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Introduction

Background

The PCAOB proposes28 potentialAudit Quality In-
dicators(AQIs). However,mostof theAQIs proposed
by the PCAOB areproprietaryto audit firms andare
not publicly accessible,complicatingefforts to col-
lect,analyze,andstudyAQI (PCAOB2015).

To facilitate AQI research,the PCAOB has encour-
agedacademiato deriveAQIs from public sourcein-
formation and to identify which of theseindicators
arethe most informativeandpredictivein evaluating
auditquality (PCAOB2013a; PCAOB2015).

ResearchObjectives

1. Identify IAQIs, which are theory-driven audit-
relatedvariablesthat arethe mostpredictiveof au-
dit failure.

2. AggregateIAQIs into predictive audit quality in-
dexesthatcanredflag potentialauditfailures.

Main Results

Table1 presentsthe11 audit-relatedvari-
ablesthatwe identify asIAQIs aftervali-
dating their predictive power for audit
failure.

Our resultsshowthat audit engagements
with higherPAQIs aresignificantly more
likely to have actualMARs when other
factors are controlled. Specifically, a 1-
point increasein the PAQI increasesthe
odds of having an actual MAR by 1.51
times.

Methodology

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

Basedon prior literature,we usematerialrestatementsof annualre-
portsasaproxyfor auditfailure.

Figure1 presentsouroverallresearchdesign. To identify IAQIs, we
perform FeatureSubsetSelection(FSS) using five popular ma-
chine learningalgorithmsto selecta subsetof ARVs that canbest
predictMAR.

Then,we assessthe predictivepowerof IAQI by inputting IAQIs
into multiple machinelearning algorithmsto predict MAR via a
Cost-Sensitive Learning (CSL) and Rolling-Window Prediction
(RWP)mechanism.

In aggregatingIAQIs into PAQI, we first selectthe algorithmwith
the best overall predictive ability; then, we input IAQIs into the
chosenalgorithm to obtain probability prediction via CSL and
RWP; lastly,werescaletheprobabilitypredictionto obtainPAQI.

Figure 1



ResearchQuestions:

RQ1: Are the layoffs in IT firms during the COVID-19 pandemic associated with their darknet market exposures  

(i.e., the number of firm-related information posted in the darknetmarket)?

RQ2: After massive layoffs, do IT firms have more cybersecurity disclosure while experiencing an increase in darknet marketexposure?

Layoff and Darknet Market Exposure

To understand how layoff in an IT firm affects its cybersecurity environment, this  

study examines whether the darknet market exposure of the firm increases after the  

layoff. In essence, the purpose of the study is to examine the prevailing manage-

mentôs assertion that the cybersecurity function of its firm is well maintained even  

after the mass layoff. Our results indicate that the darknet market exposure signifi-

cantly increases after a certain period, which is shown to be approximately 45 days  

from our analysis. Further, we perform textual analysis to categorize the darknet  

market posts regarding 1,416 firms (527 layoff firms and 889 hiring firms) and ex-

amine whether the type of information traded in the darknet market differs after

layoff or hiring. In specific, we conduct a Latent Dirichlet Allocation (LDA) Topic  

Modeling to understand the representative topics discussed in the posts and measure  

the amount of discussion on certaintopics

Our result, derived from both logistic regression analysis and textual analysis, sug-

gests that recent layoff increases the firmôs darknet market exposure, specifically fo-

cused on sensitive PII and telecommunication information. The result triggersan

alert that layoff firms are lacking the capability to secure sensitive information  

where such leakage can lead to material litigation risk and being more vulnerable to  

threats related to the remote workingenvironment.

Cybersecurity Reporting and Darknet Market Exposure

We comparetheamountof disclosurerelatedto securitybreachbetween

layoff firms andhiring firms. Similar to our analysison thetypeof infor-

mationtradedin thedarknetmarket,we classifythecybersecuritydisclo-

suresinto six differenttypes: SecurityBreach,SecurityOversight,Third-

partyRisk,RegulationCompliance,Virtual Work Environment,and

COVID-19 Security Issue (see Table 6). Our analysis aims to examine  

whether firms communicate darknet market exposure in their cybersecurity  

disclosures.

Compared to hiring firms, layoff firms disclose less information about the  

security breach and more information about regulation compliance. Nota-

bly, only approximately 15.4% of layoff firmsô cybersecurity disclosures are  

related to the remote working environment. We have also manuallyexam-

ined the disclosures related to the security breach for hiring firms. We find  

that hiring firms are providing relatively higher amount ofinformation

about the data exposed (Topic 1 ïSecurity Breach) in the darknet market  

compared to layoff firms.

The Impact of Mass Layoffs in IT Firms on Cybersecurity:  

Evidence from the Darknet Market

Arion Cheong, Michael Alles, Soohyun Cho, Won Gyun No, Miklos A. Vasarhelyi

Conclusion

This paper discusses the impact of layoff on IT firmsô darknet market exposures. From our analysis, we find that IT firms that  

layoff during the COVID-19 pandemic have experienced a significant increase in darknet market exposure. Furthermore, our  

results reveal that layoff firms do not provide a sufficient amount of disclosures corresponding to the increased darknet market  

exposure. Most importantly, our findings inform that layoff firms are lacking the capability to sustain security for theremote

working environment. Our analysis alerts firms that sensitive information, including employee credentials and PII, are publicly  

traded in the darknetmarket.
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Categories of Contents of Darknet Market Posts  
(Observations: 527 Layoff firms and 889 Hiring firms)

Pair-wised t-test (t-
statistic /p-value)

(-60,+60)

Type of Information Keywords Layoff Hiring

Type1 PaymentInformation Credit, Card, Carders, Verified,Malware
4.563  

(0.000*** )
5.921  

(0.000*** )

Type2 Company-ownedDevices
Renegade, Mobile, Version, Machine,  
Password

-6.481  
(0.000*** )

-8.380  
(0.000*** )

Type3 PersonalInformation State, Street, Road, Unit,Blvd
2.717  

(0.006*** )
2.083  

(0.037** )

Type4 Telecommunication Jabber, Telegram, E-mail, Phone,Log
2.757  

(0.006*** )
0.298

(0.765)

Type5 HackingService Password, Hash, Salt, Checker,Service
-2.949  

(0.003*** )
-0.638
(0.494)

Type6 FinancialInformation Info, Balance, Track, Transfer,Chase
0.236

(0.812)
1.208

(0.227)

Type7 HackingInstruction Carding, Saint, Island, Proxy,Strongbox
0.685

(0.493)
1.326

(0.185)

Type8 HackingTools Carding, Identity, Java, Guide,Tools
0.730

(0.465)
-0.206
(0.836)

Type9 UserCredentials Account, Password, Login, Dump,Paste
0.033

(0.973)
-0.091
(0.926)

Type10 InsiderInformation Manager, Senior, Trade, Info, Private
-1.509
(0.131)

-0.166
(0.867)

Disclosure Classification (with Higher Darknet MarketExposure)

DisclosureTopics Keywords

Topic1 SecurityBreach Breach, Incident, Attack, Event,Current

Topic2 SecurityOversight Audit, Oversight, Board, Director,Report

Topic3 Third-partyRisk Third-party, Security, Risk, Control,Failure

Topic4 RegulationCompliance Data, Regulation, Protection, United,European

Topic5 RemoteWorking Platform, Software, VMware, Solution,Provider

Topic6 Covid-19 SecurityIssue Covid-19, Obligation, Compliance, Provision,Litigation

mailto:arion.cheong@rutgers.edu


Using Supervised Learning Algorithms to Predict Non-

profits DiscontinuedOperation

Chengzhang Wu and Richard B. Dull

Introduction

¶ Nonprofit organizationsplay an importantrole in
economyworldwide. The operationof thoseor-
ganizationsprimarily rely on the donation from
donors. However, the discontinuedoperationof
nonprofit organizationsdue to financial reasons
have brought the problem of unbalancedecono-
my resourceallocation.

¶ Thepredictionof bankruptcyor dissolutionof for

-profit companieshasbeenwidely studiedusing
different data analytic methodologies,and vari-
ousmachinelearningapproacheshavebeeneval-
uated and demonstratedeffective. However, the
prediction of non-profits discontinuedoperation
is still rarelystudied.

¶ 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.

Predicting Factors

¶ The predictorsusedin the current researchare
basedon two prior literature.

¶ First, Howard P. Tuckman and Chang (1991)
identifiesfour criteriausedto indicatethe finan-
cial vulnerability of nonprofits. These criteria
include inadequateequity balances, revenue
concentration,administrativecosts and operat-
ing margins. Thesefour financial variablesare
usedto predict discontinuedoperationsof non-
profit organizations. Thesefour predictorsare
identified as financial vulnerability (FV) set in
this research.

¶ The second source of predictors are derived
from William J. Ritchie andKolodinsky (2003)
research. In that study,16 financial performance
measurementratiosusedfor nonprofitsareclas-
sified into four categories. Thesefour categories
are Fiscal Performance(FP), FundraisingEffi -
ciency (FE), Public Support (PS) and Invest-
mentPerformanceandConcentration(IPC).

