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Abstract

Although the financial audit controls in companies have advanced over the years, the
number of corporate fraud instances is growing, thus raising the need for investigating
the factors that can be used as early-warning signals and developing effective systems for
identifying financial fraud. In this thesis, financial statements from 133 Greek companies
listed in the Athens Stock Exchange over the period 2014 to 2019 are investigated, based
on the fraud diamond theory. Financial data and corporate governance variables are used
as inputs to data mining techniques to develop models that can identify patterns of
irregularities in a company’s financial reports. To this end popular machine learning
classification algorithms are employed in a novel multi-label classification setting that
not only identifies fraudulent cases, but also considers the nature of the auditors’
comments. The results indicate that the proposed multi-label approach provides enhanced
results compared to binary classification algorithms, avoiding inconsistent outputs with

respect to the existence of different forms of manipulation of financial statements.

Keywords: Falsified financial statements, Corporate financial fraud, Fraud diamond,

Data mining, Multi-label classification
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Hepiinyn
O &vTomoUOC TOPATOMNUEVOV OIKOVOUIK®OV KOTOGTACE®Y &lvol pol mimovn Ko
ONUOVTIKT O1001KaGTia Yio TN AELITOVPYiO TOV EMYEPNCE®V, TV KVPEPVICEDV KOl TNG
naykoopog owovouiag. Ta tedevtaio ypoévia, OAO KOl TEPICCOTEPOL EPELVNTES
gpyalovtol Tive o€ aVTO AVATTOGGOVTOS KOIVOTOUO LOVTEAD KOl O10OIKOGTES. Apykd,
Ol TOPOTOINUEVES OTKOVOLIKES KOTACTAGELS €1VOL OIKOVOUIKEG KATOGTAGELS TTOV £YOLV
eoKEUUEV TopamonOel yio va eEQmATIOGOVY TOVE EMEVOVTEC, TOVG TIOTMOTEG 1| AAAOLG
eVOLaPeEPOUEVOVG. AVTO pmopel vo meptapfavel oxompeg mopoieiyels, avakpipeleg
€600V N €£00®V N oKOTIUN E6QAAUEVT TaSvounon TAnpoeopidv. H tapomoinon tov
OKOVOUIKADV KATOGTAGE®V Uopel vo ypnoporomBel yio m ddmpaln amdng kot pmopet

VO 00N YNGEL GE VOUIKES EVEPYELES KATA T®V VTELOVHVEOV.

Yndpyovv S14¢popot Tapdyovies Tov £X0VV QLENGEL TNV OVAYKT] Y10 ETLGTILLOVIKTY)|
€peuva 611 JOIKAGI0 EVIOTIGHOV TNG amdtng, Omms: (1) T0 ToAD vyNnAd Kd6GTOG TTOL
EMUPEPEL Y10 TIG ETLYELPTGELS, TOVG LETOYOVS, AAAG KO T GUVOALKT] OIKOVOUiaL Log XDPOGS,
(2) o avtiktumog otV Kowvwvia, (3) o abéuttog aviay®viopog HeTald Tov eTopelay, (4)
N TAAGHOTIKY 0VATTUEN KOl 1) GTPEPADGCT TNG GUVOAKNG OIKOVOUIKNG EIKOVOS TTOV 001 YEl
ToVGg Mmteg anogdoemv oe AdBog anopdoeilc. EmmAéov, n amotvyia gviomiopov twv
YPTLOTOOIKOVOUIKAV  OOTAOV  OONYNOE G©E YPEOKOTMIES Kol G©E EMOEvOON 1TNG
EUTIOTOGVVIG TOL KOOV OKOMO KO OTIC EMOYYEALOTIKES EAeYKTIKEG eToupeieg (Whiting

etal., 2012).

Av16 10 €i00g amdtng £xetl amodey el SVOKOAO va evtomioTel, KupiwS Aol ot
OTOTEDVES KOTEYOLV oLYVA Kpiolueg Owowntkég 0écewg. Ilportov, TO O101KNTIKO
TPOCMOTIKO OV EUTAEKETOL GE YPTLUTOOIKOVOUKO TOPAmTO, GUYVE KOTOPAAAEL Lo
GUVTOVIGULEVT] TPOCTABELD Y10 VO, KPOYEL TNV AT TOV OIKOVOUK®OV KATOCTAGEWDV Kot
elvar ouyva ot KOptot évoyot. Agdtepov, emeldn ta HEAN g O10iknomg katéyovv BEcelg
HEYAANG EUMIGTOOLVNG, £YOVV  UEYOADTEPN OVUVOUN VO TOPOKAUTTOLV KPIGUUES
eomTEPIKEG OloQarioelg, yeyovdg mov kaBotd Mo €OKOAN TN OlEVEPYED KOl
SVOKOAOTEPN TOV €VIOMICUO TNG OMATNG OTIS OKOVOMKEG KataoTtdoels. Tpitov, ot
TEPLOCOTEPES O100KAGIEG EEMTEPIKOD EAEYYOL Ogv £x0VV GYEdIGTEL Y10 VL AV VEDGOVY
TN GLVEPYACTO KO TNV TAAGTOYPAPIO TOL YPNOLOTOIOVY GLYVA Ol dPACTES AATNG OTIG

OIKOVOUIKEG KOTAGTAGELS Y10l VO SLOTPAEOLV KOl VO, AITOKPVWYOLV TNV OITiTY).
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EmutAéov, emed] ta O€0OUEVO. TV OIKOVOUIKMV KOTOOTACEWV Eival TOAD
CUUTVKVOUEVO KOl GLUYKEVIPMOTIKA, Ol amdTtes €ivol Mo SVGKOAO VO EVIOMIGTOVV
YPNOUOTOIDVTOS GLUPOTIKES TEXVIKES OVOALTIKNG KOl OTOTIOTIKNG LOVTEAOTOINONC.
QG1000, OPIGUEVEG IO TPOCPATEG TEXVIKES OElYVOLV OTL £X0VV TIG OLVAUTOTNTES Y10 VO
EVIOMIGOLV 7O TOAVTAOKES OVOUOAIEG TOL KpOPOVTOL HECH OTIS OIKOVOULKEG
Kataotdoelg. H e£6puén dedopévmv, 1 omoia tpoctadei va e&dyet xpnopeg mAnpopopieg
amd OVAAOYEC HEYAA®MV Ocdopévev, &xel ypnotpomombel ektevdg ¢ epyoaieio
EVEPYNTIKNG ANYNG amopacemy. Eatiog twv duvatotitwv mov divoviat amd ) ypnon
TEYVIKAOV £EOPLENG dEOUEVMV, OL EPEVVITEG EVOLOQEPOVTAL OAO KOl TEPIGCOTEPO V1O TN
Sopopemon petafAntav wov B tovg fondncovy va Bpovy TPOKTIKES TACELS IKAVES VO

EVIOTIGOLV TIC TOPOTOUGELS GTLG OIKOVOULKES KATAGTAGELS.

Av ko ot apyég g etarpikng dakvPépvnong (Corporate Governance-CG) sivat
TAEOV KOOLEPOUEVES Kl EVPEMG OMOOEKTEG, O aPlOUOG TOV TEPUTTAOGE®V OMATNG OO
gpyoalopévoug avédvetal, evieivovtag v avdykn 01e€odtkng Olepedviong TOPayOVI®MV
OV PopovV va xpnopomomBovv mg evoei&elg éykapng mpogdonoinong. H mopamoinon
TOV OIKOVOUIKAV KATAOTACEWV piog emiyeipnong eival éva amd to o onUovVTIKA £10m
etpikng amdtne. H advvopio tov eleyktodv va aviyvedouv OIKOVOUIKE GKAVOQA
Kabotd amapaitnn T ypNon cvykekpévav pebddwv kot epyoieimv eréyyov (J. W.
Lin et al., 2003). "Evag peydroc apBpog axadnuaikaov epgovntav (Dechow et al., 2011;
Price et al., 2011) é&yer mpoteiver O1dpopeg pebdoOLE Yo TOV  EVTOMIGUO
YPNUOTOOIKOVOIKNG amdtng, mov cuyvd PBacilovial oe mAnpoeopieg mov mTpoépyovial

amo Tig owkovokég kotaotdoelg (Ngai et al., 2011).

INuepa, akOpo Kt ov ot EAEYYOL Elval EVTATIKOL, Ol OMATEDMVES UTOPOVV VO TOVG
TOPOKALYOLV KO 01 EAEYKTEG OEV LITOPOVV VAL EVTOTIGOVV £yKanpa TIS andtes. Emopévac,
elval eMTOKTIKY avAYKN VO TPOGEYYICOVUE TOV EVIOMIGUO OMOTOV UEAETMOVTOG TO
Kkivntpa, TV gvkarpio, TNV TESN Kol TV KOVOTNTA £VOG amaTE®VO Vo, O1eEdyel dOMES
eVEPYELEG. AVTA T TECGEPO YOPAKTNPIOTIKG amoTeEA0DV TN Bewpio TOL SLOUAVTION TNG
anatng (fraud diamond theory) kot avt 1 dworppn viobetel avtr ™ Bewpia Yoo TV
EQOPUOYN UG TPOGEYYIONG UNYAVIKNG HdOnong. Amd v yvdor Tov LIAPYEL £WG
onpepa, ival n Tpdt eopd oty EALGSa Tov epappdletar pio mpocéyyion g ewpiog
TOL OWUOVTIOD YO TOV  EVIOTICUO TOPOATOUNUEVOV  OIKOVOLUK®YV  KOTUGTACEWDV

YPNOUOTOUDVTOS GLVOLOUGLO OIKOVOLUK®Y OEIKTMV KOl ETOPIKAOV UETOPANTOV.
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2t ovykekpévn dtpiPn, ypnoyLoroovvIotl Yoo TV eneEepyacio Kot TV
e€aymY CUUTEPUAGUATMOV Ol AKOAOVOES SVAGIKES TEYVIKES: TO YEVIKEVUEVA TTPOCHETIKA
povtéda (Generalized Additive Models-GAM), o aAyop1Buog tov TANGIEcTEPOL YEiTOVA
(k-Nearest Neighbor - kNN), 1 Aoyiotikn malwvopounon (Logistic Regression-LR) kot o
tagvoung 0évopwv aroedcewv (Random Forest-RF). Avtég ot teyvikég aoyorovvtal
pe v ta&vounon pog etikétog o mapomomuévn 1 un nepintoon (Falsified or non-
falsified financial statements, FFS/nFFS). EmumAéov, eEetdleton o mpocéyyion
Ta&vOUNoNG TOALATANG ETIKETOG UE TN XPNON OWYOTOMK®V ToEIVOUNTOV KOOMOS Kot 1
TEYVIKN TOAOTADV E€TIKETOV yvwort) g Multi Label Technique (ML-kNN), n omoia

amOTEAEL EMEKTOOT) TOV TANGLEGTEPOL YEITOVAL.

