent as it was for them to give
their consent in the first place

4. Document and store consent received from users

5. Allow users to access your service even if they refuse to allow the use of certain
\ cookies

The identity and contact details of the organization, its representative, and its Data Protection

Officer

The purpose for the organization to process an individual’s personal data and its legal basis
The legitimate interests of the organization (or third party, where applicable)

Any recipient or categories of recipients of an individual’s data

The details regarding any transfer of personal data to a third country and the safeguards taken
The retention period or criteria used to determine the retention period of the data

The existence of each data subject’s rights

The right to withdraw consent at any time (where relevant)

The right to lodge a complaint with a supervisory authority

Whether the provision of personal data is part of a statutory or contractual requirement or obligation
and the possible consequences of failing to provide the personal data

The existence of an automated decision-making system, including profiling, and information about
how this system has been set up, the significance, and the consequences

& 4

Y

Criteria

Disclose each cookie tracks and its purpose in plain
language before consent is received.

Explain what cookies are
Has separate cookie policy or not
Explain how to turn off/decline cookies

Cookies Policy

Disclose the identity and contact details of the organization
Disclose the purpose for the organization to process an
individual’s personal data

Disclose whether the personal data are transfer to a third
country

Disclose the retention period or criteria of the data
Disclose the existence of each data subject’s rights

Disclose the possible consequences of failing to provide the
personal data

General Privacy Policy

* Post Privacy Policy or not

L Literature Factors(Jamal, Maier & Sunder, 2004) : gr'lvacy ST RS S BT
isclose how data are used
4
Table 1
Disclosure of Privacy Polices
Micro Firm S]:_.tinrilll M];eitii;;lm LFE:IE
MNumber Privacy Practice (n=10) (n=10) (n=10) (n=220)
1 Post a Privacy Policwy S 8 = 20
2 Privacwy policy is one click awaw 4 7 8 20
3 Disclose the purpose for process an individual®s persomnal data 4 8 9 19
4 Disclose the identity and contact details of the organization 3 & 9 19
s Disclose the existence of each data subject’s rights 1 <1 <3 17
& Disclose that web site is using cookies 4 8 =3 16
7 Explain what cookies are 1 4 4 15
8 Explain how to turn off'decline cookies 3 3 3 12
9 Disclose presence of third-party cookies on web site 1 1 4 14
10 Disclose how data are used 2 3 7 20 UTGE RS
11 Has separate cookies policwv or not (o] o} 2 10
1z Disclose whether the persomnal data are transfer to a third country (o] 1 3 8 .
13 Disclose the retention period or criteria of the data 0 5 5 15 RUtgerS BUSlness SChOOI
14 Disclose the possible consequences of failing to provide the personal dat 3 (&) 7 17 Newark and Ne\/\/ BrunSWICk




Application of Interactive Visualization
on Internal Tax Database

Heejae (Erica) Leeand Miklos Vasarhelyi

Backdround

Due to significantincreaseboth in volume and com
plexity of businesstransactions,it becomesmore
challengingto utilize accountingdatato make opti-
mal businessdecisions Many practitionersand re-
searchersn the accountingfield haverecognizedn-
teractivedatavisualizationas a powerful tool to im-
prove understandingpf data and its patterns,trends
and relationships In this researchwe conducteda
casestudyof implementinginteractivedatavisualiza
tionin thef i r imerraltax databaseThe papercan
extendthe continuousmonitoring and auditing litera-
tureto tax complianceperspectives

Case

We implementedcontinuousmonitoring and dataana

lytic layer on the top of the internal tax databasef a

global information and analytic company The compa

ny hasthreedifferent database\We createda consolt

datedview of three databasefor data analytics The

firm expectsto improve the efficiency and effective

nessby ensuringindirect tax complianceacrossall ge-

ographiegherebyhelpingmitigatethe risk of penalties
and reputationalrisk of the companyby adding data
visualization layer in their system We used Tableau
desktop softwareto createdashboardsand visualiza

tions.

Scope
Thereare three different scopasthe casestudy.

1 Improvedataintegrity of theinternaltax database
system(ex. missingmandatoryfields)

1 Examinethetrendof transactiorvalue,tax value,
and exemptvalue (yearly or monthly level) by
variousdimensions

¢ Provide trend alert to detect abnormaltransae
tionsto theusers

D D ription

Total 6,626,747 transactionseportedin 2018wereusedto createdashboardand
visualizations While 80% of transactionsverein US dollars, therewere trans R e e
actionsin other currenciesincluding Pound (11%), Euro (6.6%) and Japanese
Yen(1%). We joined the transactiondatafile with currencytable using currency
codeto getbetterview of trendanalysis Specifically,we usedmonthendcurren

Data Integrity

Database Seller Company Code Database

7

er Company Code
AGRM

cy units per dollar to calculatetransactionss/olume of eachtransactionsn US
dollar.

Averagetransactionsaluewas$850pertransactiorandaveragdax value was
$9.48 pertransactionAround 33% of the transactionsveretax exempt If we ex-
cludedtax exempttransactionsthe averagdax valuewas$14.95. Their products
and serviceswere billed and shippedto more than 200 countriesaround the
world.

[v]caL 7| E_AGRN 7] caL
FUL v FUL
ﬁ.ws 7 @‘_u:s
v A
7 E
7
7

DI 1.1 Mandatory Field is missing

Seller Company Code
E_AGRM

E_BV

E_ESPANA

E_INC

E_ITALY

E_LTD

E_UANDP
EIS_GMBH

ELS_AUS 61
ELS_JP 1102 |
ELS_KR 7
ELS_PTE
ELS_SD
ELS_TW
RE_CAN
RE_CHI
RE_IN

LN_RE

DI 1.1_3 Mandatory Field is missing

Null Audit Updated Date

Null Bill To in EU?

Null Bill To Name

Null Bill To Tax Exempt

Null Currency Code

Null Data Source Code

Null Debit Credit Indicator

Null Despatch Country Code
Null Despatch Country in EU
Null Document Audit ID

Null ELS Common Product Code
Null Expected Calendar Period
Null Expected Fulfilment Period
Null GS Indicator

Null Invoice Number

Null Invoice Number Rank

Null Line Audit ID

Null Line Audit ID Rank

,,,,,

Databasel Database? Database3 = -

: Userscanseehow manyrecords have a missing ;

# of Transactions 660,710 3,439,324 2,526,713 . . :
valuefor certain mandatorields. ;

Avg Trans Value $4,681 $256 $655 o 1. 25
Avg Tax Value $27.47 $2.28 $15.53 They also get access to the original data with in
Avg Exempt Value $1,407 $166 $285 teractivityfeatures. e

Scope 2Trend Analysis

Userscanseetrend ofTopN countries in terms
of transactions, tax, and exenwaiues.

Trend Analysis Story board

Top Country
10

Top 10 Country for Transaction Value in USD

Scope 3Trend Alert

Trend Alert Story board

New Bill To Country
Code (Tran Value)

EEEEEEEEEERREEEEEEEEERRREEE R ERRRRRR £

TA3.1 New Bill To Country Code (Tax) - January i
Report Period ‘ngse - 2,

[|FuL
:f BlllIo:‘Co;mtryCode (TaxLG = . ] bm

M cy
Top 10 Country for Tax Value in USD Pjtzia,se B‘”IZ S (TaX)iF
i Report Period ti;s G,E
m Userswill be alertedif thereis anytransactions

e o billed to the countryt h e yéverledantrans
Top 10 Country for Exempt Value in USD at?iise B’”Izcoumy(m = E . H
| R e m- actionbefore,so thatthey canexaminewhether

tax valuewasproperlycharged
s
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Readingbetween the lines: A Machind.earning

Approach to Fraud Risk Assessments

lvy Munoko, SooHyun Cho and HelenBrown-Liburd

ResearchProblem

1 Fraudrisk assessmens challengingfor exter
nal auditorsdueto its complexity,andthe fact
that externalauditorsare usually the outsiders
lookingin.

Fraud schemes are usually complex and
evolving, with their impact fareachingThe
Association of Certified Fraud Examiners
(ACFE 2018 approximatesthat companies
lose 5 percentof revenuedo fraud By exten
sion, fraud alsoimpactsshareholdershe cap
ital markets,and the public, resultingin ecc
nomic losses(Hogan, Rezaee Riley, and Ve-
lury 2008.

The traditional rule-basedapproachto fraud
risk assessment, which relies on pre
programmedules (e.g., checklists),hasprov-
en to be not very effective in detectingfraud
risks (Hogan et al. 2008 Asare and Wright
2004). Acrossresearchaboutfraudrisk detee
tion, a common conclusionis that thereis a
need for innovative ways for fraud evalua
tions(Dormineyetal. 2012).

Figurel

Approach

1 This paper demonstratedhe use of machine

learningfor detectingfraud red flags using cor-
porate communication This analysisis per
formed on an aggregatedevel, to provide the
externalauditorwith a fraud risk profile for an
organizatiorandits departments

Thesefraud risk profiles are not only corrobo
rative evidenceto support quantitative infor-
mation but are also attentiondirecting aids that
can point auditorsto areasthat they may miss
whenusinga traditionalauditapproacihto fraud
risk assessments

Using an public email datasebf a factualcom
pany, we combineboth establishedraud thec
ries and machinelearningtechniquesto devel
op anautomatedrameworkthat aidsfraud risk
assessmentsTo validate the framework, we
conductan experimentwith anexpertpaneland
find that forensicsexpertswho are also CPAs
expressfraud risk assessmentsonsistentwith
our framework

Figure2

Performance of classifiers (NN, LR, SVM and RF) on the test set.