Conclusion and Discussion

¶ The highestAUC value is achievedunderALL groupusingRandomForest. This indicatesthat amongall the
six algorithms,RandomForestgeneratesthebetterperformance.

¶ All the five sets of financial ratios together is more effective at predicting nonprofits discontinuedoperation.

¶ The performanceof different algorithmsstaysrelatively stablewith the incrementof positive to falsenegative
costratio. Overall, the predictionof nonprofitsdiscontinuedoperationis not sensitiveto the changeof positive
to falsenegativecostratio.

¶ This studyprovidesaneffectivemodelthatutilize thepublicly availabledatain Form990to predicttheir disso-
lution. Eventhoughclosureof nonprofitsis primarily dueto completionof missionstatement,the resultof this
studyshowsthat thefinancialfactoralsoplaysanimportantpart in theprocessof nonprofitsdissolution.

Evaluation Metrics

¶ When the binary classificationpredictionmodel is
appliedon test set, four categoriesof resultscould
comeout: TruePositive,FalsePositive,TrueNega-
tive and FalseNegative. The following confusion
matrix depictsthesefour outcomes.

¶ Based on the matrix, there are several measure-
mentscan be usedto evaluatethe performanceof
eachalgorithm(listed in the following table). Con-
sidering the imbalancednatureof the population,
this study usesAUC to evaluatehow effective is
the trained model perform on test set. The closer
to1, thebettertheperformance.

ResearchQuestions

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

¶ RQ2: In the groupof predictorsusedin this study,
which setof variablescanbeusedto getbetterpre-
diction results?

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

Data Collection

¶ This studyusesa Form 990 database,which con-
tains all the e-filings from 2011 to 2018. SQL is
usedto a queryin theForm990datato list theall
the unique recordsthat indicated terminationof
operationandtheyearof termination.

¶ The numberof nonprofitsthat discontinuedoper-
ation in 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
themodel.

¶ The study usesunder samplingtechniqueto ad-
dressthe imbalancedtraining set. In the training
set,831 recordsthat indicatediscontinuedopera-
tion in electronically filed Form 990. The other
831 recordsthat do not indicatediscontinuedop-
eration are randomly selected. The final training
setusedin this studyincludes1662records.

Results



Government Contracts To Blockchain  

Based Smart Contracts

Eid Alotaibi and HusseinIssa

Smart -Contracts to Compliance

Audits

Thetremendousamountof spendingon differentgov-
ernmentalprojectsassociatedwith questionableover-
sight is a big concernof the citizens. Auditors havea
public duty to ensurethat the agencies'spendingis
accurateandpublic resourcesaresecure,but thereare
manychallenges. This study'smotivation is that gov-
ernmentauditorsfacemorecritical approachesto 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 moreparties. TheBlockchainis
a verifiable andsecureway of managingthe records
where no one can make the changein a document
without theprior authorityof 50% or moreof partici-
pates. The infrastructure of Blockchain provides
smartcontractsanddistributedledgersto application
users. Smartcontractsaretranslatingtherequirements
of an agreementto the Blockchain, and smart con-
tractsautomaticallyexecutethe agreementupon ful-
fillment of the requirements. The Blockchainsystem
and its smartcontractscan contributeto automating
complianceauditsand increasetest to all of the gov-
ernmentagenciescontracts'or nearly90%. The con-
tribution of this studyis to developa conceptualmod-
el for the governmentalcomplianceaudit in the do-
main of accountingandauditing literature. Also, this
study demonstratesthe processof testing the pro-
posedframework.

The Framework

The frameworkof this studyautomatescompliance
auditsusingsmartcontractsthatwould continuously
enforcethe eventsof a contractand flag any viola-
tions. Therefore, the systemblocks and alerts of
eventsthat do not meet the identified rules rather
than relying on after the fact concept. The system
alsocanautomatetheprocessof contractinganden-
ablesreal-time controlsto havea systematiccompli-
anceaudit. Sincewe areexaminingthe compliance
of regulationsandrulesfor contracts,theframework
combinesthree main componentsof any govern-
mentcontracts. The first componentconsistsof two
main processes. The first processis the contracting
processwhich shows the processof how govern-
mentagencieschoosetheir contractors. The second
processis purchaseprocesswhich demonstratethe
steps from ordering to invoicing. In the second
component,contractingprocessand purchasepro-
cessare combinedas a standardsmartcontractus-
ing the Resources-Events-Agents model. The third
componentof our framework, active enforcement,
basicallyensuresthat regularactivitiescomplywith
prescribedprocessflows. The first componentof
our framework understandsthe governmentpro-
curementprocessesandpurchaseorderprocessesin
1st figure below. The 2nd figure is the secondcom-
ponent of the framework showing the active en-
forcementprocessto performcomplianceaudits,ba-
sically ensuringthat regularactivities comply with
prescribedprocessflows.

What
ïUsing Smart-contracts in blockchain as an automatic  

method used to perform complianceaudit.

Why
ïAutomating data verification in real time

ïMonitoring control automatically on a more frequent  
basis

ïEnabling auditors to extract audit evidences from one  
source

How
The approach consists of threesteps:

1.Describe the core concepts and features of smart-
contracts

2.Proposed a blockchain based smart-contracts frame-
work to automate complianceaudits

3.Test our framework by performing compliance audits  
to a purchaseorder



Privacy Policy Disclosure Differences based on Industry

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

Background

Nowadays, privacy is an increasingly important  

topic. However, there is still a limited numberof
researches regarding privacy policy analysis.The

privacy policy of the companies shows how they  

deal with privacy problems. Different privacy pol-

icies show us whether companies pay attention to  

each privacy issue and their different methods to  

handle this issue.

This study aims to investigate the differences in  

privacy disclosures as well as the reasons. We will  

first measure the contents which are disclosedin

their privacy policy. Then, we will do furtheranal-

yses based on their firm size, industry, and soon.
Our goal is to find out whatôs the mostinfluential

features that affect the privacy policiesôcontents.

Preliminary Results

DescriptiveAnalysis

¶ In termsof small and micro companies,in-
formation companiestend to havea privacy
policy comparedwith financeand insurance
companies.

¶ The largera companyis, the higherpossibil-
ity that it will havea completeprivacy poli-
cy

¶ Most companieshavea privacypolicy; how-
ever, only small proportion of companies
haveseparatecookiepolicies.

¶ Small companiesare reluctant to disclose
how dataareretained.

Methodology

First, we gathered the companyôs website from  

Compustat.

Second, we refer to the existing literature and add  

some new variables to define the variables of policy  

content we will use.

Third, we collect the privacy and cookie policies  

from the companiesô websites and manually labela  

smallsample.

Fourth, we extract the keywords for each variable  

based on our labeled dataset. Then, we apply them  

to a larger dataset to label the largedataset.

Finally, we test the relationship between variables  

representing the policy content and variables from  

other variables of the firms, not related to policy.As  

a result, we can explain what are the mostinfluen-

tial factors to a companyôs privacypolicy.



Application of Interactive Visualization  

on Internal Tax Database

Heejae (Erica) Lee and Miklos Vasarhelyi

Background

Due to significant increaseboth in volumeandcom-
plexity of businesstransactions,it becomesmore
challengingto utilize accountingdata to makeopti-
mal businessdecisions. Many practitionersand re-
searchersin the accountingfield haverecognizedin-
teractivedatavisualizationas a powerful tool to im-
prove understandingof data and its patterns,trends
and relationships. In this research,we conducteda
casestudyof implementinginteractivedatavisualiza-
tion in thefirmôsinternaltax database. Thepapercan
extendthe continuousmonitoringandauditing litera-
tureto taxcomplianceperspectives.

Scope

There are three different scopes in the casestudy.

¶ Improvedataintegrity of theinternaltax database
system(ex. missingmandatoryfields)

¶ Examinethetrendof transactionvalue,tax value,
and exemptvalue (yearly or monthly level) by
variousdimensions

¶ Provide trend alert to detect abnormal transac-
tionsto theusers.

Case

We implementedcontinuousmonitoring and dataana-
lytic layer on the top of the internal tax databaseof a
global informationandanalytic company. The compa-
ny hasthreedifferent database. We createda consoli-
dated view of three databasefor data analytics. The
firm expectsto improve the efficiency and effective-
nessby ensuringindirect tax complianceacrossall ge-
ographiestherebyhelpingmitigatethe risk of penalties
and reputationalrisk of the companyby adding data
visualization layer in their system. We used Tableau
desktopsoftware to createdashboardsand visualiza-
tions.

Scope 1: DataIntegrity

Scope 3: TrendAlert

Data Descriptions

Total 6,626,747transactionsreportedin 2018wereusedto createdashboardsand
visualizations. While 80% of transactionswere in US dollars, therewere trans-
actionsin other currenciesincluding Pound(11%), Euro (6.6%) and Japanese
Yen(1%). We joined the transactiondatafile with currencytableusingcurrency
codeto getbetterview of trendanalysis. Specifically,we usedmonthendcurren-
cy units per dollar to calculatetransactionsvolume of eachtransactionsin US
dollar.