H avantoén poviéhov dvaditkng ta&vopmong yia Tt Sdkpion UHETAED ToV
neputdcewv FFS kot nFFS Ntav 1o kdplo enikevipo mponyovpevev pHeAeT®dv yio tnv
aVaYyVAOPIoT TNG OVIXVELONG TOPATOINUEVAOV OIKOVOUIKAOV KOTACTAGE®V. Q0T060, N
EVIGYLUEVT] TPOGEYYIOT] TOV Y¥PNGLOTOMONKE 68 avTN TN pLeAétn vrepPaivetl 1o Pacikd
SVAOIKO GYMUA YOl VO TPOGILOPIGEL TEPALTEP® TN VG TOV GYOM®Y TV EAEYKTAOV. G
OTTOTEAEGLAL, L0l TTOPOTIPNON UTOPEL VO AVIKEL GE TTEPIGCOTEPES OO o Kot yopieg Kot
Oyl povo o€ pio Katnyopio og éva oynuo TaStvOUNoNG TOALATAMY ETIKETMOV KOl £TGL

TPOKVTTEL 1 KOPLAL KovoTopio avTig TG StaTpnig.

Ye autd 10 TAOIGL0, M TPOGEYYIOT] OV TOPOVCIALETAL GE OVTN TN HEAETN
Baocileton oe emomtevOueves TEYVIKEG €EOPLENG dedouévev, Om®G M AOYIGTIKN
TOAAVOPOUNOT), TO YEVIKELUEVA TPOGHETIKG LOVTEAL, KaBdg Kot ot aiydpiBuol tov
TANGESTEPODL YEITOVA KOL TOV dEVOPOV 0moPdcemv. AvTég o1 Tpoceyyioelg epapuolovat
oe pa puduon TavounoNg Yo vo TpocdloploTel €4V Ol ETaPElEg EXOVV TOPATOUCEL
owovopikeg kataotdoelg (FFS) 1 oyt (nFFS). Tétown oynuata dvadikng ta&tvounong
&xovv e€etaotel evpémg ot oxetikn PpAoypagia. 2oTOG0, Hia dtyoTopKn Tagvounon
TAPOPAETEL CNUAVTIKES TANPOPOPIES, Ol OTOlEG UTOPEL VO EYOVV TOAVTULEG EMMTMOGELS

otV TPasn.

Mo 10100 TPOGEYYIoN TOALOTAGDV ETIKETOV Umopel va ivol yprioun yuor v
AVAALGT TOV TOPUTOMUEVOV OTKOVOUIK®Y KATAGTACEWDY, KAODS TAPEYEL GTOVS EAEYKTES
Kol TG pLOUSTIKEG apyéc £vor OAOKANP®UEVO TAGIGIO povtelomoinong mov Ot uoévo
EMTPEMEL TOV EVIOTIGUO YPNHUOTOOIKOVOULKNG OdTNG, 0AAG Umopel emiong vo mapEyet
TANPOPOPIES Yo TOLG THTOVS ATATYG OV TyETICoVTaL Pe KABE GLYKEKPIUEVT TEPITTOON.
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[Tio cuykekpuéva, 1 TAPATAVE® TPOGEYYIoN PEATIOVEL TOVS UNYOVIGHOVS EAEYXOV KABMS
TOVUG KAVEL O GLYKEKPIUEVOUG KOl PEATIOVEL TOV ¥POVO TMOV EAEYKTOV, Y®PIS Vo
yPEBCETON VO KATAPEDYOLV GE OPOPETIKA PovTELD Yo kGBe TOTO amdtng, To omoio Oa
umopoboav vo givar OUGKOAO VO EQOPUOCTOVV, 1OHTEPO OTOV YMPLOTO HOVIEAN

TAPEXOVY AVTIKPOVOUEVEG EVOEIEELC.

H pebodoroyia mov viobetOnke 610 Topomdve TAOIGIO TOAMAATADY ETIKETMV,
Baoiletan oto dvadikd oynua cvvaeeslog (Binary relevance scheme, BR, Zhang et al.,
2018), to omoio mepthapPdvel TNV KOTACKELT SLASIK®OV TASIVOUNTAOV Yia Kabe (evyog
KAMioewv, péow UG mpocEyylong éva evavtiov OAwv. ‘Eva kowvd mpoPAnupa mov
TPOKVTTEL LE TOVG OAYOPLOUOVG TOALOTADY KAAGE®V EVaL OTL GLYVA AYVOOUV TIG GYECELS
petald tov KAAcE®V, 0dNYOVTAG £TGL GE AGVVETH Kot ovovsto aroteAéopata. [ va
AVTILETOTIOTEL aVTd TO TPOPANUA, El0hyovTaL dV0 OmAEG GTpatnYIKEG dtOpOHmong -mTov
ovopdlovror Awwpbwon aocvvénelng Pacet mepintwong (Case-based Inconsistency
Correction-CBIC) ka1 oyfua meta-learner pe Bdon tov tAnciéstepo yeitova (kNN-based
Meta-Learner, NNML) mov dtac@aiilovv Tn GUVETELD TOV ATOTEAEGUATOV TAEVOUNONG

pe ) evon tov katnyopidv FFS/nFFS.

O «dpog otdY0g ovtNg NG SwTPPrg, €mopéVms, eivar va mpoteivel pio
pebodoroyia mov ypnoyromotel pebodoroyieg punyavikng pabnong kot £vav cuvovacud
OIKOVOUIK®OV OEIKTMV Kol €TOPIKOV peTofAntdv mov Pacilovionr ot Oeswpio tov
OLOLOVTION OTATNG KOl VO YPTCULOTOMGEL OVTO TOV GLUVOVAGHO GE TEYVIKEG £EOPLENG
OEJOUEVMV Y10l TOV EVIOTIGUO TMV TOPATONUEVOV OTKOVOLIK®V KOTAGTAGEMV OALA Kot
TOV TPOGOLOPIGUO TOV TOHTTOV TNG AmATNG. Ta dedopéva EKTAIOELGNG KOTYOPLOTOLOVVTOL
oe FFS 1 nFFS AapPavovtag vmoyn cuyKekpipéva oyoAlo TdV 0pKOT®OV AOYIGTMOV TOV

ONUOGIEVOVTAL GTIG OIKOVOUIKES KOTAGTAGELS TG KAOE e1omypévng etoupiag.

Yeg ovtn T OWOKTOPIKY OTpiPr], EPELVAOVTOL Ol  YPNUOTOOIKOVOUIKES
Kataotdoelg 133 eAMAnvikdv pun YPMUOTOMICTOTIKOV ETOPELOV ETAUPLOV TOV £ivat
glonypéveg oto Xpnuotiompto Adnvov m ypovikny mepiodo 2014-2019. H avaivon
Baciletal og KOWE YPNGULOTOIOVUEVES YPTLOTOOIKOVOLIKES LETOPANTES KOOMG Kot o€ U
AP LOTOOTKOVOLKE YOpOKTNPLOTIKA OV emAEXONKav e fdon T Bewpia Tov dapovtion
amatng, Aappdvovtog vwoyn T S1aKPLTIKY TOLS dSVVaUT. Ol TEPIMTMOCEL TOPOUTOMUEVOV
YPNUATOOIKOVOUIKADV KOTACTAGE®MY 6TO delypo mpoadtopilovtal pécm tng eE€taong €6
TONOV oYOM®V ELEYKTAOV, TO 0TTolo OPLAOOTOOVVTOL GE KAAGES HECH LOG Oodkaciog
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EPOPYLIKNG OLAOOTOINONG Y10l VO OPLGTOVV GNUOVTIKEG KT YOPIEG TOV ATOTEAOVVTOL OO
drapopetikovg tomovg FFS. Ot katnyopieg mov TpoKOITOVV OVTIGTOLYOVV OTIG ETIKETES

TOV TPOTEWVOUEVOL TAUIGIOV TOEIVOUNONG TOALATADY ETIKETMV.

H anddoon tov epapuoldpevov pedddov extipdrol pe daeopes LETPNGELS;
Macro-Precision (PR), Macro-Recall (RC), Macro-F1 (F1), Hamming loss (HL) kot
axpipela (accuracy-AC). Mia avaivon dtactavpoOuevnS emkvpwong (cross validation -
CV) 10 eravainyewv ypnoipomoteitor yuoo vo ANeOodv apepOATTEG EKTIUNGELS TNG
amooooNs TV aAdyopifuwmv. Okeg ot peTpnoelg amddoong yio kébe pébodo cuykpivovion
peta&hd Toug yia va Tpoodtoptotet 1 péBodog pe ta koAvtepa amoteléopata. Emmiéov,
dvo pebodoroyieg ypnoonooHvtol TNV avaivon o ™ 00pHBmon avTiKpovOUEVOV
AmOTELECUATOV OV UmOpel Vo TPOKLYOLV AOY® pn TavOuUnomg TV ETOPEIDV
AapPavovtag vwoyn TG amoyels TV eheyktav. [lapdiinia, cvykpivovror kot
a&10A0YoVVTOL TO ATOTEAEGUATO TTOL TPOEKLYOV UE TN YpNon TV texvikov LR, kNN,
GAM «on RF, k0bdg kot pe tov akydpiBuo molhamiov etiket®v ML-KNN. dvowd,

eLEYYETAL KOt 1 AOTEAEGLOTIKOTNTO TV dV0 dtadikacidv dtopbwong (CBIC, NNML).