Methodology

1 Thefirst stepinvolvedthe extractionof fea
tures for the emails, including the sentt
mentsscoresof emails,topics discussedn
the emails and communicationpatternsof
the senders Theseextractedfeatureswere
usedto developmachinelearningmodelsto
predicti h irigkle ma i(dees-igurel)

Eindin

1 Of the 4,601 emailsflaggedby the machine
leaning models, a third of these flagged
high-risk emails originated from only 31
email addressedn examiningthe high-risk
emails associatedwith the 31 email ad
dressesflaggeddepartmentsncluded Gov-
ernment/RegulatoryAffairs, Internal and

External Communicationsdepartment,and
Legal/ContractgseeFigure?2).

1 The useof a fraud risk assessmerdecision
aid, such as the one detailedin this paper,
canbe a vital aid in supportingauditorsin
determiningwhere higher fraud risks exist
for their clients

DEPARTMENTAL ANALYSIS OF TOP
FLAGGED EMAIL ADDRESSES

Panel A: Model trained on imbalanced dataset (67% of data used for training, 33%
for testing), before standardization

Performance Metrics

Classifier Accuracy Recall
1) Random Forest Classifier (RF) 99 95% 72.04%
2) Neural Network (NN) 99.88% 54 84%

99.88%  645%
99.88%  0.00%
99.93%  49.46%

3) Logistic Regression (LR)
4) Support Vector Machine (SVM)

5) Voting Ensemble of LR, SVM, NN and RF
Distribution

mailing list

Panel B: Model trained on balanced dataset (300 emails for training - 150 high risk,
150 low risk, all other emails in dataset used for testing), befor e standardization
Performance Metrics

Classifier Accuracy Recall

1) Random Forest Classifier (RF) 08 949, 99 09%

2) Neural Network (NN) 98.48% 96.36%

3) Logistic Regression (LR) 97.88% 95.45%

4) Support Vector Machine (SVM) 97.36% 93.64% e :

5) Voting Ensemble of LR, SVM, NN and RF 98 86% 97.27% - : Governmental

Panel C: Model trained on balanced dataset (300 emails for training -150 high risk,
150 low risk, all other emails in dataset used for testing), after standardization
Performance Metrics

Classifier Accuracy Recall
1) Random Forest Classifier (RF) 98.94% 99.09%
2) Neural Network (NN) 98.28% 99.09%
3) Logistic Regression (LR) 08.53% 99.09%
4) Support Vector Machine (SVM) 08.64% 99.09%
5) Voting Ensemble of LR, SVM, NN and RF 98.71% 99.09%
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Integration of ProcessMining
and Blockchain for ContinuousAssurance

Jumi Kim and Miklos A. Vasarhelyi

ProcessMining

Process mining is a techniqueto extract know-
ledgefrom eventlogs to discover,monitor, andim-
prove businesgprocessesyhereasan eventlog is
a chronologicalrecord of computersystemactivi-
tieswhich aresavedto afile on the system(varder
Aalst et al.,, 201Q Alles, M. G., Jans,M. J,, Vasar
helyi, M. A., 2011 Jans,M., M. Allés, and M.
Vasarhelyi , 2013 2014 Chiu, T., Vasarhelyi,M.,
Alrefai, A., Yan,Z.,2018.

Jans,M et al. (2013 statedthat processmining
addsvalue when appliedto an audit Procesamin-
ing enablesauditors (1) to conductentire popula
tion auditing analysis rather than the sampling
method (2) to practiceindependenauditswith me-
ta-datg (3) to effectively implementan audit risk
modelby conductingthe requiredwalk-throughsof
businesgprocessewith processnining.

Caron, F, Vanthienen,J., BaesensB. (2013 pro-

poseda rule-based compliance checking process
mining approachwhere authorsincorporatedthe
business provenance,regulation, directives, and
businessulesin the processnining analysis

Three main interestsfor compliancechecking (1)
processdiscovery and visualization (2) conform
ance checking and delta analysis (3) rule-based
processnining (Caron,F etal., 2013.

Alrefai, A. (2019 proposed to implement a
ficontinuous monitoring layer using rule-based
processmining technique® which allows auditors
to detectviolationsin reaktime.

kchain an

1 Blockchain is a decentralizedtrustless,peerto-
peernetwork without a third trustedintermediary
(Chris, D., 2017 Duchmann,F., Koschmider,A.,
2019.

mart

1 The main characteristicof a blockchainare (1)
decentralizedand distributed (2) immutableand
irreversible (3) nearreattime (Parikh,T., 2018).

1 Triple -entry accounting is proposedto improve
the reliability of c o0 mp a fnaneia Kiatements
Blockchainis a it r u g tr ludedgay, which
couldreplacethereliableintermediaryin the triple
-entry systemproposedby Grigg (2019 (Dai, J,,
& VasarhelyiM. A., 2017).

7 Smart contract was originally proposedby Nick
Szabo(1994 andhasreviveddueto the develop
ment of blockchain Smartcontractis defined as
A acomputerprogram having selfverifying, self

executingtampetsresistanp r o p e (Mohanégas 0

B. K., PandaS. S., JenaD., 2018 July).

17 Smart contract could facilitate n r e |
sharing betweenbusinessparties and continuous
reportingfor shareholders (Dai, Jetal., 2017

7 A businesstransactionwill be savedto the ERP
systemand then addedto the blockchainif the
transactiorsatisfiesthe conditionsin a smartcon
tract The stateof the transactionwill be automati
cally updatedn the distributedledgersandavaila
ble to permissionegbarticipants

Blockchain-B ntin ranceFramework with Pr Inin
‘-
“ Smart Control I
Double-Entry System - v . | . i
@ (\.] Process Model Rules l\.j
Re-engineering Enhance @g—f—o I E Refine
— . ———
| O i

Smart Contract

RN

Process Mining l

A
Process Conformance | Rule-based
Checking and Internal
Delta Analysis L Controls

1| Discovery &
[ Visualization

-
' Event
Log

Rules and Controls

e

L\J .

violations

——

(—s—g—:—s—s—s -

Blockchain Ledger

dadab |

=

Integration of ProcessMining and
Blockchain for ContinuousAssurance

7 Dai, Jetal. (2017 proposeda blockchairbasedcon

tinuous assuranceavith the integrationof smartcon

tract The proposedaudit paradigm consistsof a
physicalworld anda mirror world. The mirror world

consistsof blockchain, smart control, and payment
layer

1 The proposedrameworkemploysthefi s m aontiol

| ay whemanagersand auditorswould program
the firm specificcontrol protocolsinto smartcontract
which enablemonitoring of businesgprocessegDal,

Jetal., 2017. The frameworkdisplayshow process
mining technology can facilitate and improve the

blockchainbasedontinuousassurance

The framework startswith an ERP systemwhere a
transactionis recordedin termsof debit and credit
This transactionis then recordedin the blockchain
through smart contract For example,in a P2P pro-
cess,a smartcontractverifiesthe balancein the com
pany'saccount If the balanceis greaterthanthe total
costof goodsordered,the suppliersendsinventories

®Upon goodsreceipt, the companymatchesthe pur

chaseorder, invoice, and receipt If matched,smart
contractautomaticallytransferamoneyfrom the com
pany's accountto the supplier's account, and the
transactions appendedo the blockchainledger

1 Eventlog is extractedfrom the blockchain ledger

The eventlog entersinto the smartcontrol layer In
the smartcontrol layer, processmining will discover
a procesgnodelreflectingthe reality, conformthe re-
ality with the processmodel, and checkthe process
properties Procesamining will determinethe deviat
ed processe$rom the discoverednodelandthe vio-
latedprocessefrom the pre-definedrules

Rules include regulations,businessprovenance di-
rectives businessules,internalcontrols,andetc

An auditor will investigatedeviationsand violations
and will further determinetruly violated processes
andacceptablgrocessesgtrue positive) for the flexi-
bility of business The information from the result
will enhancehe processmodel and refine the rules
The truly violated processeswill be reportedto a
managegnsthefraudulentactivities

The information learnedfrom smart control will be
usedto re-engineethe smartcontract

| |

Currentprocessmining researchusesthe datafrom
the ERP systemand thereis softwareavailablefor
eventlog extraction however,extractingeventlogs
from blockchainhasnot beenstudiedmuch

Future investigationsare necessaryto validate the
possibility of the realizationof the proposedrame
work.
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Big Data In Audit Acceptanceand
ContinuanceDecision

Danyang (Kathy) Wel, Qiao LI, Miklos A. Vasarhelyi

Backdround

Adequatelyunderstandingan entity and its envi
ronmentis importantin making audit acceptance
andcontinuancelecision

Big Data containsvaluable information that can
help auditorsform comprehensiv@erceptiorabout
aprospectiveclient

However,somecharacteristiceof Big Dataimpede
its broadusein audit Oneis too muchnoisewithin
large scaledata Auditors tend to lose their focus
and get information overload when handling Big
Data The otheroneis the purposeof Big Datacre
ation On the onehand,Big Datais not createdfor
auditbut for businesshasedpurposesOn the other
hand,audit standardslo not offer a clearguidance
abouthow to link Big Datawith auditengagement
Therefore, auditors are less motivated to invest
their limited resourcesn Big Data and take ad
vantageof it.