Averagetransactionsvaluewas$850pertransactionandaveragetax valuewas
$9.48 pertransaction. Around33% of thetransactionsweretax exempt. If we ex-
cludedtax exempttransactions,theaveragetax valuewas$14.95. Their products
and serviceswere billed and shippedto more than 200 countriesaround the
world.

Scope 2: Trend Analysis

Users can see how many records have a missing  

value for certain mandatoryfields.

They also get access to the original data with in-

teractivityfeatures.

Users can see trend of Top N countries in terms  

of transactions, tax, and exemptvalues.

Userswill bealertedif thereis any transactions

billed to thecountrytheyôveneverhadantrans-

actionbefore,so that theycanexaminewhether

tax valuewasproperlycharged.

Database1 Database2 Database3

# of Transactions 660,710 3,439,324 2,526,713

Avg Trans Value $4,681 $256 $655

Avg Tax Value $27.47 $2.28 $15.53

Avg Exempt Value $1,407 $166 $285



Reading between the lines: A MachineLearning  

Approach to Fraud Risk Assessments

Ivy Munoko, SooHyun Cho and HelenBrown-Liburd

ResearchProblem

¶ Fraudrisk assessmentis challengingfor exter-
nal auditorsdueto its complexity,andthe fact
that externalauditorsareusually the outsiders
looking in.

¶ Fraud schemes are usually complex and
evolving, with their impact far-reaching.The
Association of Certified Fraud Examiners
(ACFE 2018) approximatesthat companies
lose5 percentof revenuesto fraud. By exten-
sion, fraud alsoimpactsshareholders,thecap-
ital markets,and the public, resulting in eco-
nomic losses(Hogan,Rezaee,Riley, and Ve-
lury 2008).

¶ The traditional rule-basedapproachto fraud
risk assessment, which relies on pre-
programmedrules (e.g., checklists),hasprov-
en to be not very effective in detectingfraud
risks (Hogan et al. 2008; Asare and Wright
2004). Acrossresearchaboutfraud risk detec-
tion, a commonconclusionis that there is a
need for innovative ways for fraud evalua-
tions(Dormineyet al. 2012).

Methodology

¶ The first stepinvolved theextractionof fea-
tures for the emails, including the senti-
mentsscoresof emails,topics discussedin
the emails and communicationpatternsof
the senders. Theseextractedfeatureswere
usedto developmachinelearningmodelsto
predictñhighriskemailsò(seeFigure1)

Findings

¶ Of the 4,601 emailsflaggedby the machine
leaning models, a third of these flagged
high-risk emails originated from only 31
email addresses. In examiningthe high-risk
emails associatedwith the 31 email ad-
dresses,flaggeddepartmentsincludedGov-
ernment/RegulatoryAffairs, Internal and
External Communicationsdepartment,and
Legal/Contracts(seeFigure2).

¶ The useof a fraud risk assessmentdecision
aid, such as the one detailedin this paper,
can be a vital aid in supportingauditorsin
determiningwhere higher fraud risks exist
for their clients.

Figure1 Figure2

Approach

¶ This paper demonstratesthe use of machine
learningfor detectingfraud red flags usingcor-
porate communication. This analysis is per-
formed on an aggregatedlevel, to provide the
externalauditorwith a fraud risk profile for an
organizationandits departments.

¶ Thesefraud risk profiles are not only corrobo-
rative evidence to support quantitative infor-
mationbut arealsoattentiondirectingaidsthat
can point auditorsto areasthat they may miss
whenusinga traditionalauditapproachto fraud
risk assessments.

¶ Using an public email datasetof a factualcom-
pany,we combineboth establishedfraud theo-
ries andmachinelearningtechniques,to devel-
op an automatedframeworkthat aidsfraud risk
assessments. To validate the framework, we
conductanexperimentwith anexpertpaneland
find that forensicsexpertswho are also CPAs
expressfraud risk assessmentsconsistentwith
our framework.



Integration of ProcessMining

and Blockchain for ContinuousAssurance

Jumi Kim and Miklos A. Vasarhelyi

ProcessMining

¶ Processmining is a techniqueto extract know-
ledgefrom eventlogs to discover,monitor,andim-
provebusinessprocesses,whereasan event log is
a chronologicalrecordof computersystemactivi-
tieswhich aresavedto a file on thesystem(vander
Aalst et al., 2010; 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
addsvaluewhenappliedto an audit. Processmin-
ing enablesauditors: (1) to conductentire popula-
tion auditing analysis rather than the sampling
method; (2) to practiceindependentauditswith me-
ta-data; (3) to effectively implementan audit risk
modelby conductingthe requiredwalk-throughsof
businessprocesseswith processmining.

¶ Caron,F., Vanthienen,J., Baesens,B. (2013) pro-
poseda rule-basedcompliance checking process
mining approachwhere authors incorporatedthe
businessprovenance,regulation, directives, and
businessrulesin theprocessmining analysis.

¶ Threemain interestsfor compliancechecking: (1)
processdiscoveryand visualization; (2) conform-
ance checking and delta analysis; (3) rule-based
processmining (Caron,F etal., 2013).

¶ Alrefai, A. (2019) proposed to implement a
ñcontinuous monitoring layer using rule-based
processmining techniquesòwhich allows auditors
to detectviolationsin real-time.

Integration of Process Mining and

Blockchain for ContinuousAssurance

¶ Dai, J et al. (2017) proposeda blockchain-basedcon-
tinuousassurancewith the integrationof smartcon-
tract. The proposedaudit paradigm consists of a
physicalworld anda mirror world. The mirror world
consistsof blockchain,smart control, and payment
layer.

¶ The proposedframeworkemploystheñsmartcontrol
layerò,wheremanagersand auditorswould program
the firm specific-controlprotocolsinto smartcontract
which enablemonitoringof businessprocesses(Dai,
J et al., 2017). The frameworkdisplayshow process
mining technology can facilitate and improve the
blockchain-basedcontinuousassurance.

¶ The framework startswith an ERP systemwhere a
transactionis recordedin terms of debit and credit.
This transactionis then recordedin the blockchain
through smart contract. For example,in a P2P pro-
cess,a smartcontractverifies thebalancein thecom-
pany'saccount. If thebalanceis greaterthanthe total
costof goodsordered,the suppliersendsinventories.
Upon goodsreceipt, the companymatchesthe pur-
chaseorder, invoice, and receipt. If matched,smart
contractautomaticallytransfersmoneyfrom thecom-
pany's account to the supplier's account, and the
transactionis appendedto theblockchainledger.

¶ Event log is extractedfrom the blockchain ledger.
The event log entersinto the smartcontrol layer. In
the smartcontrol layer, processmining will discover
a processmodelreflectingthereality, conformthere-
ality with the processmodel, and checkthe process
properties. Processmining will determinethe deviat-
ed processesfrom the discoveredmodelandthe vio-
latedprocessesfrom thepre-definedrules.

¶ Rules include regulations,businessprovenance,di-
rectives,businessrules,internalcontrols,andetc.

¶ An auditor will investigatedeviationsand violations
and will further determinetruly violated processes
andacceptableprocesses(true positive) for the flexi-
bility of business. The information from the result
will enhancethe processmodel and refine the rules.
The truly violated processeswill be reported to a
managerasthefraudulentactivities.

¶ The information learnedfrom smart control will be
usedto re-engineerthesmartcontract.

Blockchain-Based Continuous Assurance Framework with ProcessMining

Limitations and Future Work

¶ Currentprocessmining researchusesthe datafrom
the ERPsystemand there is softwareavailablefor
eventlog extraction; however,extractingeventlogs
from blockchainhasnotbeenstudiedmuch.

¶ Future investigationsare necessaryto validate the
possibility of the realizationof the proposedframe-
work.

Blockchain and SmartContract

¶ Blockchain is a decentralized,trustless,peer-to-
peernetwork without a third trustedintermediary
(Chris, D., 2017; Duchmann,F., Koschmider,A.,
2019).

¶ The main characteristicsof a blockchainare: (1)
decentralizedand distributed; (2) immutableand
irreversible; (3) near-real-time(Parikh,T., 2018).

¶ Triple -entry accounting is proposedto improve
the reliability of companiesôfinancial statements.
Blockchain is a ñtrustlesstrustòledger, which
couldreplacethereliableintermediaryin the triple
-entry systemproposedby Grigg (2015) (Dai, J.,
& Vasarhelyi,M.A., 2017).

¶ Smart contract was originally proposedby Nick
Szabo(1994) andhasreviveddueto the develop-
ment of blockchain. Smartcontractis definedas
ñacomputerprogramhaving self-verifying, self-
executing,tamper-resistantpropertiesò(Mohanta,
B. K., Panda,S. S., Jena,D., 2018, July).

¶ Smart contract could facilitate ñreliabledata
sharingbetweenbusinesspartiesand continuous
reportingfor shareholders.ò(Dai, Jet al., 2017)

¶ A businesstransactionwill be savedto the ERP
systemand then addedto the blockchain if the
transactionsatisfiesthe conditionsin a smartcon-
tract. Thestateof the transactionwill beautomati-
cally updatedin thedistributedledgersandavaila-
ble to permissionedparticipants.