Aappavovtog vwoyn to mEPLEXOUEVO TG O TIPS, EEAyETAL TO GUUTEPAGLLO OTL
elvar onuavtikd va mpowbnbovv ot dadikacieg aviyvevong amdng mépa amd T
Tapadoctakd epyareio EAEYYOL Kot va eVIcyuBoUV avTEG 01 O1UOIKOGIEG LLE TV KOADTEPT
KOTOVONON TOV KIVATPOV KOl TOV TPOKTIKOV TOV onatedvov. H mpocéyyion twv
TOALOTADV ETIKETOV EVioYLGE TNV akpifela TG TAEVOUNGNG Kol 001 YNOE GE KAAVTEPT
Katovonon g onpoaciog Twv oxoMov tov ereyktdv. [HapdAinia, ot dvo dropOlwTikég
dwdwkaocieg (CBIC, NNML) evioyvoav 115 peTpioels anddoong TV LOVTEA®Y. AV Kol 1
BipAoypapikn avackOTNoN Kot TO YEYOVOS OTL 1] TAELOVOTNTA TOV OTATOV TPOEPYOVTOL
amd TOVG OOKNTIKOVG piag etoupiag omoutel TV emTOyLVON NG XPNONS VE®V
«OVOPOTOKEVIPIKOVY OBempudv otV OviYveELST TOV TAPOUTOUUEVOV OIKOVOUIK®OV
KATOOTAGEWV, OT®MG 1| Ocwpia TOL AldpovTion TG ATATNG, TO ATOTEAECULATO QTG TNG
wpotetvopevng pebodoroyiog dev €dwoov cagn ekdva Yoo T GULUPOAN TOV un
YPNUOTOOIKOVOLIK®OV UETOPANTOV Tov Tpoépyoviar amd tn Oewpion TovL OlopavVTION.

[MBavdg avTd cLVERT amd TNV EMAOYN TOV GUYKEKPIUEVOV LETARANTOV.

SOUTEPAGUATIKA, 1] TPOTEVOUEVT] TPOGEYYIOT] ETOEIKVVEL AVATEPT] TPOYVOGTIKY|
amOd00T KOl ETITPENEL TOV EVIOMIGUO TPOUYLMOV TPOEWOTOMTIKOV ONUATOV (KOKKIVES
onpaieg red flags) yio Tov EVIOMIGUO T®V ¥PNUATOOIKOVOUIK®V amat®v. H pebodoroyio

xi



aLTAG TNG STPIPNG UTOPEL VO TPOCPEPEL GE EMEVOVTES, EUTELPOYVAOUOVES, PLOLGTIKOVG
Qopeic, ELeYKTEG KOl AAAOVG LETOYOVG CNUAVTIKEG TANPOPOpPIES, PEATIOTOTOIDOVTAG TV
opBOTNTA TG ANYNS TOV ATOPACEDY Kot BEATIOVOVTOG TOVG XPOVOLS GTOV EAEYYO TMV
dedopévav. Télog, pmopel va fonBNncel TOLG 0KAOT LOTKOVS/EPELVNTEG VOL O LLOVLPYTGOVV
ONUOVTIKEG EMIOTNUOVIKEG TTPOTACELS Yoo TN Peitioon tng Sadkaciog aviyvevong

TOPOTOUUEVAOV OTKOVOUIKDV KATAGTAGEWV.

AgEarc-krewond: [Mopamoimuéveg owovoukég kotaotdoets, Etapikn owcovopukn amdn,

Ocwpia tov dapavtion, EE6puén dedopévov, Tasvopnon ToOAATADY ETIKETMOV
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Introduction

The detection of falsified financial statements is a painful and important process
for the operation of firms, governments, and the global economy. In recent years, more
and more researchers have been working on this by developing innovative models and
processes. To begin with, falsified financial statements (FFS) are financial statements that
have been deliberately misstated to deceive investors, creditors, or other stakeholders.
This can include intentional omissions, misstatements of revenue or expenses, or
intentional misclassification of information. FFS can be used to commit fraud and can

lead to legal action against the responsible parties.

There are a number of factors that have increased the need for scientific research
into the process of detecting fraud, such as: (1) the very high costs it brings for firms,
shareholders, but also the overall economy of a country, (2) the impact on society, (3)
unhealthy competition between companies, (4) fictitious growth and distortion of the
overall economic picture leading decision makers to wrong decisions. Moreover, failure
to uncover financial fraud has led to bankruptcies, and a deterioration in public faith in

professional audit firms (Whiting et al., 2012).

This kind of fraud has proven challenging to detect since fraudsters often hold
critical management positions (ACFE, 2022). Firstly, management personnel who engage
in financial misconduct, frequently make a concerted effort to hide financial statement
fraud and are frequently its primary culprits. Secondly, because members of management
hold positions of great trust, they have more power to bypass crucial internal safeguards,
which makes it simpler to commit and more difficult to catch financial statement fraud.
Thirdly, most external audit processes are not built to find the collaboration and forgery

that financial statement fraud perpetrators often use to commit and conceal the fraud.

Furthermore, because financial statement data is heavily condensed and
aggregated, frauds are more difficult to hide and harder to spot using conventional
analytical and statistical modeling techniques. However, some more recent strategies
show potential. Data mining, which tries to extract useful information from big data

collections, has been extensively used as a tool for active decision-making. Due to this,
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academics are becoming more interested in contextualizing data to help them find

fascinating and practical trends.

Although the principles of corporate governance (CG) are now well-established
and widely accepted, the number of cases of occupational fraud is growing, raising the
need to investigate thoroughly factors that can be used as early-warning signals. Financial
fraud is among the most important types of corporate fraud. The auditors’ weakness to
detect financial scandals renders the usage of specific audit methods and tools necessary
(J. W. Lin et al., 2003). An ample number of academic researchers (Dechow et al., 2011;
Price et al., 2011) has proposed various methods to detect financial fraud, often based on

information derived from financial statements (Ngai et al., 2011).

Nowadays, even if the audits are intensive, fraudsters can override them, and
auditors cannot detect the frauds on time. Thus, it is imperative to approach the detection
of frauds studying the motivation, the opportunity, the pressure, and the ability of a
fraudster to conduct fraudulent actions. These four characteristics constitute the fraud
diamond theory, and this thesis adopted this theory for the application of a machine
learning approach. To the best of my knowledge, it is the first time in Greece that a fraud
diamond approach was applied in detecting falsified financial statements using

combination of financial ratios and corporate variables.

The main objective of this thesis is to propose a methodology using machine
learning methodologies and a combination of financial ratios and corporate variables that
rely on fraud diamond theory as inputs to data mining techniques for detecting FFS. The
determination of whether a financial statement was falsified or not, was based on specific
comments found in the auditors' reports included in each company's financial statements.
Moreover, generalized additive models (GAM), the k-nearest neighbor algorithm (kNN),
logistic regression (LR), and the random forest algorithm (RF) were utilized in the
analysis. These methods deal with single-label classification. Additionally, a multi-label
technique called the ML-kNN algorithm was considered, which extends kNN to multi-

label situations.

The development of binary classification models to distinguish between FFS and
nFFS (non-falsified financial statements) cases was the primary focus of earlier studies

on the identification of FFS detection; however, the enhanced approach used in this study
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goes beyond the basic binary scheme to further identify the nature of the auditors'
comments. As a result, an observation may belong to more than one class rather than just
one category in a multi-label classification scheme and thus the main novelty of this thesis

arises.

Within this context, the approach presented in this study relies on supervised data
mining techniques such as logistic regression, generalized additive models, as well as the
nearest neighbor and the random forest algorithms. These approaches were applied in a
classification setting to identify whether firms have falsified financial statements (FFS)
or not (nFFS). Such binary classification schemes have been widely considered in the
relevant literature. However, a dichotomic classification overlooks valuable information,
which can have valuable implications in practice. For instance, Kim et al. (2016)
compared logistic regression, support vector machines, and Bayesian networks in a multi-
class approach that distinguishes among three mutually exclusive classes of financial

misstatements considering the presence of fraud intention.

Such a multi-label approach can be useful for FFS analysis, as it provides auditors
and regulators with a comprehensive modeling framework that not only enables the
identification of financial fraud, but it can also provide insights into the types of fraud
that are relevant for each particular case, without having to resort to different models for
each type of fraud, which could be difficult to implement, particularly when separate

models provide conflicting indications.

The methodology adopted in the above multi-label context, is based on the binary
relevance scheme (BR, Zhang et al., 2018), which involves the construction of binary
classifiers for each pair of classes, through a one-against-all approach. A widespread
problem that arises with multi-class algorithms is that they often ignore the relationships
between the classes, thus leading to inconsistent and meaningless results. To address this
problem, two simple correction strategies -called Case-based inconsistency correction
(CBIC) and kNN-based meta learner (KNNML) schemes- were introduced that ensure the

consistency of the classification results with the nature of the FFS/nFFS categories.

The methodology was applied to a dataset of 133 Greek non-financial companies
from the Greek stock exchange during the period 2014 to 2019. The analysis was based

on commonly used financial variables as well as non-financial attributes selected based
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on the fraud diamond theory, while having taken into consideration their discriminating
power. Cases of FFS in the sample were identified through the examination of six types
of auditors’ comments, which were clustered into groups through a hierarchical clustering
process to define meaningful classes consisting of diverse types of FFS. The resulting

classes corresponded to the labels of the proposed multi-label classification framework.