Basedon thesefacts, this researcldesignsa frame
work to provide a way to use Big Datain under
standing a prospectiveclient for acceptanceand
continuancedecision The frameworkfirst consid
ersthe aspectanentionedin audit standardsabout
understandingan entity and its environmentand
categorizeshemwith threemain componentgor a
company including operation, managementsys
tems,andmanagemenpeople For eachaspectthe
insightsthat can be generatedrom Big Data and
the possibledatasourcesarelisted Meanwhile,the
expectedjudgment that can be applied with the
supportof Big Datais alsodiscussed

In addition,a workflow is designedo exhibit how
the framework can helps auditors in client ac
ceptanceandcontinuancealecisionmaking

Workflow

The workflow gives guidanceon how auditorscan use the frame
work andmakethe acceptancandcontinuancelecision

Fromthec o mp apenrgpcivethe main task of the managemen

Intr ion

1 The main purposeof the frameworkis to illustrate

how Big Datacouldbe helpfulin eachaspect

The frameworkconsidersauditorsasa generalrelated
party to the companysuchasa supplier All Big Data
discussedin this researchis publicly available and
from this perspective the information that auditors
are concernecabouthasno differencefrom a general
relatedparty Thefiles andinformationthatcanbe di-

rectly obtainedby auditors, such as the prior audit
working paper,are not includedsinceBig Datais not
helpfulin thisarea

The functionsof Big Dataare twofold: providing in-
formation that auditorscan directly use and translat
ing the contentthatrequiresspecializedknowledgeto
understandnto auditorfriendly information For the
first kind of function, Big Datatendsto be financial
datathat auditorsare familiar with, suchas financial
analysisreportsaboutthe industryin Wall StreetJour
nal. Forthe secondone,Big Dataplaysarole thatex-
plainsthe effect of one changeon the whole industry
or the companyso thatauditorscould generateexpee
tationson thereactionof thecompany

Thefi e x a mwfpriad t adlunsnaimsto briefly ex-
plain what the main aspectis throughseveralexam
plesinsteadof giving a completelist. In practice,au
ditors will decidewhat mattersfor eachaspectbased
onthecompanyandtheir professionajudgment

Onepoint that shouldbe emphasizeds that Big Data
IS not a stableinformationsourceandthe availability

level of Big Data highly dependson the industry
where the companyis. For example,manufacturing
companiesmay have less Big Data available com

paredwith retailingcompanies

expectation expectation
enough to support?
>

enough to pay back?

systemand the managemenpeopleis to supportthe operatingpro- l
cess In otherwords, an effective managemensystemand a proper

managementeam can make sure the operatingcycle works as ex-
pected Basedon this point of view, both the managemensystem

Any significant
difference/risk?

andthe managemenpeoplecontributeto the ultimate operatingre-

sult However,a different objectiveof auditorsresultsin a different
startingpoint To makea wise acceptancelecision,auditorsneedto
know enoughinformation abouttheir prospectiveclient so that they

Searching for reasonable
explanation about the

Y
difference and effective
Management action to the risk during Management
people this process system

can comprehensivelassesshe audit risk. In this case,they would
betterstartfrom the i r e sstagehich is the operation The rea l

sonis that by knowing aboutthe operatingcondition, auditorscan
betterasses®ffectivenes®f the managemensystemand suitability

of themanagementkeam

At the operationstage the main goal is to obtainexpectation®n the
financial performanceof the companyand identify potential risks

Updated assessment
about the difference/risk

!

Audit acceptance
and continuance
decision

Then,auditorscanobservethe effort madeby the companythrough

Framework

1 Operation

Component

Operation

Main Aspect

Industry

Main product/service

Example of Matters'

e Market competition
e Regulatory
e Customer relation

e Research and

development cost

e Supply chain
e Market position

e Capital structure
Capital (equity + financing)
*  Government policies®

Interest rate

17 ManagementSystem

Component

Main Aspect

Internal control process®

Management System Internal control environment

Entity structure

Example of Matters

e Design
e  Implementation
e Monitoring of controls*

* A culture of honesty

and ethical behavior

e Strengths
e Deficiencies

e Ownership

characteristics

e Organizational

structure®

e Multiple subsidiaries

and locations

e Relations with other

owners or entities

1 ManagementPeople

Component

Management People

Main Aspect

Integrity

Competence and capability ¢

Governance structure

Example of Matters

e Attitude towards
i 1

*  Board of directors

Useful Big Data

e News (analysis articles)

ny)

. S_!ock trend analysis

(i.e., investors’
opinion)

Useful Big Data

e Reputation of the
software used

¢ Disclosure about the
cybersecurity of the
company

Big Data may not be helpful
here

consolidation

Useful Big Data

e Personal social media
¢ Public interviews
e Public speech

e Social network

(LinkedIn)

Expected Judgment

®  Are the selection and

the application of
accounting policies
proper?

e Are there any risk

factors that need
substantive tests later
(WCGW)?

e Any significant

difference between the
company and its peer
companies?

*  Does the profit level

e Can the company get

expected amount of
money from related
parties?

e [s there any going
concern?

Expected Judgment

e s there any deficiency

in internal control?

e s there any action that

the company takes to
make it up?

e Does the internal

control environment
undermine the
effectiveness of
internal control?

e s there any possible

collusion?

®  Are the strengths strong

enough to make up the

deficiencies?

e Transactions between

related parties

e Is the internal control

suitable to the entity
structure?

Expected Judgment

e Is the internal control

strengthened or
weakened by the
management people?

e Is the leading style

suitable to the
company?

e Is there enough

compacity for his/ her
position?

e [s there any potential
9

collusion?

the managementystemandthe managemenpeoplein reducingtheidentifiedrisks. Theassumptions thatrisks
canbeloweredthroughan effective managemergystemanda suitablemanagementeam The objectivesareto
find out areasonabl@xplanatioraboutthe differencebetweenhe expectatiorandthe actualconditionin previ
ous stageand seeif any actionis takento reducethe identified risks. Then, auditorsupdatetheir assessment
abouttherisksanddecideif theclientshouldbeacceptedar not
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Increasingthe Utllity of Performance Audit Report:
Using Textual Analytics Toolsto Improve the GovernmentReporting

Huiljue Kelly Duan, Hanxin Hu, Yangin Ben Yoon, Miklos Vasarhelyi

Intr ion

Motivations

7 Performanceaudit providesvaluableinformation to the public aboutgovern
ment programs,and showsobjective analysis,findings, and conclusionsof the
audit to users It is considereda tool for civic participationin monitoring and
improving governmenierformanceand operationsyeducingcosts,facilitating
decisionmaking,andcontributingto public accountability

7 However,the utility of the performanceaudit reportsfor the generalpublic is
relativelylow dueto theaccessibilityissue

7 Additionally, eachstatehasits own reportingtemplate Thereis no standardized

Methodol

1: Identify the R iremen

General Accepted Government Accounting Standards (GAG&fb)jresthe perfor
mance audit reports to include the objectives, scope, and methodology of the aut
and alsdheaudit results, findings, conclusions, recommendations, inteamdtol
iIssuesetc.

2. R rtCollection

1 Reportdssuedoy the states dew York, New JerseyArizona,Californiaare script

ed from i n dvebsited u a l statesboO

format acrossall states,and someof the reportsare not machineprocessable, Step 3: ContentExtractio
which createsdifficulties for usersto systematicallyaccessthe contentsand , Document conversion: convert the files (HTML fil®)Fswith imagesPDFs with

comparehe performance/issuexrosglifferentgovernmenentities
Objectives

1 Increase thatility and accessibility of performance audit reports to the gene

public.
7 Enhance the transparency and accountabilitii@fiovernment.

7 Establish a standard reporting theme, ensure the repodinglieswith GA-
GASrequirements.
s Construct a taxonomy specific to the government performandis.

1 Assesghe linguistic features to provide more insight®s the reports.

s Conent

out images) to a machifrocessabléormat

Extraction: extract relevant content using different techniques
(BeautifulSoup, Regular ExpressidtuyzzyMatching).

Step 4:Taxonomy

7 ldentify standard termandphrases used across gtates
y List of terms requiretty GAGAS

Step 5: LinquisticAnalytics
1 Length,Specificity, Readabilityand Comprehensibility

Contributions
. : " Readability and
1 By establishinga standardreportingtemplateacrossall states,authoritiescan m

geta betterunderstanding@f the performanceuditreports,gaininsightinto the
performanceof the governmenentities,and comprehensivelgvaluatethe per
formanceof the programs

7 Stateauditorscanimprovethe risk assessmerdand audit planning,identify the
trendsandmonitorthe emergingssueson a nationalandtopicallevel,andcom
paresimilar auditissuesandsolutionsfrom otherstates

Results

Table of contents for PDFs ‘ background information objective, scope and methodology | Recommendations and findings1 Recommendations and findings2 ‘