Big Data in Audit Acceptanceand  

ContinuanceDecision
Danyang (Kathy) Wei, Qiao Li, Miklos A. Vasarhelyi

Background

¶ Adequatelyunderstandingan entity and its envi-
ronment is important in making audit acceptance
andcontinuancedecision.

¶ Big Data containsvaluable information that can
helpauditorsform comprehensiveperceptionabout
aprospectiveclient.

¶ However,somecharacteristicsof Big Data impede
its broadusein audit. Oneis too muchnoisewithin
large scaledata. Auditors tend to lose their focus
and get information overloadwhen handling Big
Data. Theotheroneis thepurposeof Big Datacre-
ation. On the onehand,Big Datais not createdfor
audit but for business-basedpurposes. On theother
hand,audit standardsdo not offer a clearguidance
abouthow to link Big Datawith auditengagement.
Therefore, auditors are less motivated to invest
their limited resourcesin Big Data and take ad-
vantageof it.

¶ Basedon thesefacts,this researchdesignsa frame-
work to provide a way to useBig Data in under-
standinga prospectiveclient for acceptanceand
continuancedecision. The frameworkfirst consid-
ers the aspectsmentionedin audit standardsabout
understandingan entity and its environmentand
categorizesthemwith threemaincomponentsfor a
company including operation, managementsys-
tems,andmanagementpeople. For eachaspect,the
insights that can be generatedfrom Big Data and
thepossibledatasourcesarelisted. Meanwhile,the
expectedjudgment that can be applied with the
supportof Big Datais alsodiscussed.

¶ In addition,a workflow is designedto exhibit how
the framework can helps auditors in client ac-
ceptanceandcontinuancedecision-making.

Framework

¶ Operation

¶ ManagementSystem

¶ ManagementPeople
Workflow

¶ The workflow gives guidanceon how auditorscan use the frame-
work andmaketheacceptanceandcontinuancedecision.

¶ From thecompanyôsperspective,the main task of the management
systemand the managementpeopleis to supportthe operatingpro-
cess. In otherwords,an effectivemanagementsystemanda proper
managementteamcan makesurethe operatingcycle works as ex-
pected. Basedon this point of view, both the managementsystem
and the managementpeoplecontributeto the ultimateoperatingre-
sult. However,a different objectiveof auditorsresultsin a different
startingpoint. To makea wise acceptancedecision,auditorsneedto
know enoughinformationabouttheir prospectiveclient so that they
can comprehensivelyassessthe audit risk. In this case,they would
betterstart from theñresultòstage,which is the operation. The rea-
son is that by knowing about the operatingcondition, auditorscan
betterassesseffectivenessof the managementsystemandsuitability
of themanagementteam.

¶ At theoperationstage,themaingoal is to obtainexpectationson the
financial performanceof the companyand identify potential risks.
Then,auditorscanobservetheeffort madeby thecompanythrough
themanagementsystemandthemanagementpeoplein reducingtheidentifiedrisks. Theassumptionis thatrisks
canbeloweredthroughaneffectivemanagementsystemanda suitablemanagementteam. Theobjectivesareto
find out a reasonableexplanationaboutthedifferencebetweentheexpectationandtheactualconditionin previ-
ous stageand seeif any action is takento reducethe identified risks. Then,auditorsupdatetheir assessment
abouttherisksanddecideif theclient shouldbeacceptedor not.

Introduction

¶ The main purposeof the framework is to illustrate
howBig Datacouldbehelpful in eachaspect.

¶ Theframeworkconsidersauditorsasa generalrelated
party to thecompanysuchasa supplier. All Big Data
discussedin this researchis publicly available and
from this perspective,the information that auditors
areconcernedabouthasno differencefrom a general
relatedparty. Thefiles andinformationthatcanbedi-
rectly obtainedby auditors,such as the prior audit
working paper,arenot includedsinceBig Datais not
helpful in thisarea.

¶ The functionsof Big Dataare twofold: providing in-
formation that auditorscan directly useand translat-
ing thecontentthat requiresspecializedknowledgeto
understandinto auditor-friendly information. For the
first kind of function, Big Data tendsto be financial
datathat auditorsare familiar with, suchas financial
analysisreportsaboutthe industryin Wall StreetJour-
nal. For thesecondone,Big Dataplaysa role thatex-
plainsthe effect of onechangeon the whole industry
or thecompanysothatauditorscouldgenerateexpec-
tationson thereactionof thecompany.

¶ Theñexampleof mattersòcolumnaimsto briefly ex-
plain what the main aspectis throughseveralexam-
plesinsteadof giving a completelist. In practice,au-
ditors will decidewhat mattersfor eachaspectbased
on thecompanyandtheirprofessionaljudgment.

¶ Onepoint that shouldbe emphasizedis 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.



Increasing the Utility of Performance Audit Report:

Using Textual Analytics Tools to Improve the GovernmentReporting

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

Introduction

Motivations

¶ Performanceaudit providesvaluableinformation to the public aboutgovern-
mentprograms,andshowsobjectiveanalysis,findings, andconclusionsof the
audit to users. It is considereda tool for civic participationin monitoring and
improving governmentperformanceandoperations,reducingcosts,facilitating
decisionmaking,andcontributingto publicaccountability.

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

¶ Additionally, eachstatehasits own reportingtemplate. Thereis no standardized
format acrossall states,and someof the reportsare not machine-processable,
which createsdifficulties for usersto systematicallyaccessthe contentsand
comparetheperformance/issuesacrossdifferentgovernmententities.

Objectives

¶ Increase the utility and accessibility of performance audit reports to the general  
public.

¶ Enhance the transparency and accountability of thegovernment.

¶ Establish a standard reporting theme, ensure the reporting complies with GA-
GAS requirements.

¶ Construct a taxonomy specific to the government performanceaudit.

¶ Assess the linguistic features to provide more insights into thereports.

Contributions

¶ By establishinga standardreportingtemplateacrossall states,authoritiescan
geta betterunderstandingof theperformanceaudit reports,gain insight into the
performanceof the governmententities,andcomprehensivelyevaluatethe per-
formanceof theprograms.

¶ Stateauditorscan improvethe risk assessmentandaudit planning,identify the
trendsandmonitortheemergingissueson a nationalandtopical level,andcom-
paresimilarauditissuesandsolutionsfrom otherstates.

Linguistic Analytics Results

¶ New York State discloses the mostinformation.

¶ All four states have a similar amount ofdetails.

¶ Sample reports from California have the highest Flesh reading index and the lowest  
Gunning Fog Index and Dale-Chall Index, indicating these reports are difficult to read  
andcomprehend.

Methodology

Step 1: Identify theRequirements

¶ General Accepted Government Accounting Standards (GAGAS) requires the perfor-
mance audit reports to include the objectives, scope, and methodology of the audit,  
and also the audit results, findings, conclusions, recommendations, internalcontrol
issues,etc.

Step 2: ReportCollection

¶ Reports issued by the states of New York, New Jersey, Arizona, California are script-
ed from individual statesôwebsites

Step 3: ContentExtraction

¶ Document conversion: convert the files (HTML files, PDFs with images, PDFs with-
out images) to a machine-processableformat

¶ Content Extraction: extract relevant content using different techniques  
(BeautifulSoup, Regular Expression, FuzzyMatching).

Step 4:Taxonomy

¶ Identify standard terms and phrases used across thestates

¶ List of terms required by GAGAS

Step 5: LinguisticAnalytics

¶ Length, Specificity, Readability, andComprehensibility

Results

Extraction Results

UniqueTitles GAGAS Terms

Conclusion

¶ This study establishes a framework that can be potentially used for building a standardized reporting template for government  
performance auditreports.

¶ It identifies required reporting elements from GAGAS, retrieves the relevant information from the reports issued by New York,  
New Jersey, Arizona, and California, constructs a taxonomy specific to a performance audit.

¶ This study measures the length, specificity, and readability of the performance reports among states vertically andhorizontally.



VisualAudit: An IntegratedAudit Approach

Lu Zhang, Heejae Lee, Qi Liu

Visual Audit Demo

Goal and Intention Space
It is hard to define how to extract value from a specific process without identifying the  
solutions to solve at the beginning. Normanôs stages of action model stated that, when in-
teracting with physical or virtual objects, humans need to form the ñgoalò and ñintentionò  
at the beginning (Norman, 2016). Roth 2012 explained the interactions betweenhuman
and visualization systems using Normanôs model and further specified the ñgoalò as anill

-defined task, or goal, motivating use of visualization, and the ñintentionò as a well-
defined task, or objective, supporting the goal (Roth,2012).
Our model built on and extended their definitions, creating a goal and intention spacein

which threeñgoalsòasexploratorydataanalysis(EDA), confirmatorydataanalysisgoal
(CDA) andpresentation, andtwoñintentionsòasaudit objectiveandneedsfor visualiza-
tion., areestablishedto guidetheinteractionsbetweenauditorsandthevisualizationsys-
tem.