The performance of the applied methods was estimated with various metrics;
macro-precision (PR), macro-recall (RC), macro F1 (F1), Hamming loss (HL) and
accuracy (AC). A cross-validation (CV) analysis with 10 folds (i.e., 10-fold CV) was used
to get unbiased estimations of the algorithms' performance. All the performance metrics
for each method were compared with each other to identify the method with the best
results. Moreover, two methodologies were used in the analysis to correct conflicting
outcomes that may derive due to miss classification of firms considering the auditors’
opinions. In comparison to the base learners created using LR, kNN, GAM, and RF, as
well as the multi-label ML-kNN algorithm, the effectiveness of the two correction

schemes had evaluated.

Considering the results of the methodology, the suggested approach demonstrated
superior predictive performance and enabled the detection of early warning signs (red
flags) at the corporate governance level as well as the financial level to facilitate the audit
procedure. The methodology of this thesis can give investors, experts, regulators,
auditors, and other stockholders crucial information and may help academics to create
significant scientific proposals to enhance the procedure of detecting FFS cases.
Accounting professionals and their management level may want to think about investing
in these techniques to stop costly frauds for their firms and meet the urgent needs of

regulatory authorities and legal requirements such those.
The structure of this thesis is as follows:

The first chapter begins with the definition of financial fraud and the importance
of FFS’s detection. Through the presentation of some of the most popular financial
scandals worldwide and in Greece, and simultaneously, the explanation of how fraudsters
can conduct an occupational fraud and who may be the perpetrators, the reader can
understand the whole fraudulent action and behavior. Given several examples of the cost

that frauds cause in financial and social terms, the section concludes that the detection of
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FFS through corporate governance’s approaches such as fraud triangle and diamond

theory, will provide an effective methodology.

In the second chapter, a detailed literature review is presented concerning the
general discussions on occupational fraud. Moreover, there is an extent presentation of
applied data mining techniques. Additionally, there is a summary with the financial ratios,
corporate and linguistic variables that have been used by other academics and a discussion

on findings of the literature review.

In the third chapter there is a thorough presentation of the supervised data mining
techniques which were selected for this thesis. Logistic Regression (LR), k-Nearest
Neighbor (KNN), Generalized Additives Methods (GAM), Random Forests (RF)
methods, a multi-label classification strategy (ML-kNN) and two corrective schemes
(CBIC and NNML) were all used in this study to successfully categorize the firms into
the FFS or nFFS category. Additionally, all the performance metrics which were applied
to this research were presented in this chapter. Moreover, the performance results for each
method were compared to one another including two correction schemes, which were
employed to resolve inconsistencies that may result from incorrectly classifying firms
considering the auditors' findings. The performance of these two schemes was compared
to the basic learners built with LR, kNN, GAM, and RF, as well as the multi-label ML-

kNN technique and all the results were thoroughly examined.

Chapter four summarizes the results discussed in the previous chapters, presents
the limitations of this thesis and suggests proposals for future research. These proposals
will evolve the methodology presented in this thesis giving an even more comprehensive

tool to those interested in using it such as auditors, lenders, stakeholders, and governance.
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Chapter 1. The definition and the importance of financial fraud detection

1.1 Introduction

Among the factors that have contributed to widespread falsification of accounting
statements and the so-frequent use of misleading accounting practices to meet
unattainable market expectations are the fierce competition in the world of finance, a drop
in business performance, and the great pressure on business executives to achieve ever-
higher goals (Jennings, 2004). The worldwide business community has been harshly
rattled by the exposure of several financial scandals, but in the past several years, cases
of false financial statements have gotten disturbingly serious (Humpherys et al., 2011;

Kamarudin et al., 2012; Kirkos et al., 2007; Yeh et al., 2010).

Financial fraud is defined as a damaging act that occurs when someone deprives
another person of their money or otherwise negatively affects their financial situation by
false representations, illegal schemes, or other means. This can be accomplished in
several ways, including investment fraud and theft of an identity. Closely to this definition
but not the same, as the first is wider than the second, stands the definition for corporate
scandals, which are defined as business scandals (usually with political implications),
which arise from the publication of misdemeanors of executives of large companies, often
with the tolerance or complicity of the competent auditing authorities (Kirkos et al.,
2007). In both cases of criminal behavior, these misdemeanors may include falsification
of records / documents / financial statements, concealment or deliberate omission of

transactions, improper valuations, embezzlements, etc.

Many of the world's most prominent companies and organizations have been hit
by large-scale fraudulent fraud of the companies involved (Zerban, 2018). Examples of
financial statement fraud that have had a tremendous impact in different international
environments are Enron, Parmalat, WorldCom, Freddie Mac, Tyco, Xerox, Lehman
Brothers, Satyam, proving that fraud is a phenomenon mostly emerging from strong
economies (Carnegie & Napier, 2010). International financial scandals have had multiple
adverse effects on the global economy, with rising unemployment rates for the lower and

middle class (Abdullahi & Mansor, 2015b) while leading companies, employees,
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creditors and investors themselves into huge financial losses (Rezaee, 2005). Although
these scandals have occurred in recent decades, wide-ranging operational turmoil,
conflicting interests and the collapse of governance standards have been the catalyst for
the shake-up of stakeholder confidence in the functioning of the financial market and the

weakening of its credibility (Abdullahi & Mansor, 2015a; Karpoff, 2021; Rezaee, 2005).

The latest scandals of the international financial scene of Volkswagen (2015) and
Toshiba, come to demonstrate the shortcomings that still exist in the implementation of
corporate governance rules and to question the role of accounting and auditing as tools
that protect investors in obtaining their decisions. Of course, the role played by the
auditing companies themselves in fraud is considered crucial, as their mistakes and
omissions result to an ineffective assessment of the accuracy and correctness of financial
statements. The scandals of previous decades have made it clear that auditors have failed

to live up to their role, succumbing to personal ambitions and financial gains.

The immediate consequence was that the auditing profession was severely
criticized both for its work and for its responsibilities, while a crisis of trust was created
in the public towards auditors in general. Following this climate of doubt and controversy,
the need for immediate intervention became urgent, with states being forced to strengthen
their legislation (e.g. the Sarbanes-Oxley Act), increasing safeguards against such
phenomena and introducing new requirements for companies, their administrations and

statutory auditors (Jones, 2011).

Focusing furthermore on the thematic of the present study, "financial fraud" states
the activities of criminal groups which misuse financial or payment systems for the
purpose of obtaining financial gain. It is a fact that as people become more civilized,
violent crimes give way to more 'sophisticated’ crimes, called 'Economic Crimes', such as
tax evasion, bribery, corruption, embezzlement, money laundering, domestic information
on the stock market, breaches of competition law, production of defective or counterfeit
products, irregular supply contracts, piracy of music or computer software, industrial
espionage, environmental pollution etc., which have received alarming dimensions
worldwide. In addition to the purely financial costs for companies and organizations,
financial crime also has significant negative effects on employee morale, corporate
reputation and business relationships. (Krambia-Kapardis & Tsolakis, 2011) in their book
"Financial crimes in business" approach the concept of financial crime mainly in the light
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of detecting and preventing it, offering the necessary valves (political and judicial) to
prevent professional fraud, as they define corruption, misappropriation of assets and

falsification of financial statements.

In Greece, in particular, the phenomena of bribery and corruption are considered
extremely widespread, especially in the public sector which still stands inaccessible to
efficient and thorough evaluation and survey, which is reflected in a recent survey
conducted between November 2016 and January 2017 in Europe, the Middle East, India
and Africa, on behalf of Ernst & Young and according to which Greece is ranked - based
on the views of the surveyed executives - in 3rd place (with the highest rate of corruption

after Ukraine and Cyprus), with upward trends compared to previous years.

In the same survey, 81% of business executives consider corruption widespread
in Greece, while one in five executives say they have been pressured not to report
offenses, to which they have succumbed for fear of either personal safety or development,
within the company or in another company in the future, or because of solidarity with
colleagues and loyalty to the company®. In each country, the definition of fraud differs,
but it basically involves a violation of the law and / or a violation of the regulatory
framework. In general, "fraud" is the deliberate deception of an individual, deceiving him
with lies or by means not revealing the full truth or state of things, in order to obtain a

personal, socio-economic-political benefit unjustly (Riahi-Belkaoui, 2003).

Similarly, fraud in the legal sense of the term can be defined as the offense of
misleading a person by fraudulent means, such as concealing or falsifying true facts or
presenting untrue facts as true, aimed at the direct or indirect benefit of the perpetrator
(Kazantzis, 2006). According to Belkaoui and Karnik (1989), "fraud" consists of
falsifying documents, recording false transactions in the accounting records or
permanently deleting them from them, and concealing information of major importance.
As one of the growing problems in modern corporate reality, it is the act performed on an
entity by one person or more persons (management, staff or third parties), to obtain illegal

benefit.
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The International Auditing Standard ISA 240 defines "fraud" as any deliberate act
by an individual, the management of a company or a third-party involving fraud in order
to obtain unlawful or unjust benefits. Fraud as a concept includes features and elements
of many disciplines, such as accounting, administration, auditing, but also elements of
psychology and criminology. The most important feature for the duration of a fraud is its
concealment, noticeable difference from other criminal acts. Some of the most typical
cases of financial fraud are bribery, corruption, financial blackmail, conflict of interest,

mismanagement of assets and falsification of financial statements (Loumiotis, 2010).

1.2 Significant scandals of the last 20 years

During the last 20 years, a multitude of worldwide scandals uncovered shocking
the world financially and socially. Hereby some of the most popular scams globally and

in Greece are presented:
WorldCom

One of the greatest stock market champions of the 1990s, WorldCom is now
known for having one of the costliest corporate accounting scandals in American history,
with an estimated $11 billion in losses as of March. In a cafe in Hattiesburg, Mississippi,
in 1983, partners headed by former basketball coach Bernard Ebbers drew up their
concept for a worldwide business on a napkin. In 1984, their business, started acting as
an interstate reseller. In 1985, Bernard Ebbers was appointed CEO, and in August of
1989, the business went public. At the time, its $40 billion merger with MCI in 1998 was
the biggest ever. Investors and Wall Street analysts favored the company. In June 1999,
the stock rose to a high of $64.51. CEO Bernard Ebbers was one of the wealthiest men in

the United States at the time, according to Forbes.