background $ audit findings and recommens Background The New York State Medicaid program is a fedeal, st Audit Scope and Methodology We audited selected medical record: Audit Findings and Recommendations We determined Dr. Riaz Al Recommendations 1. Review the 19,031 Medicaid cleims totaling
background § audit findings and recommens Background Sunshine Developmental School (Sunshine Developm Audit Scope and Methodology We audited the propriety of, and su Audit Findings and Recommendations We identified §1,776,434 1 Recommendations To SED: 1. Revienw the disallowances identifie
background § audit findings and recommens Background The Child School (School), a not-for-profit orgenizati Audit Scope and Methodology We audited the expenses reported o Audit Findings and Recommendations We identified $978,085 of Recommendations To SED: 1. Revienw the disallowances identifie
background $ audit findings and recommens Background The mission of the Administration for Children’s Sem Audit Scope and Methodology We audited ACS to determine wher Audit Findings and Recommendations We found that ACS officia Recommendations 1. Optimize opportunities to soliit competitive
background § audit findings and recommens Background The New York State Medicaid program is & federel, st Audit Scope and Methodology The objectives of our audit were to Audit Findings and Recommendations We found numerous violati Recommendation 1. Coordinate with HRA offcils to investigate
background 4 audit findings and recommens Background Medicaid i  federal, state, and local govemment prog Audit Scope and Methodology The objective of our audit was to d Audit Findings and Recommendations For the period December |, Recommendations 1. Review the actual and potential overpayment
background $ audit findings and recommens Background The Depertment of Health (Depertment) s responsible Audit Scope, Objective, and Methodology The objective of our au Audit Findings and Recommendations We found that the Departm Recommendations 1. Review the Medicaid payments made to Joia
background § audit findings and recommens Background Whispering Pines Preschool, Inc. (Whispering Pines), Audit Scope and Methodology We audited costs that Whispering F Audit Findings and Recommendations According to the RCM, co: Recommendations To SED: 1. Review the recommended disallow:
background  audit findings and recommens Background The New York State Medicaid program is a fedeal, st Audit Scope and Methodology We audited selected Medicaid clain Audit Findings and Recommendations Based on the results of our Recommendation 1. Review and recover the remaining $28,028 in
background § audit findings and recommens Background The Association for Neurologically Impaired Brain Inj Audit Scope and Methodology Our audit determined whether the ¢ Audit Findings and Recommendations For the thre fiscal years en Recommendations To OPWDD: 1. Revienw the recommended disal
background § audit findings and recommens Background The Metropolitan Transportation Authority (MTA) is Audit Scope and Methodology The objective of our audit was to d Audit Findings and Recommendations Transit, MTA Bus, and B& Recommendations 1. Revise the All Agency Travel Policy Directi
background § audit findings and recommens Background Many New Yorkers have been increasingly challenged Audit Scope and Methodology We conducted this audit to determi Audit Findings and Recommendations The managing agents and F Recommendations 1. Fomalize procedures to conduct lotteres anc
background § audit findings and recommens Background The New York State Office of Probation and Corectic Audit Scope and Methodology The objective of our audit was to d Audit Findings and Recommendations Only a small peroentage of Recommendations 1. Develop and implement processes and procec
background § audit findings and recommens Background The New York City Department of Health and Mental Audit Scope and Methodology We audited DOHMEH's administrat Audit Findings and Recommendations We concluded that DOHM] recommendations and maintains documentation of its reiews. DO
background  audit findings and recommens Background The New York State Urban Development Corporation. Audit Scope and Methodology We audited ESD to determine whet Audit Findings and Recommendations ESD has an appropriate sys Recommendations 1. Develop strtegic plans that include performe
background § audit findings and recommens Background The Department of Economic Development (DED) i : Audit Scope and Methodology Our audit detemmined if the Empire Audit Findings and Recommendations We identified a range ofiss Recommendations 1. Review and take appropriate action when ady
background  audit findings and recommens Background The New York State Medicaid program is a fedeal, st Audit Scope and Methodology We audited selected Medicaid clain Audit Findings and Recommendations Based on the results of our Recommendation 1. Ensure that pricing methodology changes are
background § audit findings and recommens Background The State Universty of New York (SUNY) consists o Audit Scope and Methodology The objective of our audit was to d Audit Findings and Recommendations SUNY offciels have gener: Recommendations 1. Remind campuses of the need to comply wit
background § audit findings and recommens Background New York State Homes and Community Renewal (HC Audit Scope and Methodology The objective of this audit wes to  Audit Findings and Recommendations DHCR's oversight and mo: Recommendations 1. Improve project monitoring of State-finded |

Extraction Results

. . . LU ”n
Audit objectives Competence Internal control State Scope and Methodology” Format
. . . c Audit Scope, Objectives, and Methodology
Audit organization Control objective  Objectivitty NY |Background, Scope, and Objectives
Audit procedures Criteria QOutcomes Methodology
Audit report Entity objective ~ Planning NJ__ |Scope
o . . AZ Scope & Methodology
Auditrisk Fmdmg Review Background, Scope, and Methodology
Audited entity Fraud Signiﬁcance CA Background, Scope, Methodology and Assumptions

Unique Titles GAGAS Terms

conclusion

The Cardinal numbers
Expressivity

The total number of
words (excluding
punctuations and
stopwords)

The total number of
sentences

The Gunning Fog Index
The Flesch Reading Ease
The Dale Chall Readability
(Adjective + Adverb)

(Noun + Verb)

i |

New York State disclosethe mostinformation.
All four states have a similar amountadstails.

Sample reports fror@aliforniahave the highest Flesh reading index and the lowes
Gunning Fog Index and Daféhall Index, indicating these reports are difficult to ree
andcomprehend.

Length metric
+ The total
number of
sentences;
«  The total
number of -~ =
words. . | | -

Specificity metric C
The cardinal J
munber ratio;
Expressivity

@ fog inda i

Readability metric .
* The Guuning : ' [ _|
fog index; | . ; : : i L] - =

+  The Flesch ' i 3 [— RN e —
Reading Ease; :

+ The Dale_Chale T e —
Readability . ; ' ==

7 This studyestablishes a framework thanbe potentially used for building a standardized reporting template for government

performance audreports.

s It identifies required reporting elements fra@dAGAS, retrieves the relevant information from the reports isfiyedew York,
New JerseyArizona, and California, constructs a taxonomy specific to a performance audit.

1 This studymeasures the lengtspecificity,and readability of the performance reports among states verticallgarmbntally.
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Visual Audit: An Integrated Audit Approach

Lu Zhang, Heejaelee, Qi Liu

Goal and Intention Space

lntr lon
e : : L . : : It is hard to define how to extract value from a specific process without identifying the
Using interactive visualizations accounting information systemanassist us  sojytionstesolveat he begi nni ng. Nor mands wherdng e
ers understangery large setsf financial information. Continuousionitoring  teracting with physical or virtual objects, humaeedt o f or m t he A go
and continuous auditing increases the value of interactive visualizatiom@ anat the beginning (Norman, 2016). Roth 2@kplainedthe interactions betwedruman

counting informatiorsystem contextioweverthere are only fewstudiésat  and vi sual i zati on sys tfiethess piescii fg eNlo rtithae
examine how interactive visualization should be applied in accouespgcial _jafinedtask ogoalmoti vating use of visuanelizat
ly in auditing. definedtask, or objective, supporting the goal (R&01.2).

Theaim of thestudyis to: (1) Examine how interactive visualizaticanbe Our model built on and extendé#ukir definitions,creatinga goal andintentionspacein

used in auditing and suggest a integrated audit approach for visual audit. (2)vhichthreefi g o asexspioratorydataanalysis(EDA), confirmatorydataanalysisgoal

Demonstrate visuauditsusing a hospital database with over six million trans (CDA) andpresentationandtwo fi i n t e asaudibobjsctiveandneedsfor visualiza
actionrecords. tion., areestablishedo guidetheinteractiondbetweerauditorsandthe visualizationsys

The Visual Audit Model tem

Audit Needs for
[P Objectives Visualization

. Interactive Action Space Needs for ”o@ :
N Visualization % v
./ \\\ O\,g@
%, - Varset Visual
| °

Knowledge Space
Wecreateda knowledge spacthat holdgifferenttypes of information objects and the
Varset Objectives Audi relations amonghemoccurringin visual audit. The collection of information reaclies
Fridence solid state of knowledge about the awditen itis crystallized (Bertini & Lalanne, 2009)

andmaysupport the opinion expressed in thel d i repont.\V@efurtherclassified those

Visual - — informa_tionobjects a_:tinding, insight hypothesisandaudit e_videncel.:inding IS a_de :

tectedvisual pattern independent from the problem domain (Seickla 2014)Insight is

Linf(Quit o an interpreted finding using domain knowledge (Chetrad., 2009). Ahypothesisormu-
T Finding latesan assumption in the audit domain that is subje€id and must be generated

based on thasight and visual analytiamaytest and rejedtypothesebeforesolving
the problemAudit evidence iprepared based on properly documemisdyhtswhich

corroborate or contradict management o0

Visualization SystemSpace internalcontrolover financialreporting.

We definedvisualizationsystenspaceasa spaceholding a setof systemcompe
nentsandrelationsamongthem,anddescribedhosecomponentasdata, varset

andvisual,andtheir relationsasdatabeingtransformednto varsetthroughac-
tionslike importing,calculatinganddatamining andvarsetbeingmappedo vis-

ual throughactionslike reconfiguratiorandencoding

Datais definedastheii d aoti an t ecomnectedo thevisualizationsystem
Varsetstanddor theii v a r $ athabcentainsvariablesandtheir instances _
mapped to graphical entitiedgsualr ef er r ed t o ®sdefinBdadas —
graphical representation of data and is madefgpaphical objectgBertin 1967, Evidence
Senay andgnatius 1994Wilkinson 1999,B6rneret al.2018), visualvariables(Bertin Expertise and Fit

1967)andguides(Wardetal. 2010). To help auditors design an approprigigual, we introduced the cognitive ftheories

- Varset [ b (Vessey1991) into our model amarguethat selectegtisualmust provide fit tadata and

Visual S :
oHe varsetthat are selected basedaundit objectivestasks thaaremotivatedby needs for

g{;}phtical visualizaton and auditorso perceptxpeatse. abi | i
jec

Visual _ ;
Variable Expertise Space Visual

Finding [nsight Hypothesis

o O O

Guide )

VisualAudit Demo Audit ) ( Needs for )
'\;7

Objectives isualization

Net Revenue

Monthly Net Revenue - Accounts Level N . N ﬂolooo' 1;(0:?’0% I nteractive ACtion Space

= o In visual audit, we created amteractive action spac@ which auditors communicate
Q \ and interact with the visualization system through interaction techniques (Beeker et
NEBWA WP 2 ala Roa o | Reae eds ~1987). Actions taken in thepaceare dependent on developeaadit objectivesindneeds

; s E ) i ) e for visualization They areexecutedo facilitate the operationof eachvisualizationsys