Visualization SystemSpace
Wedefinedvisualizationsystemspaceasa spaceholdinga setof systemcompo-
nentsandrelationsamongthem,anddescribedthosecomponentsasdata,varset
andvisual,andtheir relationsasdatabeingtransformedinto varsetthroughac-
tionslike importing,calculatinganddatamining, andvarsetbeingmappedto vis-
ual throughactionslike reconfigurationandencoding.
Data is definedastheñdataof interestòconnectedto thevisualizationsystem.
Varsetstandsfor theñvariablesetòthatcontainsvariablesandtheir instances

mapped to graphical entities. Visual, referred to as ñvisualizationò, is defined as a  
graphical representation of data and is made up of graphical objects (Bertin 1967,  

Senay and Ignatius 1994, Wilkinson 1999, Börner et al. 2018), visual variables (Bertin  

1967) and guides (Ward et al.2010).

Interactive Action Space
In visual audit, we created an interactive action space in which auditors communicate  
and interact with the visualization system through interaction techniques (Becker etal.,
1987). Actions taken in the space are dependent on developed audit objectives andneeds

for visualization. Theyareexecutedto facilitate theoperationof eachvisualizationsys-
temcomponent. Basedon previouslydevelopedtaxonomiesrelevantto datapreparation
andinteractiontechniques,weclassifiedinteractiveactionsusedin visualaudit under
threecategoriesasactionsfor datapreparation, actionsfor varsetcreation, andactions

for visualoperation.

Introduction

Using interactive visualizations in accounting information systems can assist us-
ers understand very large sets of financial information. Continuousmonitoring
and continuous auditing increases the value of interactive visualization in an ac-
counting information system context. However, there are only few studiesthat
examine how interactive visualization should be applied in accounting,especial-

ly in auditing.

The aim of the study is to: (1) Examine how interactive visualization can be  
used in auditing and suggest a integrated audit approach for visual audit. (2)  
Demonstrate visual audits using a hospital database with over six million trans-
actionrecords.

The Visual Audit Model

Expertise and Fit
To help auditors design an appropriate visual, we introduced the cognitive fittheories

( Vessey, 1991) into our model and argue that selected visual must provide fit to data and

varset that are selected based on audit objectives , tasks that are motivated by needs for  
visualization, and auditorsô perceptual abilities which are defined asexpertise.

KnowledgeSpace
We created a knowledge space that holds different types of information objects and the  

relations among them occurring in visual audit. The collection of information reaches the  

solid state of knowledge about the audit when it is crystallized (Bertini & Lalanne, 2009)  

and may support the opinion expressed in the auditorôs report. We further classified those  

information objects as finding, insight, hypothesis, and audit evidence. Finding is ade-
tected visual pattern independent from the problem domain (Sacha et al., 2014). Insight is

an interpreted finding using domain knowledge (Chang et al., 2009). A hypothesis formu-

lates an assumption in the audit domain that is subject to CDA and must be generated  

based on the insight and visual analytics may test and reject hypotheses beforesolving
the problem. Audit evidence is prepared based on properly documented insightswhich

corroborate or contradict managementôs assertions regarding the financial statements or  

internal control over financialreporting.



Expected Loan Loss Provisioning Using a Machine  

Learning Approach

Nichole Li and AlexanderKogan

Background

ÅAccounting estimatesare a critical part of financial
statements. Most companiesôfinancial statementsre-
flect accountsor amountsin disclosuresthat require
estimation. Accounting estimatesare pervasivein fi -
nancialstatements,oftensubstantiallyaffectinga com-
panyôsfinancialpositionandresultsof operations

ÅBanksarecrucial for financialstability. Dueto thena-
ture of their assets(i.e. mainly loans)and their finan-
cial structure(i.e. highly leveragedandfinancedlarge-
ly via deposits)they havespecific information asym-
metry problemswith stakeholdersdifferent to those
theymayhavewith share- holders.

ÅEstimatingexpectedLoan Loss Allowance (LLA) in
banksis a critical but alsodifficult problemin account-
ing estimates. The issuehasbecomeof increasingin-
terestto academicsandregulatorswith the FASB and
IASB issuingnewregulationsfor loanimpairment.

ÅHowever,till now, few studieshavelookedat the ap-
plication of machinelearningin managerialsubjective
estimates,especiallyin theLLA . And no publishedre-
searchhasbeendoneto modelandpredict loan losses
usingother typesof machinelearningalgorithmsthan
regressionso far. Therefore,in this paper,I want to fill
in the gap by using multiple machinelearning algo-
rithmsto modelandpredictloanlossesin banks.

Variable Definition

Methodology

Basedon the discussionabove,the managerwould estimateloan loss allow-
anceby predictingfuture loan lossesto be realizedin subsequentperiods. The
accuracyof the predictionwill be assessedby how well the estimatedallow-
ancecapturesactualnet-charge-offs. This ideais consistentwith theaccounting
identity:

WhereLLAt is allowancefor loan lossesat endof t, RECOVt is the amounts
thathavepreviouslybeenchargedoff but arerecoveredduringthis time period,
COt is thegrossamountof all loanschargedoff againsttheLLA losses. Thein-
comestatementeffect is capturedby LLP, the loan loss provisions. Thus, the
precisionof theLLAt is assessedby how well it predictsfuturenetcharge-offs
at t.

Sampleand data

Following Harriset al. (2018), I focuson bankholdingcompanies(BHCs)and
extractaccountingdatafrom regulatoryconsolidatedfinancial statements(FR
Y-9C reports)for the period 1996ï2017. The sampleperiod startsfrom 1996
becauseinformationrequiredfor measuringcertainFR Y-9C variablesis una-
vailablebeforethen.

Measuring Loan Losses

ÅInterestincomeis recognizedover time and is derived
from a yield that includesat leastfour components: the
time-valueof money,expectedloan losses,risk premia,
andeconomicprofit (Harris et al., 2018). Measuringex-
pectedlossesis particularly complex,but the loan loss
allowance and provisions estimatedby managersare
basedin part on a seriesof primary indicators,manyof
which areavailablein public disclosures. So, in this re-
search,I focusedon theseprimary indicatorsbelow in
constructingan alternativesummarymeasureof the ex-
pectedloanlosses.

ÅLoan Balancesand Loan Composition. Characteristics
of the borrower and of the collateral, affect both the
probability of default and the loss-given-default. In my
research,I include the proportionsof the three largest
loan categories: real estate,commercialand industrial
(C&I), andconsumer.

ÅLoanDuration

ÅNonperformingLoans. Loansthat arenot payinginter-
estor principal dueto aborrowerôscredit problemsare
classifiedasnonperformingloans,which includenonac-
crual loans,restructured(troubled)loans,andsomepast-
dueloans.

ÅNet Charge-offs. Net charge-offs (NCOs)aremeasures
of realizedloan lossin a givenperiodandindirectly im-
pactthebalancesheetandincomestatementthroughthe
ALLL andthePLLL

Dependentvariables

To predictthe losses,I want to follow Fillat andMontoriol-Garriga(2010) andconsider
thesumof rolling four quarternetcharge-offs, andaddnon-performingloansat theend
of the rolling-windowôsfourth quarter,which is the dependentvariablein my study. At
time t thelossis measuredas,

whereNPL is Non-performingloans,which aredefinedasloanspastduemorethan90
daysandnonaccrualloans(i.e., loansonwhichabankhasceasedto accrueinterest).

Independentvariables

My independentvariables(predictors)consistof informationalreadyknown at the time
of estimation. Inspiredby Vijayaraghavan(2019), I includetwo setsof independentvari-
ables. Oneset is the bankvariablesthat containsthe characteristicsof the banksthem-
selves. Anothersetcontainstheexogenousenvironmentalvariablesthat reflect themac-
ro-economicfactorsthat may influencethe loan lossestimation. The independentvaria-
blesI wantto includeareshownin thetableabove.

Machine learning algorithms

Basedon prior literature,I want to try five different machinelearningalgorithmsin my
research: Lassoregression,supportvectormachine,randomforest,artificial neuralnet-
worksandgradientboostingmachineto maketheprediction.



Skipper and Stretcher Selection in Audit Analytics

Nuriddin Tojiboyev and AlexKogan

Skipper (Similarity Threshold)

1) Set a maximum similarity threshold for the selectionset

2) Consideroneexceptionat a time, running down the exceptionlist

sortedby suspicionscore. Selectthe exceptionto the selectionif no

similarexceptionalreadyexistsin theselectionset

3) Terminate when selection size is reached, or exception list is fullycovered

Stretcher (Maximin)

1) Identify the set of the exceptions from population that are over  

certain minimum riskscore

2) From the selected set of the riskiest exceptions, select the combina-

tion of items that are the most dissimilar to each other for a given setsize.

3) Maximin Algorithm can be used to achieve a heuristic solution, since the ideal  

solution is computationallyintractable

Literature Review

¶ ContinuousAuditing Frameworkextensivelydepends
onareliableselectionof exceptionsfor a further review

¶ Thereis anagreementin thefield thata largevolumeof
exceptionsis generatedin thecontinuousauditingenvi-
ronment(ThiprungsriandVasarhelyi,2011andKim
andVasarhelyi,2012)

¶ The use of Suspicion Score became a popular approach  
for ranking/prioritizing exceptions (Issa 2013, Li et al.  
2016, No et al.2019)

¶ The Suspicion Scores are generated from applying dif-
ferent filters that identify certain transactions/records as  
exceptions when they fail to go through thesefilters

¶ The previous literature mostly uses binary assessment  
(fail or pass) of exceptions by filters.