WorldCom tried to buy out Sprint in October 1999 for $129 billion in stock and
debt in a stock buyout. The US Department of Justice rejected the agreement. The
company started to break apart at the same time as debt and expenditures piled up, the
stock market declined, and long-distance rates and income decreased. In the beginning of
2002, the company made several shocking admissions, which prompted a Chapter 11

petition in July of the same year. WorldCom overstated capital spending by $3.8 billion,
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which increased cash flow and earnings over the five prior quarters. The actual net loss

for 2001 and the first quarter of 2002 was concealed by this.

The SEC filed a civil lawsuit against WorldCom accusing it of committing an
enormous accounting fraud amounting to more than $3.8 billion. WorldCom allegedly
falsely exaggerated its profits before interest, taxes, depreciation, and amortization
(EBITDA) by about $3.055 billion in 2001 and $797 million in the first quarter of 2002
(SEC Annual Report 2002), according to the Commission's complaint.

Enron

The Enron Scandal, which came out in 2003, was a financial scandal involving
the Arthur Andersen accounting firm and the energy firm Enron. Following a series of
revelations about controversial accounting practices in the 1990s, Enron was on the verge
of bankruptcy in November 2001. An attempt to rescue the firm from its destiny from a
similar but smaller energy company, Dynegy, failed. Enron filed for bankruptcy on
December 2, 2001. As the scandal unfolded, Enron shares plummeted from $90 per share
to less than ¢50 per share. And while the company was among the blue chips, this
unexpected development had a big impact on the market. Enron's dive came after it was
revealed that much of the profits and revenue were the result of agreements with special

purpose entities, limited liability companies it controlled.

Due to the aforementioned, a large portion of the company's liabilities were not
disclosed in its financial statements. Large debts were kept off balance sheets by CEO
Jeff Skilling and former CEO Ken Lay, with the primary outcomes being the company's
bankruptcy, the breakup of Arthur Andersen, the loss of $74 billion for shareholders, and
the investors experiencing huge losses. The Enron scandal was even cited as the biggest
audit failure. In 2002 WorldCom’s internal auditing department with the assistance of
KPMG team — who had inherited the WorldCom account by Arthur Andersen- revealed
that line costs had been underreported by capitalizing rather than expensing and inflated
revenues with fake accounting entries and they overstated their assets by over $11 billion.
This fraud led to the collapse of the company, 30,000 individuals lost their jobs, while

investors lost $180 billion.


https://en.wikipedia.org/wiki/Arthur_Andersen

Lehman Brothers

On September 15, 2008, Lehman Brothers activates Article 11, i.e., it files for
bankruptcy. The bankruptcy filing is still the biggest in American history. Lehman owned
assets of more than $600 billion. As the mortgage crisis reached its peak, the company
was extremely vulnerable to any decline in property prices as it had mortgaged so many
properties that it had ended up as a real estate agency. The bankruptcy caused the Dow
Jones Industrial Average to plummet by 4.5 percent per day, which was the biggest

decline since the September 11 attacks.

In the financial crisis involving Lehman Brothers, the management sold toxic
assets to Cayman Island banks with the intention of later buying them back, giving the
impression that Lehman had $50 billion more in cash and $50 billion fewer toxic assets
than it actually did. The Lehman’s external auditors Ernst and Young were aware of the
use of Repo 105, and they fail to disclose its use. In 2009, Satyam, an Indian provider of
IT solutions and administration accounting, overstated their revenue by USD 1.5 billion.
Ramalinga Raju, the company's founder and chairman, purposely altered the cash
balances, margins, and revenues to the tune of 50 billion rupees. The Indian subsidiary of
PwC was fined $6 million by the US Securities and Exchange Commission (SEC) for
failing to carry out its obligations regarding the auditing of the financial records of Satyam

Computer Services in line with the requirements for auditing and standard of conduct.
Folli Follie

As far as domestic cases of corporate financial fraud are concerned, Greece had
recently been stigmatized by the Folli Follie scandal by Koutsolioutsos family. In 2018,
this scam was revealed” after research from the American fund Quintessential Capital
Management (QCM). The defendants' criminal activity dates back to at least 2006 and is
characterized by an "orgy" of forgery of bank documents, fictitious transactions and

alleged subsidiaries of Folli-Follie in Asia, which in fact had no commercial activity.

In particular, as it was established by the audits, Folli — Follie's company in China,
for a number of years presented fictitious bank balances in legitimate bank accounts, as

well as fictitious bank balances in non-existent fictitious bank accounts and produced
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bank statements to document said balances. Subsequently, Dimitris and Tzortzis
Koutsolioutsos, according to the case file, sent to Greece the falsified financial statements
of their alleged companies in China, and requested that these be consolidated with the
balance sheets of the companies of their other group, which was active in our country, the
Europe and North America. Specifically, it was found that the revenue from the Asian
subsidiaries was $116,847 million out of the $1,112 billion announced by the company.
Moreover, Folli Follie had 341 phantom sales points in order to record higher revenues.
It had been concluded that he recorded sales were fake at about 200% up. Thus, according
to the case file, they managed to draw up "advantageous business agreements and had
easy access to loans through credit institutions, thereby shifting the risk (credit,

investment, etc.) knowingly to third parties.

The judges also refered to the actions of the Koutsolioutsos family (father and the
son) which aimed to prevent any audit that would reveal their actions. The members of
the Judicial Council characteristically report that the two defendants as managers formed
an appropriate hierarchical internal structure in such way to cover their fraudulent
behavior such as people of their trust and financially dependent on them were chosen as
members of the Board of Directors. The purpose of this criminal organization was to
provide a misleading image regarding the financial figures of the group inside and outside
Greece, to present the company Folli Follie as a healthy, solvent, profitable business, with
large annual turnovers, stable annual profits, cash available, prospects for growth and
further profitability and to make it an attractive investment, since with the false
information he drew up advantageous business agreements and had easy access to loans
through credit institutions, thereby shifting the risk (credit, investment, etc.), in

knowledge of the members of the criminal organization to third parties.

This significant financial fraud of Folli Follie, caused a huge loss which, although

it cannot be precisely determined, is estimated to amount to 413,078,346.17 euros.

Furthermore, it is interesting to be noticed that QCM had raised a big question
mark here. Baker Tilly, an internationally renowned auditor, had served as the audit firm
for a while, but it had just been replaced by Ecovis, a new company, indicating the

importance of changing the company of auditors during the scam years.



Finally, the prosecutor had accused of (apart from of the Koutsolioutsos family

and other shareholders for fraud and manipulation):

1. The Capital Market Commission regarding its broader stance in the
management of the case, both for the previous period and for the years
preceding the 2017 balance sheet, as well as for the general care and
determination in the exercise of its duties, i.e. its supervisory role

2. To Legal Entity of Public Law which checks the balance sheets, which as it
had appeared from the whole process were altered for several years and over
a period of at least 11 years

3. To banks for the loans, they granted for a number of years to the company
Folli Follie, without checking the accuracy of the company's balance sheets

and financial data.

The above accusations proved that none of the audit controls or systems had been
implemented in order to reveal this significant fraud case indicating that the current audit

system needs to be improved.
Bank of Crete

In 1979, Giorgos Koskotas worked at the Bank of Crete, handling accounting and
computing sections. He misappropriated money, stealing $150,000 from customers'
checks and the bank's reserves, resulting in his owning 95% of the bank's shares. Koskotas
became President of the Bank's board and executive director in 1985, gaining complete
control of the bank and its management. In 1987, Koskotas replaced forged documents in
several branches, covering up his 32 million US dollars misappropriation. After being
freed from US authorities, Koskotas assembled his bank employees to forge documents,
falsely certifying the legality of moneys credited to Koskotas's fictitious personal account.
In 1982, Koskotas set up 'Line' as a mass media company, diverting approximately 12
million drachmas into the company. Koskotas took control of his media company, bought
newspapers Kathimerini, Evdomi, and Vradinifor, and published positive views on
Papandreou's socialist government. He was exposed for fraud and exploited inadequate

accounting systems.

Accounting frauds in the 1980s were attributed to the shortcomings of accounting

information systems. During that period, Greek banks relied on based on autonomous
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branches setting up their own ledgers and general ledgers. However, these systems
struggled to handle emergent economic events, leading to problems in reconciling inter-
branch accounts. This weakness exposed the system's weakness, as initial cash was
recorded but no corresponding liability was set up. All major Greek banks faced similar
problems, except for Bank of Crete, which had larger percentage balances after

Koskotas's involvement increased.
Creta Farm

After the revelation of the Folli Follie fraud, yet another scandal came to
prominence in 20183. In the case of Creta Farms there was a dispute between the two big
shareholder brothers (C. Domazakis and Emm. Domazakis), which appears to have
started in 2014 and centered on the 11 million euros that one brother (Constantinos) gave
to the company and this amount had never been recorded in the financial statements.
Meanwhile, Delloite announced that Creta Farms Foods S.A, one of the largest pork meat
producers and meat-processing company in Greece, committed the following illegal
activities: 12 companies affiliated with the company but were not disclosed in the
financial statements and illegal outflows of more than 2.9 million euros had been tracked,

moving from the company to the two main shareholders during 2014-2018.

Moreover, the big issue that aroused was the huge impairments that sank
profitability and net worth, which had as result the company to show in 2018 a negative
net position of 4.7 million euros from a positive 8.7 million euros and the parent positive
net position of 6.6 million euros from 42.5 million euros. Characteristic example of how
investments and real estate were measured in previous years is the fact that, as stated in
the financial statements, the value of the buildings and plots of the subsidiary FARMA
THESSALIA was valued at 8,3 million euros, which were sold for 3,838 million euros,
amount which covered an equivalent loan of Piraeus. Of course, it is not mentioned to
whom the specific properties were transferred, resulting in a group-wide loss of
approximately 4.5 million euros. Moreover, it is important to be mentioned that having

taken into account the cash flows, the group recorded an amount of 3.46 million euros for
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cash advances and loans to third while it was known that the group was facing difficulties

was not able to give such amounts to third parties.