Net Revenue

O\

temcomponentBasedon previouslydevelopedaxonomiegelevantto datapreparation

andinteractiontechnigueswe classifiedinteractiveactionsusedin visualaudit under
threecategoriesasactionsfor datapreparation actionsfor varsetcreation and actions

for visualoperation

Total Transaction Value versus Total Charges ’ ; ;
actions for Data actions for Varset creation actions for Visual operation

12M O preparation

10M
+ Connect * Import * Navigate

count ID: 232801
\ D 38 1(6)'0001000 * Clean . S.earch * Select
arges: 1,366,287 * Shape « Filter « Reconfigure
saction]): 11,366,287 (Anoshin et al., 2019) « Calculate « Encode
* Abstract/elaborate e Link
¢ Data mining (Ward et al., 2010; Yi et
Keim Daniel & al., 2007)
Mansmann, 2010, Roth,
2m 2012; Yi et al., 2007)
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Expected Loan LosdProvisioning Usinga Machine
Learning Approach

Nichole Li and AlexanderKogan

Backdround Measuring Loan Losses Variable Definition
Mccounting estimatesare a critical part of financial Anterestincomeis recognizedover time andis derived
statementsMost ¢ 0 mp a finaneial statementse-  from a yield thatincludesat leastfour componentsthe gl
flect accountsor amountsin disclosuresthat require  time-value of money,expectedoan lossesfisk premia, | ey
estimation Accounting estimatesare pervasivein fi- andeconomicprofit (Harris et al., 2018. Measuringex- Tog Assets | Tog of Towl Assets
nancialstatementspften substantiallyaffectinga com  pectedlossesis particularly complex, but the loan loss Towl Coans | Total Toans i banks portfolio
p a n finéansial positionandresultsof operations allowance and provisions estimatedby managersare Loans 1o Assets | Ratio of Toans 10 asscls
: : : " basedin parton a seriesof primary indicators,many of I Ll e
ABanksarecrucialfor financialstability. Dueto thena  \yhjch are availablein public disclosuresSo, in this re- e N
tqre of their a.s‘setq.l €. mainly loans) and their finan- search,| focusedon theseprimary indicatorsbelow in TFour-QurNCO | Sum of rolling four-quarter Net charge-0fTs plus ninety-days
cial structure(i.e. highly leveragedandfinancediarge onstructingan alternativesummarymeasureof the ex +NPL past due and non-accrual loans at the end of the rolling
ly via depositsjthey havespecificinformationasym  ,octedoanlosses widoy's D quaries
metry problemswith stakeholdersdifferent to those ]\’chgolu\l(gt[ i(lu;ﬁ;r;lCOH\TL scaled by total loans at the beginning of
theymayhavewith share holders A oan Balancesand Loan Composition Characteristics |  [Thageols | Amoun tat s charged-oTs
_ _ ' of the borrower and of the collateral, affect both the Recoveries Amount recovered in previously charged-ofT Toans
Estlmatlng expectedLoan Loss Allowance (LLA) in probability of defaultand the lossgivendefault In my Allowance Loan Loss Allowance
banksis a critical but alsodifficult problemin accoumnt researchl include the proportionSOf the three Iargest ct Allowance [ Loan Loss Allowance scaled by total Toans at the beginning of
ing estimatesThe issuehasbecomeof increasingin- |, categories real estate,commercialand industrial e
terestto academicsand regulatorsw ith the FASB and (C&|) andconsumer Pet CI Loans Commercial and Industrial 1oa;\s as a percentage of total loans.
IASB issuingnewregulationdor loanimpairment ’ Tnterest Tncome accrued but not yet collected on Toans
A—Iowever,till now, few studieshavelooked at the ap A.O&ﬂ Duratl(?n . . T}}(i;;l;?xz;gss The ratio of tax-equivalent interest income divided by total loans
plication of machinelearingin manageriakubjective ANonperformingLoans Loansthatarenot payinginter- L s L
estimatesespeciallyin the LLA . And no publishedre-  estor principaldueto ab o r r oaneelitrpdlsiemsare b L I el
searchhasbeendoneto modeland predictloanlosses classifiedasnonperformingoans,whichincludenonae Snl N kisaind el
using othertypesof machinelearningalgorithmsthan crualloans,restructuredtroubled)loans,andsomepast ) ) __
regressiorso far. There fore,in thIS paper,l Want tO fl” dU el 0ans Tnilation Personal COnsumplion exXpendiiure growin i (e previous year
in the gap by using multiple machinelearning algo- GDP GDP Tevelin the previous year
rithmst% rrr)moé/elandgpredicﬁoanIossesin banksg ° ANet Chargeoffs. Net chargeoffs (NCOs) are measures TDP Growlh | GDP growth e Drevios year

of realizedloanlossin a given periodandindirectly im-
pactthe balancesheetandincomestatementhroughthe

ALLL andthePLLL

Methodology

Basedon the discussionabove,the managemwould estimateloan loss allow-
anceby predictingfuture loan lossesto be realizedin subsequenperiods The

Dependentvariables

To predictthe losses| wantto follow Fillat and Montoriol-Garriga(2010 andconsider
the sumof rolling four quarternet chargeoffs, andaddnonperformingloansat the end
of therolling-wi n d dowth guarter,which is the dependentariablein my study At

timet thelossis measureds,

accuracyof the predictionwill be assessetty how well the estimatedallow-
ancecapturesactualnetchargeoffs. Thisideais consistentvith the accounting
identity.

LLA, = LLA,_, + LLP, + RECOV, — CO,

= LLA,_, + LLP, — NCO,

WhereLLAt is allowancefor loanlossesat endof t, RECOVtis the amountt
thathavepreviouslybeenchargedff but arerecovereduringthis time period.
COtis thegrossamountof all loanschargedff againsthe LLA lossesThein-
come statementffect is capturedby LLP, the loan loss provisions Thus, the
precisionof the LLAt is assesselly how well it predictsfuture netchargeoffs
att.

t+4

CL = Z NCO, + NPL,,,

7=T+1

whereNPL is Non-performingloans,which are definedasloanspastdue morethan 90
daysandnonaccrualoans(i.e., loansonwhich a bankhasceasedo accrueinterest)

Independentvariables

My independenvariables(predictors)consistof informationalreadyknown at the time
of estimation Inspiredby Vijayaraghavarf019, | includetwo setsof independentari-
ables Onesetis the bank variablesthat containsthe characteristicof the banksthem
selves Anothersetcontainsthe exogenougnvironmentalariablesthatreflectthe mac
ro-economicfactorsthat may influencethe loan lossestimation The independenvaria
bles| wantto includeareshownin thetableabove

Sampleand data

Following Harriset al. (2018, | focuson bankholding companiegBHCs) and
extractaccountingdatafrom regulatoryconsolidatedinancial statementfFR
Y-9C reports)for the period 1996 2017 The sampleperiod startsfrom 199€
becausenformationrequiredfor measuringcertainFR Y-9C variablesis una

vailablebeforethen Machine learning algorithms

Basedon prior literature,l wantto try five different machinelearningalgorithmsin my
researchLassoregressionsupportvector machine randomforest, artificial neuralnet
worksandgradientboostingmachineto makethe prediction
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Skipper and Stretcher Selectionin Audit Analytics

Nuriddin Tojiboyev and Alex Kogan

. : i S election with SimilarVal

1 ContinuousAuditing Frameworkextensivelydepends

: . . : # |TransactID| Filter1 | Filter 2 I Filter 3 I Filter4 I Filter 5 | Filter 6 | Filter 7 | Distance
onareliableselectionof exceptiondor afurtherreview . o 1107477 5 - - s - ToT e
. o 0 2 446 0 45.32469 0 0 0 1 0| 92.44333
1 Thereis anagreemenin thefield thata largevolumeof . = - = 7 g : et
exceptionss genera’geuh thecontln_uousaudltlr!genvr a 4570 0 0 0 ol 77.75064 2 ol s1.81496
ronment(ThiprungsriandVasarhelyi,2011andKim 5 | 10042 0 0 5.538255 0 0 3 0| 50.53067
andVasarhelyi,ZOJ_a 6 2944 0 0 4.892452 0 0 0 0| 43.96881
1 The use of SuspicioBcore becama popular approach 8 7763 0 0 0 0_60,98294 0 0l_40.6019
for ranking/prioritizing exceptions (Issa 2013, Liadt ... - ] - = e O
2016 N t I2019 10 11599 43.84615 0 0 0 46.778 1 0| 36.90663
! oe€eta ) 11 740 38.84616 0 0 0 23.43308 0 0 32.6268
0o . 12 434 0 15.62119 0 0 0 1 0| 31.88407
1 The Suspicion Scores are generated from appdifng o = 0 - = s ~ o [
ferent f_iltersthatidentify c_ertain transactions/recorals 14 | 4560 | 18.46154 0 0 0 53.00628 2 0| 29.71956
exceptions when they fail to go through thékers 15 | 3688 0 0 0 2.446238 0 0 0| 29.15685 L 4
1 The previous literature mostly uses binary assessment
(fail or pass) of exceptiorisy filters. 1 The excerpt above from a spreadsisbetvsa list of transactiongrioritized by their suspicion score.
: : _ Transactior#7 and #8 have almost identical risk compositions. Thus, reviewiagf these transaction
1 Moreover,previousmodelsdo not considerthe issues would resolve the second onevesll.
of morethanoneexceptionswvith similar valuesbeing
selectedor furtherreview 1 These research contributes to the literabyrél) using a distance metric as Suspicion Score and (2) pro

posing two algorithm#hatconsider transaction similariti@ghile selecting exceptions faeview.

Stretcher (Maximin)
1) Identify the set of the exceptions from populativat are over
certain minimum riskscore
. 2) From the selected set of the riskiest exceptions, select the cembja

similar exceptiomalreadyexistsin the selectionset tion of itemsthatare the most dissimilar to each other fgivgensetsize.