¶ Moreover,previousmodelsdo not considerthe issues
of morethanoneexceptionswith similar valuesbeing
selectedfor furtherreview

¶ Having too many duplicate exceptions may not be a  
best use of resources of auditdepartment

Audit Data Selection with SimilarValues

¶ The excerpt above from a spreadsheet shows a list of transactions prioritized by their suspicion score.  
Transaction #7 and #8 have almost identical risk compositions. Thus, reviewing one of these transaction  
would resolve the second one aswell.

¶ These research contributes to the literature by (1) using a distance metric as Suspicion Score and (2) pro-
posing two algorithms that consider transaction similarities while selecting exceptions forreview.
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Industry Classifications and Stock Performance: Constructing  

a New Scheme

Qingman Wu and Won Gyun No

ResearchObjective

Industry classificationsare widely usedin both aca-
demiaandindustry. Researchersuseindustryclassifi-
cation to control for the industry influence,limit the
scopeof their investigation,identify control firm, and
et al.. Themostcommonusedschemesarebuilt based
onfirmsôbusinessareaandactivities,which arelikely
to changea lot over time. However,thoseclassifica-
tion methodsarerarelychanging,which is unreasona-
ble. So, the purposeof this researchis finding out
whetherthe proposedclassificationmethodimprove
the ability to organizefirms into morehomogeneous
groupsin termsof stockreturnco-movementof exist-
ing classificationschemes.

Data

¶ 10-K from EDGAR

¶ SIC and NAICS categorizations for each compa-
ny from COMPUSTATdatabase

¶ Stock return data and firmcomplsô financial data  
from CRSP

Methodology: Industry Classification SchemeConstruction

Literature

¶ StefanoCavaglia et al. (2000) found that industry
factorshavebecomean increasinglyimportantcom-
ponentof securityreturns. More importantly,diversi-
fication acrossindustriesnow providesgreaterrisk
reductionthandiversificationacrosscountries.

¶ If equity marketparticipantsconsidera set of com-
panies closely related, then stocks in the group
should experiencecoincident movementsin their
stockreturns. (LouisK. C. Chan,etal., 2007)

Methodology: Industry Classification SchemesComparison

This research would compare the correlations between stocks in the same industry with the correlations  
between within-industry stocks and outside-industry stocks to measure the homogeneity of firms. For
example, there are k firms. For a particular industry I, there are N firms in this industry. For stock i in  
this cluster, we could average the pairwise correlations between stock iôs return and return of other  
stocks in this cluster is defined as equation (1), where ɟij is the time-series correlation between the re-
turn on stocks i and j. Similarly, the average pairwise correlation between stock i's return and the re-
turns of all other stocks not in its industry is equation(2).

Based on those data, we can calculate the average within-industry correlation and the average outside-
industry correlation over all stocks in the sample.

(1)

(2)



Using Blockchain Technology for Continuous Assurance and  

Monitoring: A Closer Look at Cryptocurrency Lending Industry

Ruanjia Liu

Background

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

Blockchain: a New Type of Database

Petersand Panayi(2016) assertedthat blockchaincan
avoid the possibleconflicts when different usersare
making multiple modifications simultaneouslywithin
thedistributeddatabasesystem.

1) Blockchainis thedistributednetwork.

2)Blockchainensuresintegrity of the datastoredin its
ledger.

3)Unlike an ERPsystemthat requiresintensivehuman
efforts,blockchainis designedto operateautomatically
with little third-partyintervention(Swan2015b).

Peer-to-PeerCryptocurrency Lending vsSecuritiesLending

Themajordifferencebetweena cryptocurrencyloananda securityloan lies on the
lending mechanic. Traditional security lending relies on a central authority or a
bank,which calls for theneedfor a trustedthird party. P2P lending,alsoknownas
crowd-lending, is the practiceof matchinglenderswith borrowersvia two-sided
platforms. For traditional securitylending transaction,the collateraltype that can
be cashandsecuritiesandrebaterateareagreedby the borrowerandthe lending
agent. But collateralin crypto lendingarecrypto assetsno matterif it is cashloan
or cryptocurrencyloan.

¶ Two types of cryptolenders:

Custodial lenders and Non-Custodiallenders

¶ Three types of cryptoborrowers:

· Speculating /Hedging

· Trading / Arbitraging

· Operating WorkingCapital

Applying Blockchain-Based Assurance to P2PLending

¶ Provide Blockchain-Based Assurance ofCollateral

Blockchain can be utilized to increasethe information auditability of collateral.
Sincea blockchainsecuresthedataon the ledger,it couldalsolendauthenticityto
many audit documentations. Becauseblockchaindoesnot allow erasingrecords,
audit trails couldbedocumentedto facilitatetracingandreviewin thefuture(Ernst
& Young[EY] 2015). Thosedocumentscouldalsobesharedamongrelatedparties
for cross-validation. Thus,lendingplatformcould keeptrackof certaindocuments
of collateralwhich arefiled on blockchain. The absenceof any recordsmight im-
ply fraud and default. Potential lenderswho are assuredof collateral existence
could be more likely to participatein the cryptocurrencylendingactivity. Placing
blockchain technology in the hands of platforms, borrowers,and lenders can
achievea newlevel of assurance. Thesepartiesmayinvolve in thetransactionveri-
fication processby providingreliableandindependentinformationfor auditandat-
testationpurpose. Thecollaborationof theseindividualscouldprovidetrustedreal-
time assurancethroughtheóóproofof transactionôômechanism.

Blockchain in Accounting andAssurance

FanningandCenters(2016) statedthat blockchaintechnologycould benefitaudit-
ing whenauditorscomparethe accountingentrieson the bookswith real-time ac-
countingon theblockchain. Kiviat (2015) suggestedtheconceptof triple-entryac-
countingusingblockchain. He assertedthat postingaccountingentriesof Bitcoin
transactionsto the blockchaincould preventrecordstampering. ERPsystemspre-
sentaccounting-specificmodulesbasedon RelationalDatabaseManagementSys-
tems(RDBMS) for processautomation(Kuhn andSutton2010). In addition,ERP
distributereal-time datafor information analysisand decisionmaking (Hitt, Wu,
andZhou2002). Blockchaincanbeview asinnovativetypeof databasewhich op-
eratesautomatouslywith little third-partyintervention.

Applying Blockchain-Based Assurance to P2PLending

¶ Margin Call and Margin LendingRisk

Theplatformwill makea margincall to theborrowerbeforethevalueof thecollat-
eral fall below the maximumLVR. The borrowercanchooseto increasecollateral
or to payoff someprincipal. But if theborrowerfails to meetthemaintenancemar-
gin, theplatformcouldliquidatepartial loanby takingoverthecollateralto recover
theprincipalandoutstandinginterest.

loan amount / total value of portfolio = Loan to Value Ratio

¶ Provide Blockchain-Based Non-defaultBehavior

A smartcontractcould providecontrol-basedassuranceparadigm. Platformscould
continuouslymonitor loan amountand loan to value ratio (LVR). Smartcontrols
couldcontacttheborrowersimmediatelyaslong asloan to valueratio (LVR) indi-
catesthat collateralvaluefalls below the maintenancemargin. Thenthe borrowers
eitherinvestmorein thecollateralor paybackpartialof thecryptocurrencyloan.

¶ Provide Blockchain-Based Assurance of CapitalReserve

If lendingplatformsdisclosethe cryptocurrencytransactionson Blockchainledger
on the daily basis,the public could keeptrack andmonitor the changesof fiat re-
serveeveryday.



The Future of Advanced Technology and Automation in  

Audit: A DelphiStudy

Danielle R. Lombardi and SheneyaWilson

The Original Study

In 2014, Lombardiet al, performeda Delphi study
using a sampleof leading industry expertswith
hopesto predict the future of the auditing profes-
sion.

Themajorareasof focusincluded:

¶ The evolution of the relationship between the in-
ternal and externalauditor.

¶ The effects of judgement onautomation.

¶ The shift in timeliness of the auditcycle.

¶ The need for a more global perspective regarding  
the changes in the auditing profession.

¶ How client technology is leading auditing proce-
dures

¶ Understanding the impact of privacy safeguards  
on technologicaladoption

¶ The use of automation in the auditingprofession.

After doing a review of the current literature and
publicationspostedby industry leading firms, we
wereableto obtainevidencesupportingthe conclu-
sivenessof the predictionsmadeduring the original
Delphistudyin in 2014.

New DelphiExperiment

After thoroughly analyzing each of the suggestions
from the original Delphi and realizing that most of
thesepredictionsdid manifestin the professiontoday,
we decidedto re-do the experimentwith a similar
groupof industryleadingexperts.

The methodconsistedof two roundsof brainstorming
andaDelphiexperiment.

Brainstorming:

Practice-basedresearchaims to eradicatethe existing
knowledgegap betweenacademicsand practitioners
and effective group brainstormingcan assistin this
endeavor. We usedbrainstormingto get the creative
thoughtsof ourparticipantsgoing.