The interesting part in this case is that in the last 15 years, nine financial directors,
five accounting managers and several external and internal auditors have left the
company. Especially in the last three years until the scandal "erupted", the changes in the
financial directors were something unprecedented and probably have not happened again,

at least from the point of view of a listed company.

1.3 Ways to convict fraud

Financial crime includes a wide range of offenses, which are directly related to
money. Its legislation is included, in addition to the penal code (Law 4619/2019), in
various criminal laws. These laws deal with a variety of forms of financial offences, such
as competition, privacy, corruption, bribery, corporations, government abusers,
smuggling, money laundering, the environment, intellectual property, personal data, tax
offenses, debts to the State and stock exchange transactions. Also, financial crime is
defined as a wholesome of an illegal activity, which is carried out through businesses and

results in the threat or damage to the proper functioning of the economy.

The Greek legal order is aware of crimes that have an economic content or
economic significance, as this is particularly the case with crimes against property and
property rights (Pitsela, 2011). These acts, however, do not constitute financial crimes,
simply because they present an economic dimension. The term "financial crime" is
generally accepted to mean something different. The phrase "financial crime" has no
accepted definition in the field of criminal law. However, the meaning of this is usually
defined by reference to the particular legal good that is infringed upon its performance.
The legal property that is to be protected, refers to the economy, and in particular the
national economy as a whole or in some of its sub-sectors or institutions, or the economic
class. Thus, financial crime is defined as the criminal act standardized by law, which is
committed by exploiting the possibilities of the financial system and aims at increasing
the property of the perpetrator or another for whom he acts and, as a rule, damages the

property of the State, banks, businesses or consumers (Manoledakis, 2005).
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In other words, economic crime is defined as the totality of that illegal activity,
which is carried out through businesses and has the effect of insulting (threatening or
damaging) the proper functioning of the economy or its important branches and
institutions. If organized crime and purely fiscal crimes get excluded from the field of
financial crime, one will find that the common denominator of economic crimes is the

fact that everything is against the legal good, which is the economic order.

A more precise terminology would refer to “financial crime”, the insult to the
economic order, which is externalized by the acquisition of economic advantages arising
either from the development of illegal economic activity, or from the abusive exploitation
of economic power. On the other hand, in contrast to financial crime, the financial offense
as unlawful conduct, from the point of view of administrative law, constitutes an act of
non-compliance of the administered with the requirements of legitimate economic
activity. This non-compliance is abstractly assessed by the legislator as dangerous to the
economic class. Thus, when this behavior does not exceed the limits, which are set by the
legislator and determined qualitatively, so that with the corrective intervention of the state
(eg by imposing an administrative sanction), it is possible to force the administrator in
compliance with the purposes of the administration, then the conduct does not go beyond

the limits of administrative law.

Otherwise, if the administrative offense exceeds the limits of administrative law,
it constitutes a criminal conduct, which is assessed as such on the basis of the principles
of criminal law. Consequently, the financial size, either as the impugned legal property
or as the content of the purpose of the offense, is not in itself sufficient to give that act the
character of an economic crime, in the technical sense of the term. The noticeable
difference between a financial crime and a crime with a purely financial content or with
a purely economic significance, lies precisely in the appearance of the expression of the
mechanisms of the economic system, with appropriate handling by the perpetrator. The
consequences of the crime are felt, to a greater or lesser extent, as deviations and insults
of the economic system itself, because economic crime may ultimately be a pathological

consequence of the economic system itself.

Examples of criminal acts that are included conceptually to the above-mentioned

term, are the following (Reiner, 2017):

11



1. Incorrect and excessive invoicing for products and services. This category uses
deceptive pricing practices to carry out unauthorized value transfers between
importers and exporters of goods and services.

2. Multiple invoicing of goods and services. The same product or service is billed
more than once in this type of fraud, and the payments are frequently made using
a variety of different banking institutions. This scenario discusses the Ring fraud,
a type of financial scam.

Maintaining record of income before it is received
Generating fictitious income

Boosting profits with non-recurring transactions

3
4
5
6. Postponing existing costs until a later time.

7. Failing to record or disclose liabilities

8. Delaying the use of present revenues

9. Transferring future costs to a previous time frame

10. Land grabbing/Real estate scams

11. Public employee bribery and corruption

12. Unlawful international trade

13. Company’s scams

The latter two tactics project current-year profits into the future in an effort to

look to have a steady income over the years, whereas the first five tricks aim to boost
current-year earnings. Financial accounting got increasingly sophisticated along with
mergers and acquisitions and advanced financial instruments, such as holding derivatives
or engaging in other off-balance activities, making the identification of falsified financial
statements (FFS) more challenging than ever. In an overall perspective, financial fraud is
expressed through numerous criminal acts, each one affecting a different aspect of
economic activities. The present thesis focuses, as it will be analyzed thoroughly in the
following chapters, on the financial statement frauds occurring in companies listed in the

Athenian stock exchange market.

According to ACFE (2022), there are three main categories of conducting

occupational fraud:

L. Corruption

a. Conflict of interest in procurement and sales sectors
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b. Invoice bribery and bids rigging
c. Illegal tips

d. Financial Blackmailing

I1. Misappropriation of Assets

a. Cash (Theft of cash on hand or receipts or fraudulent payments such as forged
checks for personal needs, phony purchases, etc.)

b. Stock and all other assets (misuse and theft, including phony sales and

transportation, etc.)

II1. Financial statement fraud

a. Overstatements of net worth and net income (such as timing discrepancies, phony
revenues, hidden liabilities, incorrect asset estimates, and fraudulent declarations)

b. Understatements of net worth and net income (such as timing issues, understated

revenues, inflated liabilities, incorrect asset estimates, and misleading disclosures)

In the majority of cases (86%) an employee steals or uses company resources in
an improper manner. However, the median loss from these tactics is often less than
$100,000 each instance. Financial statement fraud, which occurs when an individual
intentionally causes a significant error or omission in an organization's financial
statements, is the least common (9% of schemes) but most expensive category
($593,000). Corruption, which includes offenses like bribery, conflicts of interest, and
extortion, is categorized according to frequency and losses in the middle. A median loss

of $150,000 is caused by these schemes, which happen in 50% of cases (ACFE, 2022).

In the same survey, the top 5 methods that fraudsters use in order to conceal the

scams are presented as follows:

1. Creation of fraudulent physical documents (39%)
Change of physical documents (32%)
Creation of fraudulent electronic documents or files (28%)

Change of electronic documents or files (25%)

wok »w N

Destroy or withholding of physical documents (23%)
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Moreover, it is an interesting fact that a 12% of fraudster does not proceed in any

action to conceal its fraudulent action.

Although financial crime is the subject of worldwide scrutiny, prosecution and
investigation, its peculiarities in relation to common criminal crime make it difficult to
deal with. Financial crime has many manifestations, it moves intangibly through
financial, stock exchange, banking, and other transactions, it appears in a legal form, it
can involve civil servants, prosecutors, judiciary and even politicians, resulting in deficits
in political will and action to combat it. Dealing with it requires specialization and
continuous training of the control and prosecution bodies, as new forms and methods are
developed, and in many cases the damage from the commission of the crime seems to be

diffused or unclear (Law 4619/2019).

In general, it seems that in all its different manifestations, financial crime has

common elements and characteristics, which are the following:

A. Financial crimes, because they are committed mainly in the private sphere, are
relatively invisible, as the perpetrators are legally and reasonably present at the
crime scene.

B. Financial crimes, because they are usually committed during lawful business and
professional activities, constitute a substantial and total abuse of the trust of the
parties involved, such as employees, customers, associates, suppliers, banks, the
state.

C. Financial criminals can be people who have knowledge, skills, access to internal
information networks, knowledge and use of information and media. This makes
the crimes more complicated and even more difficult to detect (Jackson et al.,

2010)

The prosecution of financial crimes is ambiguous, problematic and the evidence
of the crime is often questionable. In most cases of financial crimes, the deceit, the
intention, the computational thinking, the pre-planning of the act, the synergy, the
formation of a criminal gang is questioned. Also, the rarity of the disclosure of financial
crimes and often the impossibility of presenting solid evidence, testimonies, evidence of
a crime, leads to the acquittal of the accused due to lack of sufficient evidence, as well as
the absence of a previous convicted similar case. In many cases, law enforcement
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authorities analyze and study documents and evidence, and are unable to have evidence
because there are no eyewitnesses. The offense may be ongoing and there may be a lack
of temporal or geographical identification, such as fraudulent transactions, concealment

of taxable material, bank fraud, and the misuse of confidential information.

Finally, it is characteristic that most of the time, both the prosecuting and the
judicial authorities are unable to locate where the money that has been illegally obtained
in the execution of the illegal act has been spent or "sent". Therefore, they try, either
through the freezing of the bank accounts of those involved and the confiscation of the
assets of those convicted of financial crimes, or through a background financial check of
the suspects, to identify the misappropriated money came from. The latter is particularly
difficult, as the mentioned check can mainly work hypothetically and indicative of where
the money may have been spent. Illegal enrichment can be seen in part and under certain
conditions with this control. In most cases, however, the proceeds of crime are consumed
immediately, diffused into consumption in the form of services and expenses, and in some

cases even "fled" illegally abroad, so that their traces are lost forever.