1 Having too many duplicate exceptiamsynotbea
best use of resources of autdipartment

Skipper (Similarity Threshold)

1) Set a maximum similarity threshold for the selectien

2) Considerone exceptionat a time, running down the exceptionlist
sortedby suspicionscore Selectthe exceptionto the selectionif no

3) Terminatewhen selectiosizeis reached, or exception list is fuldpvered 3) Maximin Algorithmcanbeusedto achieve a heuristic solutiagincethe ideal
solution is computationallyntractable

Distance

Distance 1 H 1 .
= R Selection 19.90 —» Selection
11.06 ...skip ) ]:z
8.50 3 > 7.80
7.80 > ;

7.70 ...skip 77

8 » 6.69

4.79 > 4.79 2
4.73 ...skip 5 473 —>
3.94 7 | 3.94 4
3.38 3 338 —»
3.34 ...skip 3.34

3.08 ...skip zgz

;:2 ...skip 8 R e

2.65 -..Skip 2.65

2.52 ...skip 2.52

“Risk Space” Distance Measures I Similarity Measure

n

Euclidian d(p,q) = \/ Z (0 — @)*. N

1=1
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Industry Classifications and Stock Performance: Constructing
a New Scheme

Qingman Wu and Won Gyun No

R rchObjectiv Literature Data
Industry classificationsare widely usedin bothaca ; stefanoCavagliaet al. (2000 found that industry 1 10-K from EDGAR
demiaandindustry Researcheraseindustry classif factorshavebecomean increasinglyimportantcom -
cationto control for the industry influence, limit the ponentof securityreturns More importantly,diversi 1 SIC and NAICS categorizations for each compa
scopeof their investigation,dentify controlfirm, and fication acrossindustriesnow providesgreaterrisk ny from COMPUSTATdatabase
etal.. Themostcommonusedschemesirebuilt based : : e L ,
onf i rbumsnésareaandactivities,which arelikely TR L E O o SolITEE 1 Stockreturnd at a and f i r mc o myg
to changea lot over time. However,thoseclassifica If equity marketparticipantsconsidera setof com from CRSP
tion methodsarerarely changingwhich is unreasona panies closely related, then stocks in the group
ble. So, the purposeof this researchis finding out should experiencecoincident movementsin their
whetherthe proposedclassificationmethodimprove stockreturns (LouisK. C. Chan.etal., 2007

the ability to organizefirms into more homogeneous
groupsin termsof stockreturnco-movemenbf exist
ing classificationrschemes

Methodoloav: Industrv Classification Schem nstruction

*[tem 1A
* Revenue resources

* Based on business description
inItem 1A

* Based on revenue
resources

Methodoloav: Industry Classification Schem mpari

Thisresearchlwould comparehe correlations betweestocks in the same industry witie correlations
betweenwithin-industry stock@ndoutsideindustry stocks to measure the homogensaitfyrms. For
exampletherearek firms. For a particular industrl there areN firms in thisindustry.For stock i in
this cluster,we could average the pairwise correlatidretween stock @esurn andeturnof other
stocks inthis cluster isdefinedasequation (1)w h e r e thgtimg-seriessorrelation betweethe re-
turnon stocks andj. Similarly, theaverage pairwise correlation betwestack i's returrandthe re
turns of all other stocksotin its industryis equation(2).

Basedonthose data, weancalculatethe averageavithin-industrycorrelation and the average outside
industry correlatioroverall stocks inthesample.

. Zjel,j;tipij (1)
Pir = N — 1
See, RUTGERS
i~ T _ (2) .
K—N Rutgers Business School

Newark and New Brunswick



Using BlockchainTechnologyfor Continuous Assuranceand
Monitoring: A Closer Look at Cryptocurrency Lending Industry

Ruanjia Liu

Backaround

Financial technology(Fintech), emergedin the 21st
Century,hasbeenrevolutionizingthe stagnantapital
loan market Basically, Fintech disruptedtraditional
financial industry by expandingfinancial inclusion
and cutting down on operationalcost Tetyana(2019
statesthat one of the innovationsis Blockchainpeer
to-peerlending (P2P lending) which utilizes superior
algorithms (e.g., machinelearning) This study will
proposehow to maintain continuousassuranceand
monitoringin the cryptocurrencyendingindustry

ledger

Blockchain in A

Fanningand Centers(2019 statedthat blockchaintechnologycould benefitaudit
ing when auditorscomparethe accountingentrieson the bookswith reattime ac
countingon the blockchain Kiviat (2019 suggestedhe conceptof triple-entry ac
countingusing blockchain He assertedhat postingaccountingentriesof Bitcoin
transactiongo the blockchaincould preventrecordstampering ERP systemsre-
sentaccountingspecific modulesbasedon RelationalDatabaséManagementys
tems(RDBMS) for processautomation(Kuhn and Sutton2010. In addition, ERP
distribute realtime datafor information analysisand decisionmaking (Hitt, Wu,
andZhou 2002. Blockchaincanbe view asinnovativetype of databasevhich op-
eratesautomatouslyvith little third-partyintervention

nting andAssuran

Shared
Data
Managers Accountants
Blockchain Based
Smart Triple-entry Accounting
Contracts & Accounting Information Tasks
Analytics System
Business T
Investors
Partners
loT
Applving Blockchain-B ran P2PLendin

1 Margin Call andMargin LendingRisk

Theplatformwill makea margincall to the borrowerbeforethe valueof the collat-
eralfall belowthe maximumLVR. The borrowercanchooseto increasecollateral
or to pay off someprincipal But if the borrowerfails to meetthe maintenancenar
gin, the platform couldliquidatepartialloan by taking overthe collateralto recover
the principalandoutstandingnterest

loan amount / total value of portfolio = Loanto Value Ratio
1 Provide BlockchairBased NordefaultBehavior

A smartcontractcould provide controtbasedassuranc@aradigm Platformscould
continuouslymonitor loan amountand loan to value ratio (LVR). Smartcontrols
could contactthe borrowersimmediatelyaslong asloanto valueratio (LVR) indi-

catesthat collateralvaluefalls belowthe maintenancenargin Thenthe borrowers
eitherinvestmorein thecollateralor paybackpartial of the cryptocurrencyioan

1 Provide BlockchairBased Assurance of Capitdéserve

If lendingplatformsdisclosethe cryptocurrencytransaction®n Blockchainledger
on the daily basis,the public could keeptrack and monitor the changesof fiat re-
serveeveryday

Blockchain: a NewType of Database

Petersand Panayi(2019 assertedhat blockchaincan ity
avoid the possible conflicts when different usersare
making multiple modifications simultaneouslywithin
thedistributeddatabasesystem

1) Blockchainis thedistributednetwork

2)Blockchainensureantegrity of the datastoredin its

3)Unlike an ERP systemthat requiresintensivehuman
efforts, blockchainis designedo operateautomatically
with little third-partyintervention(Swan2019).

It increases
the security
of data records

Blockchain may prevent
data leakage and help with
verification and

B authentication of
identitities

It adds transparency

Blockehair
the autor

It offers visibility
and traceability

Blockchain may grant easy
access to relevant
It boosts stakeholders and rvov:de
real-time traceability
optimization

and speed

Smart contracts in
blockchain can help
automatically verify
transactions when
compliant

The major differencebetweena cryptocurrencyjloan anda securityloanlies on the
lending mechanic Traditional security lending relies on a central authority or a
bank,which calls for the needfor atrustedthird party P2P lending,alsoknown as
crowdlending, is the practiceof matchinglenderswith borrowersvia two-sided
platforms For traditional security lending transactionthe collateraltype that can
be cashand securitiesand rebaterate are agreedby the borrowerand the lending
agent But collateralin cryptolendingare crypto assetsio matterif it is cashloan
or cryptocurrencyoan

1 Twotypes of cryptdenders:
Custodial lenders and Nd@ustodialenders
1 Threetypes of cryptdorrowers:
- Speculating Hedging
- Trading/ Arbitraging
- OperatingWorking Capital

Applving Blockchain-B ran P2PlL endin

1 Provide BlockchairBased Assurance @follateral

Blockchain can be utilized to increasethe information auditability of collateral
Sincea blockchainsecureghe dataon the ledger,it could alsolend authenticityto
many audit documentationsBecauseblockchaindoesnot allow erasingrecords,
audittrails could be documentedo facilitate tracingandreviewin the future (Ernst
& Young[EY] 20195. Thosedocumentsould alsobe sharedamongrelatedparties
for crossvalidation Thus,lendingplatform could keeptrack of certaindocuments
of collateralwhich arefiled on blockchain The absencef any recordsmight im-
ply fraud and default Potentiallenderswho are assuredof collateral existence
could be morelikely to participatein the cryptocurrencylending activity. Placing
blockchain technologyin the handsof platforms, borrowers, and lenders can
achieveanewlevel of assurancelrhesepartiesmayinvolve in the transactiorveri-
fication procesdy providing reliableandindependeninformationfor auditandat-
testationpurpose The collaborationof theseindividualscould providetrustedreat
time assurancéhroughthed 6 p ofdo o a n s ammechaniam 6 6
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The Future of Advanced Technologyand Automation in
Audit: A Delphi Study