Delphi Method:

This methodinvolvesproviding industryexpertswith
at least two roundsof a questionnaireand structured
feedbackin betweeneachsessionsin orderto enhance
therespondentsôconsensus(Bell 1967). This method
hasbeenable to accuratelyforecastfuture outcomes
andpredict the direction of manydifferent industries
including banking,humanresources,businessadmin-
istration and management,information systems,and
accountingandauditing(Bell 1967; Bradley& Stew-
art, 2003; Poba-Nzaouet al 2016, Hong, Trimi, Kim,
& Hyun,2015; Worrell, Di Gangi,& Nush2013)

Analysis of SessionHighlights

Below aresomeexamplesof how accuratethesepre-
diction werein describingthe currentstateof the au-
dit professionalmosta decadeafter theoriginal study
wasconducted.

Prediction: Externalauditorswill rely on more inter-
nalauditwork in thefuture.

Analysis

Current researchsuggeststhat externalauditorswill
increasinglyusethe work of internalauditorsasthey
gain efficiency in performingtheir audit work. Addi-
tionally, when relying on the work of internal audi-
tors,externalauditorsappearto bemoreconsciousof
the consequencesof the audit quality they deliver
(Aregntoetal 2018).

Prediction: Although the use of automationwill in-
crease,judgementanddecisionmakingcannotbeau-
tomated.

Analysis

Auditor judgementcannotbe easily replacedby ma-
chinedueto the fact that automatabletasksarethose
thatarehighly repetitive,simple,rule based,andtime
consuming(Cohenet al 2019). Tasksthat requireau-
ditor judgementtypically do not havethe aforemen-
tionedcharacteristics.

Listed below 8 of the 11 questionsaskedduring the 2020Delphi experiment. Resultsarestill beinganalyzedsimilar to the
analysisconductedin the original 2014 paperusing a combinationof descriptivestatisticsand thoroughanalysisof the re-
sponses.

¶ Theautomationof InternalandExternalAudit.

¶ How Big Datawill impactauditing/assuranceprocedures,analytics,assessments,judgement

¶ Whatwill happento theuseof emergingtechnologiesin audit(i.e., Blockchain,RoboticProcessAutomation,Artificial Intelli-
gence,CloudComputing,NeuralNetworks,ExpertSystems,DataClustering,Regression,other).

¶ Whatwill happento thejudgmentbiasesin auditingasa resultof interactionwith technologyandartificial intelligence.

¶ To what extent will technology take over the responsibility of the internal and external auditor (i.e., audit task, decision mak-
ing, judgement)

¶ As a result of increased application of continuous auditing, to what extent will internal auditors take over the responsibility for  
financial auditing which is currently undertaken by the externalauditor.

¶ What will happen to the ethical concerns in auditing as a result of increased usage of emerging technologies and artificial in-
telligence.



The Methodology for Thinly Traded  

Cryptocurrency Valuation

Eyal Beigman, Gerard Brennan, Sheng-Feng Hsieh, and Alexander J. Sannella

ResearchObjective

¶ Following the methodologyfor actively tradedcryptocur-

rencyfrom Beigman,Brennan,Hsieh,andSannella(2020),

we further developanothermethodologyfor thinly traded

cryptocurrency.

¶ The practicehasa needfor cryptocurrencyfund valuation

(SEC2020).

Literature

¶Transaction volume on cryptocurrencyexchanges

§ is associated with the market credibility (Nasiri et al.  

2018).

§ works as a channel for aggregating private and public  

market information and facilitating coordinationon

equilibrium prices (Bianchi and Dickerson2020;

Brandvold et al. 2015; Makarov and Schoar 2019; Park  

and Chai 2020; Sockin and Xiong 2020).

The Optimal PathApproach

¶Identify the Principal Market basedon Beigman,Brennan,

Hsieh, and Sannella(2020) and determineexchangerate

(ER) for eachpair minutely.

¶Identify ñBottleneck Volumeòfor eachpath candidatemi-

nutely.

¶Identify theñOptimal Path,òthepathwith themaximum of

bottleneckvolumefrom all pathcandidatesminutely.

¶FVBTT-USD = ERBTT-XXX * ERXXX -USD

(XXX could be ETH, USDT, USDC, XBT, or BNB)

Data of the PilotTest

¶BTT-USD as thetarget

¶Five optimal pathcandidates

¶February 1st to 29th, 2020 (41,760minutes)

¶Tick information for all targetedpairs

¶ time (milli -secondlevel)

¶ exchange

¶ price

¶ volume

The Results of the PilotTest

Figure 1 The exchange rates from the Optimal Path approach (red) and the real BTT-USD trades (black)  

(February 1 to February 29,2020)

Figure 2 The exchange rates from the Optimal Path approach (red) and the real BTT-USD trades(black)

(2 ï6 AM, February 5, 2020)



Dynamic View of Pandemic Circumstances with Government  

Interventions and SocialFactors

Wenru Wang, Marcelo Freitas, Fabricia Silva da Rosa, Miklos A.Vasarhelyi

Introduction

The relationshipbetweensocial factors,govern-
mentpoliciesandpandemicoutcomeshavebeen
studiedby researchersin socialscience,but they
somehowmisssomeimportantissues:

1.Currentstudiestendto ignorethe fact that the
developmentof an epidemicis dynamic,peo-
ple that are infected will recoverand recov-
ered people will be susceptibleto the virus
again. Therefore,looking at the figures stati-
cally maybenot comprehensive.

2.Most of themusedataresourcesfrom govern-
mentreleases. Canwe trustthesenumbers?

3. Previousstudieseitheronly explain the Long-
term impact of governmentpolicies, and they
providelimited prediction.

ResearchQuestion

How do governmentsevaluateand predict the

impactsof a proposedpolicy beforeit is actually

implemented?

Main Results

The deliverablesof this study render
a dynamic view to understandthe
current pandemicand provide gov-
ernmentwith a simulationtool to vis-
ually evaluatethe impactsof govern-
mentinterventionsat differentlevels.

The proposedmodel allows policy-
makers to effectively evaluatetheir
policies before implementation,and
suchtools areof greatneedwhenthe
high transmissionspeedandcomplex
symptomsof the novel virus leave
governmentslimited time to react.
The dynamicmodelcould be applied
for a more comprehensiveview of
the pandemicandother future crises.
Researchersin public healthand the
generalpublic could adopt the idea
that pandemicdevelopmentinteract
with differentsocialfactors.

Methodology

We incorporatethe theory of SystemDynamics to under-
standthe interactionsof pandemicoutcomes,social factors,
and governmentinterventions,and we constructa dynamic
modelto predictandvisualizethepossibleoutcomesof gov-
ernmentinterventions. The theoryof SystemDynamics,"the
scienceof feedbackbehavior in social systems,"was pro-
posedby JayForresterin 1961.

Figure 1 presentsa basic SEIR (SusceptibleðExposedð
InfectiousðRecovered) model to illustrate the spreadof
COVID-19 amonga large populationand how the popula-
tion amountof thefour stagesdevelopfrom oneto another.

We then expandthe basicSEIR model and include govern-
ment interventionsandsocial factorsto observethe possible
outcomesof the newly introducedparameters. Figure2 pre-
sentstheexpandeddynamicmodel.

Figure 2

Figure 1



Continuous Monitoring and Audit Methodologyfor  

Medication Procurement

Wenru Wang and Miklos A. Vasarhelyi

Introduction

Governments of different countries and regions  
have been devoting to fight the ongoingCOVID
-19  pandemic  with  various  policies  andinter-
ventions. Someof the policies include financial
supports. For example,the CARES Act in the
United States establishedthe US$150 billion
CoronavirusRelief Fundfor stateandlocal gov-
ernments(US Treasury,2020). Brazil also an-
nouncedeconomicstimulus packagewith US$
17.5 billion financial supportto states. However,
the currentprocurementsystemdoesnot ensure
the efficiency of the procurements. Dataquality
and procurementwastesare someof the issues
that exist in current governmentprocurement.
The governmentperformsexternalauditsannu-
ally, long after most of the procurementwastes
anddataerrorshaveoccurred.

ResearchQuestion:

How canpossibleabusesandwastesin the gov-
ernmentprocurementbeefficiently detected?

Main Results

Figure2 presentsthe final productof
the continuous monitoring dash-
board. With the dashboard,auditors
could identify and trace back the
questionable procurement records
that haveeithergreattotal values,or
higherunit prices.

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

Methodology

With the partnershipof one Brazilian City hall, we analyze
over 40,000 governmentprocurementmedicaldatapoints. We
proposea continuousaudit methodologythat helps internal
auditorsmonitor and analyzegovernmentprocurementdata
on a moretimely basis.

Figure1 presentsour overallresearchdesign.

We first preprocessthe procurementdata,so that they will
be readyfor further analysis. Throughtotal valuerankingin
step two and unit value comparisonin step three, certain
alarmswill be triggeredandsendto theauditors. Thealarms
including medicinesof high total purchasevaluesand the
alarmsnotify auditors to investigateon thesemedications.
we generatea monitoringdashboardat stepfour for auditors
to easilyview alarmsandcantracebackto questionablepro-
curementrecords.