1.4 Profile of fraudster

It is an undeniable fact that if researchers concentrate on bettering their grasp of
the fraudster's profile, the volume of scams that are discovered will rise dramatically.
According to academics, there is a meaningful relationship between the authority of the
fraudster and the extent of the scam. Only 23% of the frauds in the survey conducted by
ACFE (2022) were committed by owner/executives, yet the median loss in such cases
($337,000) was substantially higher than losses brought on by managers ($125,000). The
corresponding amount by employees is $50,000. Hereby are presented some elements of

the ACFE’s survey:

1. The main departments in an enterprise that are keener to proceed in
occupational fraud are operations (15%), accounting (12%), executives or top

management (11%) and sales (11%).

2. 85% of fraudsters appears red flags for fraudulent behavior.
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3. 48% of top management fraudsters delete the evidence.
4. 61% of managers fraudsters create fraudulent evidence.

5. More perpetrators are individuals with higher levels of authority in their
companies (62%), such as managers, executives, or owners. This percentage had been

increased the current years (in 2012 was 56%).

6. Most scams derive from collaboration of the fraudsters. In 2012 a 58% of
revealed scams was conducted by one perpetrator, although in 2022 the same percentage

(58%) was for 2 and more fraudsters.

7. The perpetrators are mainly men (73%). Although the losses from men
scammers were $200,000 and $91,000 from women in 2012, in 2022 the gap has
narrowed and the amounts from men and women perpetrators were $125,000 and

$100,000 correspondingly.

8. Long tenure fraudsters steals triple bigger amount than the new ones. For
instance, an employee who works in the company 10 years and more, can cause an
estimated scam of $127,000 while an employee with a maximum of 5-year-tenure can

cost the company approximately $36,000.

9. The 54% of scams had been committed by individuals between 31-45 years
old. Contrasted with, median losses tended to increase with age. Only 3% of perpetrators
were over 60, yet their typical loss was $800,000, significantly higher than that of any

other age group.

10. 65% of people who committed occupational fraud had a university degree or
higher. This group's median losses were higher than those of people with lower levels of

education.

Additionally, according to KPMG (2013), a 39% of perpetrators are highly
respected, a 35% develops a friendly behavior among the professional environment and

a 339% are extroverted.

Except for this evidence, researchers focus on deeper characteristics of fraudsters’
behavior, and motives which exhibits fraudulent red flags. ACFE (2022) reveals the most

common red flags which leads to occupational fraud:
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1. Living beyond means (39%)

2. Financial distress (25%)

3. No usually relationship with vendor/client (20%)
4. No behavioral red flags (15%)

5. No desire to share tasks (13%)

6. Intimidation (12%)

7. Family issues such as divorce (11%)

8. “Dealer” attitude (10%)

Less than 10% of the remaining causes are as follows: intense peer or family
pressure to succeed, workplace stress, vacation dismissal, social estrangement, prior legal
issues, lack of authority, other career barriers, etc. Long tenure individuals are developing
more common the categories such as living beyond means (43%), very close relationship

with specific vendor/clients (25%) and no willing to share tasks (19%).

Moreover, KPMG (2013) claims that desiring to conceal bad information (22%)
corporate competition (23%), market competition (29%) and aggressive sales
environment (31%) introducing some important determinants to lead an individual to
commit occupational fraud. The same study focuses on specific emotional motivations
that explains the reason why scammers conduct fraudulent actions; sense of anger (17%),
sense of being with a lower salary than expected (14%), sense of being underestimated
(13%) and sense of fear (7%). Furthermore, KPMG’ s researchers have studied the
characteristics of personality that may lead to scams; personal profit (47%), greed (42%),
sense of superiority (36%), tendency of being dishonest and in collusion (31%) and
capability “because I can” (18%). The last characteristic can be more intense because the
applied controls are weak giving the advantage to fraudsters to expand their fraudulent
action within the company. According to (ACFE, 2022), an absence of internal controls
(29%), internal controls being overridden (20%), and a lack of management review (16%)

are some of the reasons fraudsters continue to engage in their activities.

Additionally, ACFE (2022) approaches the HR-related issues which are most

common between perpetrators; fear of job loss (16%), poor performance (15%), denied
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increase of salary or promotion (12%), cut of benefits (7%), decrease in salary (6%),

actual job loss (6%), unwilling decrease of hours (4%) and demotion (4%).

All the aforementioned of fraudsters’ characteristics, behavior, personality, and
motivation, provide to researchers an advantage in thoroughly understanding why a
perpetrator will proceed in fraudulent action, enhancing auditors’ performance in

detecting red flags for occupational fraud.

1.5 The cost of financial fraud

Financial fraud is widely known as an excessively costly crime with a multiple
negative impact globally. Whoever the scammer is within the company, the followers are
accepting the consequences of the fraud once it is revealed: owners/executives, top
management, managers, employees, shareholders, external auditors, government,
organizations, vendors, clients and of course, the society. The financial costs combining
with the negative reputation of failing detecting a fraud, the unemployment causing by
companies’ closure and the lack of trust in the whole control mechanism lead to a collapse
of institutions. Karpoff (2021) develops a third-party enforcement -named The Trust
Triangle (TT)- which encourages individuals of not committing financial crimes. The
parties are personals ethics, integrity, and culture (TT1), laws, institutions, regulations,
and regulators (TT2), market forces and reputational capital (TT3). In the same survey, it
1s mentioned that a collapse in institutional trust promotes an uptrend in scams while all

the three aspects of trust triangle are undermining.

Focusing on financial costs, the global study by the ACFE (2022) analyzed data
from 133 countries and estimated that about 5% of annual corporate revenues are lost due
to fraud. The largest part of this cost is attributed to financial statements fraud, which,
although not as frequent as other types of financial fraud, it has a much higher cost. The
same study estimated that the damage from investigative fraud cases exceed $7 billion.
In the case of fraud, the average loss was found to be $130,000, whereas the average loss
due to corruption an average was $250,000. According to a previous study, Karpoff, Lee,
and Martin (2008), when a company's wrongdoing is revealed, it loses 38% of its market

value. This finding suggests that the market is responding to a more truthful picture of a
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firm's financial status. This represents the "true" corporation value adjustment if the

company's books had not been falsified.

Moreover, ACFE (2022) proves that the more the perpetrators, the higher the cost.
For instance, a median loss of three and more fraudsters is $219,000 and the
corresponding amount for one perpetrator is $57,000 with an average period of scam 12
months. According to the same data, an owner or executive commits fraud at a rate that
is around three times as fast as that of employees and supervisors. These results highlight
how those in the top levels have a lot more ability than those in lower positions to harm
the organization. Energy, manufacturing, and government/public administration were the

three industries with the highest incidences of corruption, according to (ACFE, 2022).

In their study, Button et al. (2015) focused on wide variety of consequences to
other fields. Thus, they discovered that some of the major extra expenditures included
those for investigations, staff postponement, internal disciplinary actions, external
sanctions, continuing staff replacements, incidental charges, and unforeseen expenses.
The findings, particularly for initial scams under £25,000, revealed considerable

expenditures that are significantly more than the value of the crime.

Research and the experience of professional investigators have shown that the
longer a fraud lasts until it is exposed, the more it grows and affects its victims.
Specifically, the ACFE study notes that fraud cases that last more than five years, cost 20
times more than those revealed within 6 months. On the other hand, the perpetrators tend
to start with small-scale scams and rapidly increase their acts in less than three years.
Therefore, it is imperative that companies use fraud prevention and timely repression

mechanisms to minimize the damage caused.

Financial statement fraud has affected significant corporations over the past few
decades, which has hurt capital markets and reduced shareholder value (Hajek &
Henriques, 2017). In particular, Beasley (1996) notes that (1) the average fraudulent
firm's stock price decreased by 16.7% in response to the initial press disclosures of an
alleged fraud, (2) 28% of fraudulent firms were liquidated or declared bankrupt within
two years, (3) 47% were delisted from a national stock exchange, and (4) 62% were
impacted by material asset sales. In addition, four of the ten biggest bankruptcies in

American history were linked to significant financial frauds (Abbasi et al., 2012).
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Financial fraud may, in fact, serve as a good predictor of severe financial issues that lead
to bankruptcy (Beneish, 1999). As a result, investors and other participants in the capital

market have been extremely concerned about financial statement fraud.

1.6 Corporate governance approaches

It constitutes an admittedly fact that occupational fraud costs significant amounts
to a plethora of sectors and, it is understandable that the existing audit controls cannot
detect the frauds in a short time exceeding the financial costs. As it has been mentioned
in the above paragraphs, it is important auditors to change their approach in detecting FFS
by implementing theories concentrated to understanding the motivation of the fraudsters

and not only to examine financial ratios.

1.6.1 Fraud triangle theory

“Trusted persons become trust violators when they conceive of themselves as
having a financial problem which is non-shareable, are aware this problem can be
secretly resolved by violation of the position of financial trust, and are able to apply to
their own conduct in that situation verbalizations which enable them to adjust their
conceptions of themselves as trusted persons with their conceptions of themselves as users

of the entrusted funds or property (Cressey, 1973).”

In 1953, Donald Cressey published his survey-among many others- on organized
crime, called Other People's Money: A Study in the Social Psychology of Embezzlement.
Due to his academic studies on sociology and criminology and having an honest interest
on why fraudsters get tempted to commit fraud, he conducted extended research that
included the interviewing of 200 fraudsters convicted for embezzlement. It was after
identifying 3 basic elements that were common to all fraudsters, in relation to their

motivation for committing fraud, that Cressey developed his theory on Fraud Triangle.

According to Cressey's theory (1953), there are three conditions that accompany

fraud: opportunity, pressure / motivation and rationalization. These three conditions
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create the concept of the "Triangle of Fraud". It refers to a set of conditions that must

exist for a criminal activity or act of fraud to take place. Thus, the three components of

the fraud triangle are defined as follows:

1.

The opportunity, which must be sufficient to commit fraud. Therefore, situations
or the environment must allow criminal activity to take place. Opportunity
includes generally loose of restrictive measures circumstances that allow the
person to move easily towards the thought of committing fraud and eventually
daring it.