Danielle R. Lombardi and SheneyahNilson

The Original Study Analysis of Sessiomdighlights New DelphiExperiment

In 2014 Lombardiet al, performeda Delphi study Below aresomeexamplesof how accuratethesepre- | After thoroughly analyzing each of the suggestions
using a sampleof leading industry experts with diction werein describingthe currentstateof theaw = from the original Delphi and realizing that most of
hopesto predict the future of the auditing profes dit professionalmosta decadeafter the original study = thesepredictionsdid manifestin the professiontoday,
sion wasconducted we decidedto re-do the experimentwith a similar
i : _— : : : roupof industryleadingexperts
Themajorareasof focusincluded Prediction Externalauditorswill rely on moreinter- ety 4 e
1 The evolutiorof the relationship between the in nal auditworkin thefuture The methodconsisteddf two roundsof brainstorming
ternal and externaluditor. Analysis anda Delphi experiment
i ' : : Brainstorming:
1 The effects of judgement @utomation. Currentresearchsuggestshat externalauditorswill J
s Theshiftin timeliness of the auditycle. increasinglyusethe work of internalauditorsasthey | Practicebasedresearchaimsto eradicatethe existing
gain efficiency in performingtheir auditwork. Addi- | knowledgegap betweenacademicsand practitioners
s The need for a morglobal perspective regarding tionally, when relying on the work of internalaudi = and effective group brainstormingcan assistin this
thechangesn the auditing profession. tors, externalauditorsappearto be moreconsciouof | endeavar\We used brainstormingto get the creative

the consequencesf the audit quality they deliver | thoughtsof our participantsyoing

1 How client technology is leading auditing prece (Aregntoetal 2018. :
dures Delphi Method:

Prediction Although the use of automationwill in- : : L :
s Understanding the impact of privacy safeguards  creasejudgemenianddecisionmakingcannotbeau ~ I'his methodinvolves providing industry expertswith

on technologicahdoption tomated at leasttwo roundsof a questionnaireand structured
feedbackin betweeneachsessionsn orderto enhance
1 The use of automation in the auditipgpfession. Analysis ther e s p o ncdnsensugBdll 1967). This method

hasbeenable to accuratelyforecastfuture outcomes

Auditor judgementcannotbe easily replacedoy ma | and predictthe direction of many different industries

After doing a review of the current literature and chinedueto the fact that automatabldasksarethose - Fincluding banking, humanresourcesbusinessadmir:

publications posted by industry leading firms, we gg;t :an?;\%r(]gorﬁgr?gtu;leés()”fgI?I:;gllfs?ha:tergaﬂicriggﬁ istration and managementinformation systems,and
were able to obtain evidencesupportingthe conclu ditor iud ally do rot haveth ]9 accountingand auditing (Bell 1967 Bradley& Stew
sivenesof the predictionsmadeduring the original litor jJudgementtypically do not havetne aforemen ' grt 2003 PobaNzaouet al 2016 Hong, Trimi, Kim,
: g tionedcharacteristics : i i
Delphistudyin in 2014 & Hyun,2015 Worrell, Di Gangi,& Nush2013
FIGURE 2
, ] Highlights and Recommendations Provided by Experts
Overview of Delphi Panel Members ey
First Session Second Session
& EK,Ehairmﬂn nf t_he Finﬂncial ﬂccnunting Standardq Bnard * External auditors will TL.':"\ more on « Chent ICL'}III(!I()E[) 1S lt.‘;lklllll_.' audnt
(FﬁSB-} iternal audit work in the future procedures
, * Although use of automation will * The use of technology depends upon
e Ex-chairman of the AICPA increase, judgment and decision- proper safeguards for privacy (i1.¢.,
e President at CEO of a Consulting Company making cannot be automated HIPAA)
# Retired Audit Partner * The view of many of the topics * Automation can be used for more
. . . would vary depending upon the tedious tasks so that auditors can use
. E]g 4 PHII'HIE‘I‘ m ﬁl.ld]:t evolution of the financial statements their expert judgment for more pressing
* Accounting Information Systems Professor * Audit will be cycled over the year, ISSUCs
e Senior Manager of Audit Analytics instead of only at year-end
* There is a need for a more global

perspective

Figure 1 - The Expert Participants

This figure was obtained from Lombardi et al. (2014).

Listed below 8 of the 11 questionsaskedduring the 2020 Delphi experiment Resultsare still being analyzedsimilar to the
analysisconductedn the original 2014 paperusing a combinationof descriptivestatisticsand thoroughanalysisof the re-
sponses

1 Theautomatiorof InternalandExternalAudit.
s How Big Datawill impactauditing/assurangaroceduresanalytics, assessmentgjdgement

s Whatwill happerto theuseof emergingtechnologiesn audit(i.e., Blockchain,RoboticProces®Automation,Artificial Intelli-
gence CloudComputing NeuralNetworks,ExpertSystemspPataClustering Regressiongther)

7 Whatwill happerto thejudgmentbiasesn auditingasaresultof interactionwith technologyandartificial intelligence

5 Towhat extent will technologtakeover the responsibility of the internal and extemalditor(i.e.,audittask, decisiomak-
ing, judgement)

7 As a result of increased applicationcoihtinuousauditing, towhatextentwill internal auditors take over thesponsibilityfor
financial auditing which is currently undertakeynthe externabuditor. l |TGE RS
s What will happen to the ethical concerns in auditing as a result of increased usage of emerging technologies antt artificial

telligence. Rutgers Business School

Newark and New Brunswick



The Methodology for Thinly Traded
Cryptocurrency Valuation

Eyal Beigman, GerardBrennan, ShengFeng Hsieh,and AlexanderJ. Sannella

The Results of the Piloffest

Figure 1 The exchange rates from the OptiBathapproach (red) and the real BUED trades (black)
(February 1 to Februa9, 2020)
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Figure 2 The exchange rates from the OptiRathapproach (red) and the real BUBD tradegblack)
(217 6 AM, Februarys, 2020)
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Dynamic View of PandemicCircumstanceswith Government

Interventions and SocialFactors

Wenru Wang, Marcelo Freitas, Fabricia Silva da Rosa, Miklos AVasarhelyi

JMethodology

We incorporatethe theory of SystemDynamicsto under
standthe interactionsof pandemicoutcomesgsocialfactors,
and governmentinterventions,and we constructa dynamic
modelto predictandvisualizethe possibleoutcomesf gow-
ernmentinterventions The theory of SystemDynamics,"the
scienceof feedbackbehaviorin social systems,"was pro-
posedby JayForrestein 1961

Figure 1 presentsa basic SEIR (Susceptibl®é Exposed
Infectiou® Recovered) model to illustrate the spreadof
COVID-19 amonga large populationand how the popula
tion amountof thefour stagesievelopfrom oneto another

We then expandthe basic SEIR model andinclude govern
mentinterventionsand socialfactorsto observethe possible
outcomesof the newly introducedparametersFigure 2 pre-
sentsthe expandedlynamicmodel

Figure 2
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Continuous Monitoring and Audit Methodologyfor
Medication Procurement

Wenru Wang and Miklos A. Vasarhelyi

Intr lon

Governments oflifferentcountries and regions
have beemevoting to fight the ongoin@€OVID
-19 pandemic with various policies ainter-
ventions Someof the policiesinclude financial
supports For example,the CARES Act in the
United States establishedthe US$150 hillion
CoronavirusRelief Fundfor stateandlocal gov-
ernments(US Treasury,2020. Brazil also an
nouncedeconomicstimulus packagevith US$
17.5 billion financial supportto states However,
the currentprocuremensystemdoesnot ensure
the efficiency of the procurementsData quality
and procurementwastesare someof the issues
that exist in current governmentprocurement
The governmentperformsexternalauditsannu
ally, long after most of the procurementvastes
anddataerrorshaveoccurred

ResearchQuestion

How canpossibleabusesandwastesin the gov-
ernmentprocuremenbe efficiently detected?

Figure 1
Data Pre-processing
n Extract Records
a Data Cleaning
Figure 2
Exceptions - Medications over R$2,000,000 total value alarm-2017
emergency
purchases

Ma.. Item Name (standard) Description (Standard)

AVULSA

205,718,940

Column A: Total Acquisit.. Column B: Average Unit ..

Medications over R$2,000,000 unit price alarm

Material Code / Item Name (standard)

®
—_
y

—_—h

a
12.25

Unit Value

217

@ Purchase Pattern

cC. I 16.400,000 0.41
M 4,231,718

A.. |l 3,630,217

M 3,555,456

TA.. [l 3,545,250

B 3,297,540

B 3,155,962

W 2,935,223

asopl.. [} 2,774,536
MLl 2 669 204

Methodology

With the partnershipof one Brazilian City hall, we analyze
over 40,000 governmenprocuremeninedicaldatapoints We
proposea continuousaudit methodologythat helpsinternal
auditors monitor and analyze governmentprocurementdata
onamoretimely basis

Figurel present®ouroverallresearchlesign

We first preprocesghe procurementdata, so that they will
be readyfor further analysis Throughtotal value rankingin
step two and unit value comparisonin step three, certain
alarmswill betriggeredandsendto the auditors The alarms
including medicinesof high total purchasevaluesand the
alarmsnotify auditorsto investigateon thesemedications
we generatea monitoringdashboardt stepfour for auditors
to easilyview alarmsandcantracebackto questionablgro-
curementecords

Main Results

Figure 2 presentghe final productof
the continuous monitoring dash
board With the dashboardauditors
could identify and trace back the
guestionable procurement records
that have either greattotal values,or
higherunit prices

The methodology also incorporates
text mining techniquesso that inter-
nal auditorscould comparethe pro-
curementrecordswith federal cata
log to further find price savingsop-
portunities

STEP FOUR

Unit Value

Total Value Ranking Comparison

(Medication, Hospital,

Supplier) = Horizontal Comparison

Monitoring dashboard - 2017

Total Acquisition Value of All
Organizations

0.24
223
0.0
0.90
0.03
0.06
0.26
15.64
16.19

9% of Total Total Acquisition Value

Total Acquisition Values of All
Suppliers

9% of Total Total Acquisition Value

Monitoring Dashboard

= Vertical Comparison A Exception and
Anomaly Alerts
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Improve Text-Readabllity on Cybersecurity Disclosure:
A Socilal NetworkApproach