Figure 1

Figure 2



Applying Process Mining to Auditing:

A Comparison of Process Mining Techniques

Tiffany Chiu and Miklos A. Vasarhelyi

Figure1: Word Mover Distance. Theword moverdistanceis onemeasureto beusedto cal-
culatethe similarity betweentwo words. The word will be graphedbasedon a chosendis-
tancemeasurementwhich is not limited to only the Word Mover Distance. We will test
whichdistancemeasureprovidesuswith thebestresultsin contentanalysis.

Text ContentAnalysis

Content analysis in finance and accounting domain aims to objectively identify the word conveyed by descriptive (qualitative) information to explore the associations of  
market reactions with such subjective information via quantifying document tones/levels. The 1st pioneering paper to quantitatively examine the interactions between the  
media and the stock market via daily text content from WSJ (Abreast of the Market) column on US stock market returns was presented by Dr. Paul C. Tetlock in 2007,in  
which a text factor was constructed by studying the pessimistic words (using Harvard IV-4 psychosocial dictionary) in news (WSJ column) and a simple linear regression  
tests was designed for the predictive capability of the text factor (i.e. using these negative words to research how the media can affect the stockmarket.)

Many similar works to study the association of capital market forecast with the tone of the subjective financial news are conducted by researchers in accounting and finance  
(Jegadeesh et al. 2013, Tetlock et al. 2008, Schumaker et al. 2012). Schumaker designed a financial news article prediction artifice (Arizona Financial Text (AZFinText))  for 
this study. Loughran and McDonald (2011) create a comprehensive dictionary (LM list) from10-K reports and discover that the negative word list captures the toneof10
-K reports better than the Harvard IV-4 list. Several alternative classifiers (e.g., naive Bayes and vector distance) are also adapted in content analysis to extract investors

messages and opinions from social mediaposts.

Cybersecurity Readability

This work is motivatedby researchissuesidentified in increasingoccurrence
andcostof cybersecurityrisks in accountingandfinancialapplications. Many
firms anduserstoday(especiallyin thecurrentpandemicCOVID-19) heavily
rely on cybertechnologyto conductessentialbusinessoperations(e.g. online
bank transaction,e-filing of 10-K,tax documents,etc). In suchwide useof
cybertechnologyfor accountingandfinancial application,cybersecuritypre-
sentsseriousthreatsand risks to US capital marketas stated¡the investing
public andthe U.S. economydependon the securityandreliability of infor-
mationandcommunicationstechnology,systems,andnetworks(Commission
Statementand Guidanceon Public CompanyCybersecurityDisclosures,17
CFR Parts229 and 249 [ReleaseNos. 33-10459; 34-82746]). In February
2018, the SecuritiesandExchangeCommission(SEC) issueda guidancere-
quiring public firms to file disclosureobligationsunderexistingregulationre-
gardingcybersecurityrisk andincidents.

The main concerns(issues)of suchguidanceareasfollows: (1) It is not ob-
jective rule (no quantitativecybersecuritystandards),insteadjust askcompa-
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.

Improve Text-Readability on Cybersecurity Disclosure:  

A Social NetworkApproach

Hongmin W. Du

Social Network Approach

In this paper,we proposea newapproach,a socialnetworkapproach,which emphasizeson
wordclassification. A socialnetworkapproach. Wefirst introduceadistancebetweenwords,
which reflectsthemeaningof thewords; theshorterthedistanceis, thecloserthe meaning.
Using a word list for accountingandfinance,we thenconstructa socialnetwork with the
distancesbetweeneachword. Figure1 showsanexamplehow it would look. Then, we use
an existingalgorithmto partition the socialnetwork into communities. Eachcommu- nity
wouldconsistof wordswith closemeaning.

Next, we may employregressionmodel to establishweightingof eachcommunityin rela-
tionshipwith stockmarket. Theadvantageof this approachhastwo fold. Thefirst is thatthe
numberof com-munitiesis muchsmallerthanthenumberof words,andhencecontentanal-
ysis can be simplified. The secondis that words in the samecommunitywould influence
stock marketsimilarly. Accumulatingsuchan influencetogethercould make it to be ob-
servedeasily.

Measuring Text Readability

In accountingand finance literature,extensiveworks study the definition
andmeasurementof readability(LoughranandMcDonald2016).Theessen-
tial issueis aboutwhat is meantby the conceptin the contextof business
writing (LoughranandMcDonald2016). The popularized/simplereadabil-
ity measure,Fog Index may be not suitableanduseful for accountingand
financialdocumentssuchascybersecuritydisclosures,MDA disclosure,au-
diting files, etc(Li 2008).

Therefore,theproblemof how to definebetterreadabilityto moreprecisely
reflect the actualcomprehensionprocessis further addressedin the litera-
ture. Loughranand McDonald (2014)conducteda large sampleof 66,707
annualreportsempirical researchto show that the Fog Index is a poorly
specifiedreadabilitymeasurewhenusedin financialaccounting

Methodology

Torealizeour idea,wewouldmeetseveralchallengesandemploysomemethodologiesto them.

Choiceof WordDistance: Thereexistseveraldistancesof wordsin theliterature,suchastheLevenshteindistance,theDamerau-
Levenshteindistance,the longestcommonsubsequence,theJarodistance,andtheHammingdistance. Which oneis moresuita-
ble for ourpurpose?Weneedto establishamethodto givea comparison.

Choiceof Algorithmfor CommunityPartition: Thereexistmanyalgorithmsfor com-munity partition. Clearly,we would consid-
er one basedon connections,which still hasmanychoices. Therefore,we also needto establisha methodto comparethem.
Choosingoneof thealgorithmsis oneof theFromcomparison,selecta suitable



Predicting the Discontinuity of Non-Profit

Organizations using the Machine Learning Approach

Xinxin Wang, Heejae Lee and Richard Dull

Introduction

¶ In the United States,NPO is usually definedas
the organizationgrantedthe tax-exemptstatusby
the Internal RevenueService (IRS). Organiza-
tions are tax-exempt if they meet the require-
mentsof Internal RevenueCode Section501(c)
(3). For accountabilityand transparencypurpos-
es, IRS requiredNPOs that have gross receipts
that aregreaterthanor equalto $200,000 or
$500,000 in total assetsto fill form 990 annually
(InternalRevenueService,2019).

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

¶ Non-profit organizationswork as public service
providersand deservea healthierfinancial envi-
ronment. It is importantfor the economicandso-
cial benefit that a large numberof healthyNPOs
keepservingthepeopleandthecountry. To do so,
identifying the financialchallengesandthe cause
of the financial discontinuity of NPOs is the
focusof this paper. Theresearchquestionbe- ing
what are the signs of NPOs' discontinuity by
examiningtheForm990database.

Preliminary Results

¶ DescriptiveAnalysis

After combining the data from 2012 to 2015,
we get the final recordof 621,899, which includes
447,596 dataas the training setand174,303 asof
the testset. Thesearethe organizationsfiled Form
990 and havecontinuousrecordsin the database.
In addition, we removethe duplicationand miss-
ing valuesfrom the dataset. The final training da-
tasetcontainsdataentry, and the ultimate test set
contains163,829 records. It is worth noticing that
this datasetis imbalanceddata; the costassociated
classifiermight work betterin this situation.

¶ Machine Learning Classification

In this section,we appliedfive different classi-
fiers in our training setandcomparedthe result
of different algorithmsand then apply the best
in the test set. Due to the imbalanceddataset,
we will apply the cost-sensitiveclassifier and
the costmatrix setup to 10. This studyapplied
five different machinelearningalgorithms,Na-
ïve Bayes(NB), BayesianNetwork (BBN), Lo-
gistic Linear Regression(LLR), Decision Tree
(DT), and RandomForest(RF). The resultsof
eachclassifierpresentedin Table2.

Table 1 - VariableSelection

Figure 1ïRegressionModel

Figure 2ïCorrelationTable

Data andMethodologies

¶ IRS startedelectronicfiling Form 990 since2011
and made the data from over 1,000,000 E-filing
Form 990 is availablefor everyonethroughAma-
zon Web Services. Wu andDull (n.d.) developeda
databasethat transfersthe unstructureddata to a
usefulformat for analysis.

¶ The whole datasetcontainedForm 990 E-filing
from the tax year 2012 to the tax year 2015. The
original datasetcontainedmorethan1,000,000rec-
ordsandmorethan660 attributes. In this research,
we will selectthe attributesrelatedto financial in-
formation and using the feature selectionto find
the most importantfinancial indicator for the NPO
discontinuity (financial distress/vulnerability, li -
quidity, andsolvency).

¶ DataPreprocessingandVariablesSelection(Table
1)

Conclusion

Table 2 - 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 necessaryinformationof
form 990 that would provide good prediction of the
NPO bankruptcy. This paperapplied five different su-
pervisedmachinelearning algorithms to find the best
classificationmethod, the results that RandomForest
wasthemosteffectiveonefor theclassification. For fu-
ture research,the authorwould like to expandthe data-
baseto include at least three yearsof datapreviously.
The financial ratios would also be someimportant fi -
nancialindicatorsto look into.