Hongmin W. Du

r rity R i

This work is motivatedby researchssuesdentified in increasingoccurrence

andcostof cybersecurityrisksin accountingandfinancial applications Many 4
firms anduserstoday(especiallyin the currentpandemicCOVID-19) heavily document 1 ” ts’ document 2
rely on cybertechnologyto conductessentiabusinesoperationge.g. online ‘Obama’ gr‘cc 3

bank transactionefiling of 10-K,tax documentsgtc) In suchwide use of Obama IR / The
cybertechnologyfor accountingandfinancial application,cybersecuritypre- speaks ‘\. R 0 Progtdent
sentsseriousthreatsand risks to US capital marketas statedjthe investing ‘President’ SpEaKs

public andthe U.S. economydependon the securityandreliability of infor- o ' greets
mationand communicationsechnologysystemsandnetworks(Commission the the
Statementand Guidanceon Public CompanyCybersecurityDisclosures,17 . ‘C'hi : 32
CFR Part229 and 249 [ReleaseNos 3310459 34-82746). In February media ( h'.mg“ - o Press
2018 the Securitiesand ExchangeCommission(SEC)issueda guidancere- in ‘4 media In
quiring public firms to file disclosureobligationsunderexistingregulationre- Illinois 2 .‘j". Chicago
gardingcybersecurityisk andincidents “IHlinois’ press

The main concerngissues)of suchguidanceare asfollows: (1) It is not ob- >
jective rule (no quantitativecybersecuritystandards)insteadjust askcompa word2vec embedding

nies to provide subjectivedescriptions (2) It hasbeenarguedby usersthat
usefulnessof lacking of informative boilerplate Thus, the information pro-
vided in cybersecuritydisclosureis descriptive,for which, the readabilityis
an importantproblem Thereexist two issuescloselyrelatedto this problem
in theliterature

Figure1l: Word Mover Distance The word moverdistancels onemeasurdo be usedto cal
culatethe similarity betweentwo words The word will be graphedbasedon a chosendis-
tance measurementvhich is not limited to only the Word Mover Distance We will test
which distancaneasurgrovidesuswith the bestresultsin contentanalysis

Text ContentAnalysis

Contentanalysign finance and accounting domaiimsto objectively identify the word conveydy descriptive (qualitative) information to explore the associations of
market reactions with such subjective information via quantifying document tones/levels. The 1st pioneeringjpapétaively examinéhe interactions betwedhe
media and the stock market via daily text content from WSJ (Abreast of the Market) column on US stock market rgicesemedby Dr. Paul C.Tetlockin 2007,in
which a text factor was constructieglstudying the pessimistic words (using Harvifell psychosocial dictionary) in news (WSJ column) aisthvlelinear regression
tests was designed for the predictive capability of the text factor (i.e. using these negative words to researchduiacamaffectthe stock market.)

Many similar works tostudythe association of capital market forecast with the tone of the subjective financial neasdcaretedy researchers in accounting and finance
(Jegadeesh et al. 20T&tlocketal. 2008, Schumaker et al. 2012). Schumaker designed a financiadurtievespredictiorartifice (Arizona Financiallext (AZFinText)) for
this study.Loughran andicDonald(2011)create a comprehensive dictionary (LM lisdm10-K reports andliscoverthat the negative word list captures the tofi€)

-K reports bettethanthe HarvardlV-4 list. Severahlternative classifiers (e.qaiveBayes and vector distance) are asgaptedn content analysit extract investors
messageandopinions from social mediaosts.

Measuring Text Readability SocialNetwork Approach

In accountingand finance literature, extensiveworks study the definition  In this paper,we proposea new approacha socialnetworkapproachwhich emphasizesn
andmeasuremendf readability(LoughranandMcDonald2016.Theessen  word classification A socialnetworkapproachWefirst introducea distancebetweenwords,
tial issueis aboutwhat is meantby the conceptin the contextof business which reflectsthe meaningof the words the shorterthe distances, the closerthe meaning
writing (Loughranand McDonald2016. The popularized/simpleeadabd  Using a word list for accountingandfinance,we then constructa socialnetwork with the
ity measurefFog Index may be not suitableand usefulfor accountingand distancedetweeneachword. Figurel showsanexamplehow it would look. Then, we use
financialdocumentsuchascybersecuritydisclosuresMDA disclosureau- an existingalgorithmto partition the social networkinto communities Eachcommu  nity
diting files, etc(Li 2008. would consistof wordswith closemeaning

Therefore the problemof how to definebetterreadabilityto moreprecisely Next, we may employregressiommodelto establishweighting of eachcommunityin rela

reflect the actualcomprehensiomprocesss further addressean the litera  tionshipwith stockmarket The advantagef this approacthastwo fold. Thefirst is thatthe

ture Loughranand McDonald (2014 conducteda large sampleof 66,707 numberof communitiesis muchsmallerthanthe numberof words,andhencecontentanatl

annualreportsempirical researchio show that the Fog Index is a poorly  ysis canbe simplified. The secondis that wordsin the samecommunitywould influence

specifiedreadabilitymeasuravhenusedin financial accounting stock marketsimilarly. Accumulatingsuch an influencetogethercould makeit to be ob-
servedeasily

Methodology

Torealizeouridea,we would meetseverakchallengesandemploysomemethodologieso them

Choiceof Word Distance Thereexistseveraldistance®f wordsin theliterature,suchasthe Levenshteirdistancethe Damerau
Levenshteirdistance the longestcommonsubsequencéhe Jarodistance andthe Hammingdistance Which oneis moresuita
ble for our purpose e needto establisha methodto give a comparison

Choiceof Algorithmfor CommunityPartition: Thereexist manyalgorithmsfor comrmunity partition Clearly, we would consid
er one basedon connectionswhich still hasmany choices Therefore,we also needto establisha methodto comparethem T E R
Choosingoneof thealgorithmsis oneof the Fromcomparisonselecta suitable
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Predicting the Discontinuity of Non-Profit
Organizations using the MachineLearning Approach

Xinxin Wang, HeejaelLee andRichard Dull

Intr ion

7 In the United States,NPO is usually definedas
the organizationgrantedthe tax-exemptstatusby
the Internal Revenue Service (IRS). Organiza
tions are tax-exemptif they meet the require
mentsof Internal RevenueCode Section501(c)
(3). For accountabilityand transparencypurpos
es, IRS required NPOs that have grossreceipts
that are greaterthanor equalto $200,000 or
$500,000in total assetgo fill form 990 annually
(InternalRevenueService,2019.

7 According to IRS, if the organizationis facing
situationssuch as Liquidation, Termination,Dis-
solution, or Significant Disposition of Assets,it
meansthat NPO is having discontinuity issues
andshouldfile ScheduleN of form 990 (Internal
RevenueService,2020.

Data and Methodoloqi

1 IRS startedelectronicfiling Form 990 since 2011
and made the data from over 1,000000 E-filing
Form 990 is availablefor everyonethrough Ama-
zon Web Services Wu and Dull (n.d.) developeda
databasehat transfersthe unstructureddatato a
usefulformatfor analysis

s The whole datasetcontained Form 990 E-filing
from the tax year 2012 to the tax year 2015 The
original datasetontainednorethan1,000000rec
ordsandmorethan 660 attributes In this research,
we will selectthe attributesrelatedto financial in-
formation and using the feature selectionto find
the mostimportantfinancial indicator for the NPO
discontinuity (financial distress/vulnerability, li-
quidity, andsolvency)

1 DataPreprocessingnd VariablesSelection(Table

Preliminary Results

v DescriptiveAnalysis

After combining the datafrom 2012 to 2015
we getthefinal recordof 621,899 which includes
447596 dataasthe training setand 174,303 as of
the testset Thesearethe organizationdiled Form
990 and have continuousrecordsin the database
In addition, we removethe duplicationand miss
ing valuesfrom the dataset The final training da
tasetcontainsdataentry, and the ultimate test set
containd 63829 records It is worth noticing that
this dataseis imbalanceddatg the costassociated
classifiermight work betterin this situation

1 Machine Learning Classification

In this section,we appliedfive different classt
fiers in our training setandcomparedhe result

v Non-profit organizationswork as public service 1) of different algorithmsand then apply the best
providersand deservea healthierfinancial envi in the test set Due to the imbalanceddataset,
ronment It is importantfor the economicand so- we will apply the costsensitive classifier and
keepservingthe peopleandthe country Todo so, five different machinelearningalgorithms,Na-
|dent|fy|_ng thefflna.nmalqhal_lengesandthe_ cause ive Bayes(NB), BayesianNetwork (BBN), Lo-
?f the ]fltr;]qnmal dl_sl_%ontmwty?:; NPtQSt')S the gistic Linear Regression(LLR), Decision Tree
ocusof this paper Theresearchlguestionbe- ing ’
what are the signs of NPOs' discontinuity by (DT%' Fnd_l?andomF(t)ras]té_REl). 2T he resultsof
examiningthe Form990database R ol

Tablel - VariableSelection

Figure I RegressioiModel
Figure 2 CorrelationTable
conclusion

Table2 - ClassificationResults: This studyfound the informationfrom Form 990 tax
filing of the NPOs can differentiatea patternthat im-

plies the discontinuityof NPOs Innovatively, we creat

ed new variablesbasedon the necessarynformation of

form 990 that would provide good prediction of the
NPO bankruptcy This paperapplied five different su-

pervisedmachinelearning algorithmsto find the best
classification method, the results that Random Forest
wasthe mosteffective onefor the classification For fu-

ture researchthe authorwould like to expandthe data

baseto include at leastthree yearsof data previously
The financial ratios would also be someimportant fi-

nancialindicatorsto look into.
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