The rationalization of the individual, which is the most important element, as this
includes the mentality of an individual that leads him or her to commit crime or
act unlawfully. By giving oneself excuses for the righteousness or the unharmful
of the act, the potential fraudster attempts to justify the act of fraud.

The pressure that the person receives or the motivations that influence him to
commit fraud. No person commits a crime or fraudulent activity without any
motive. Motivation is most frequently created by feelings of revenge or distress,
or when money is scarce or in great need or when the potential fraudster is being

blackmailed.

More specifically, those three factors that create opportunities for fraud, can be

examined through an alternative/opposite scope (Brink et al., 2013):

An environment of opportunity is cultivated due to Dorminey et al. (2012):

Lack of internal control. Absence of segregation of duties, lack of proper
organization in a company, absence of physical controls and ineffective
supervision are characteristics of an inadequate internal control system that
nurtures criminal activities.

Ineftective board. When the board of directors is inadequate and weak or lacks
independence, senior management is being given an opportunity to conduct fraud
as they believe that there is no strong control mechanism to monitor its conduct
and practices.

Practices of impunity. When there are no penalties for offenders in a company,
employees are encouraged to commit fraud as they believe that revealing it will
not lead to dismissal or any severe reprimand.
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4. Lack of ethical guidance and leadership. There is a need for the competent people,
who are usually the management and the senior executives of the departments of
a company, to take the responsibility to properly inform and guide those involved
in all departments of an organization, most importantly in the accounting circuit.
In addition to providing ethical guidance, management must also act as a model

of ethical behavior.

Furthermore, rationalization represents a code of moral values or behavior that
allows individuals to commit a fraud voluntarily and intentionally, justifying the act.
People do not commit a fraud if they cannot justify it according to their own beliefs and
morals. For example, executives, to justify an act of fraud, invoke opinions such as that
everything should be sacrificed for the good of the business or that all financial units
apply similar practices. On the other hand, employees can justify an act by claiming that
they feel that they are paid little, that everyone does the same, that one has to do anything
in order to move up the hierarchy (Gabbioneta ef al., 2013).

The motives and reasons that lead a company to the deterioration of its financial
statements come from both the internal (employees, management) and the external
environment (industry, state, competition). The growth rate of companies in recent
decades and the competition of companies for higher profits, have led both executives
and employees themselves to commit fraud either for the benefit or to the detriment of
the company. The expectations and motivations that are created are the reasons for
cultivating to the individual the desire to commit fraud. The most important motivations
/ pressures that push individuals, executives, and non-executives, can be located in

Mayhew and Murphy (2014):

1. The intense competition of companies

2. The pressure to meet the expectations of investors and the capital markets

3. Financial incentives from the company itself. For example, executives may be
better paid or get a raise when the organization’s financial results are satisfactory
or present a raising tendency. These goals can easily lead to adopting practices
that lead to distorted financial statements or equivalent acts of fraud.

4. The composition of the board of directors.
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5. The managing director holding the position of chairman of the board. It is possible
that in such a case there is no proper separation of responsibilities between the
two roles.

6. The growing growth rate and size of a business.

7. The specialization and high training of the external auditor.

PRESSURE

FRAUD
TRIANGLE

OPPORTUNITY RATIONALIZATION

Figure 1: Fraud Triangle

1.6.2 Fraud diamond theory

Completing and evolving the fraud triangle theory, Wolfe and Hermanson (2004)
published in “The CPA Journal” a new improved theory that introduced a new parameter
to the aforementioned three conditions, that of the capability of the fraudster to conduct
fraud. The Fraud Diamond theory, as it was named, is more oriented to individuals that
play an important role in committing fraud. Maintaining the three basic elements of
Cressey’s theory, the advanced fraud diamond theory, adds an additional element-that of
the ability of a person to proceed in fraudulent actions- that needs to be detected before
deciding on the existence of fraud. In a broader perspective, opportunity paves the way

for fraud, while motivation and rationalization allow the individual to go forward with it.
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However, it is considered as a prerequisite that the individual must have the ability to

recognize the opportunity and seize it, not just once, but repeatedly.
Ability

The perpetrator has the ability; personal characteristics and skills. These may
include position / tasks, knowledge and intelligence, self-confidence / selfishness, skills,
pressure, ability to lie effectively and immunity to stress. Ability is described as the state
in which a person possesses the required traits, abilities, or skills to conduct fraud. These
characteristics play a crucial role in whether there is a real possibility of fraud. A
prospective scammer must be able to spot the specific opportunity for fraud and have the
skills necessary to take advantage of it. Ability is supported by status, cognitive ability,
ego, uncontrollable urge, dishonesty, and anxiety (Wolfe and Hermanson, 2004).
According to Bressler and Bressler (2007), as reported by Mackevicius and Giritinas
(2013), having motives, opportunities, and justification of one’s behavior, does not
necessarily mean that a person is able to commit fraud, due to lack of the ability to do so
or hide it. This element, according to Albrecht et al. (1995) is crucial when large-scale or
persistent fraud is being evaluated. Additionally, considering Albrecht et al. (1995) paper
only someone with a very high level of capacity will be able to comprehend the current
internal control techniques and processes, spot its flaws, and use them in planning when

enacting fraud.

Position / Operation

A person's position or job within an organization may give them the possibility to
create or seize a fraud opportunity that is not available to others, according to Wolfe and
Hermanson (2004). Additionally, as people frequently complete a job, like signing
banking agreements or opening new vendor accounts, their capacity for fraud grows as

they get more familiarity with the protocols and safeguards.
Intelligence / Creativity and Ego

The potential fraudster is someone who can identify and exploit gaps in internal
control mechanisms and take advantage of their status, job function, or other privileges.
Smart, experienced, creative people with a consistent understanding of the controls and
vulnerabilities of the systems they handle are usually the ones committing most of the

biggest scams today. ACFE (2022) revealed that 65% of scammers had at least a college
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degree or higher and as it has been already noted, executives and managers commit the

largest losses in occupational fraud.

Additionally, fraudsters are characterized by a strong ego and having faith that
their actions won't be noticed and believing that they can get away with it if they are ever
found. This self-confidence, reaching to the point of arrogance, can affect a person's
evaluation of the pros and cons regarding their involvement in fraud. The estimated cost
of deception is higher the more self-assured a person is. One of the most prevalent
personality qualities of fraudsters, referring to a related article titled "The human face of
fraud," is ego. An individual who is "driven to succeed at all costs, self-centered,
confident in themselves, and arrogant" is considered selfish (Duffield and Grabosky,
2001). Additionally, the most frequently seen personality traits include a tendency toward
grandeur, a need for adulation, and a lack of compassion for others. People with this
disorder believe they are superior or unique and are likely to have inflated views about

their accomplishments and abilities.
Coercion, Deceit and Stress

A successful scammer can force others to commit or conceal a fraud (Rudewicz,
2011). A person with a very persuasive personality may be able to persuade others to
commit fraud or simply conceal the fact. The fact that "bullies" are a typical personality
type among fraudsters is also emphasized. These individuals "make unusual and
substantial demands of those who work for him, develop fear rather than respect, and
refrain from being bound by the same standards and processes as others" are all examples

of bullies.

According to Wolfe and Hermanson (2004) and Rudewicz (2011), a successful
scammer must also lie effectively and consistently. To avoid detection, the scammer must
present to auditors, investors, and others a realistic, yet untrue, version of facts and
convince them of an unrealistic situation. Thus, fraudsters must also can keep track with
their lies so that the overall story remains consistent. In the Phai-Mor scam, the auditors
claimed that Phar-Mor had formed a group of scammers consisting of executives and
former auditors whose mission is to ensure that they are constantly working to hide

evidence of fraud. Among other things, the auditors claimed that the fraud team not only
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lied but also forged documents and "cleaned up" what the auditors found out in order to

conceal their acts (Cottrell & Glover, 1993).

Another common characteristic of fraudsters is their ability to handle stressful
situations (Manurung & Hadian, 2013). Fraud also requires fraud management over a
long period of time, a situation that can clearly be stressful. As the risk of detection has
not been eliminated, along with the personal consequences an arrest may induce, there is
a constant need to hide the fraud daily. The individual must be able to control his/her
anxiety, as committing and concealing an unlawful act can be an extremely stressful

process (Rudewicz, 2011).

INCENTIVE OPPORTUNITY

FRAUD DIAMOND

RATIONALIZATION CAPABILITY

Figure 2: Fraud Diamond
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Chapter 2. Literature Review

2.1 Financial Fraud Detection

The negative consequences due to financial statement fraud continue to rise. A
vast amount of losses is annually estimated and except for the economic cost, fraud cases
cause many other harmful effects. Major financial scandals (e.g., Enron, Parmalat,
WorldCom, Freddie Mac, Lehman Brothers, etc.), lead to the rising unemployment rates
wide-ranging operational turmoil (Abdullahi & Mansor, 2015b), conflicting interests, and
the collapse of governance standards. The last three difficulties have been the catalyst for
the shake-up of stakeholder confidence in the functioning of the financial market and the
weakening of its credibility (Abdullahi & Mansor, 2015b; Albeksh, 2016; Bierstaker et
al., 20006).

During crisis conditions, companies face complex financial problems such as lack
of liquidity and higher possibility of failure, thus increasing the likelihood of resorting to
fraudulent activities (Giovanis et al., 2016; Rezaee, Z., and Riley, 2010). Some companies
use innovative accounting methods and other actions that are contrary to the rules
governing the preparation of financial statements, in an effort to avoid failure and improve
their performance and reputation (Pazarskis et al., 2017). According to Amiram et al.
(2020), over 50% of the offenders in their sample would rationally consider it
advantageous to commit misbehavior if the risk of detection is 31% as predicted by

(Dyck, Morse, and Zingales, 2010).

In response to the growing concerns about the identification of falsified financial
statements, researchers have intensified their efforts to develop effective methods for
fraud detection. Studies such as those of Beneish (1999) and Dechow et al. (2011), have
relied on annual financial statements to extract relevant information for financial fraud
detection. According to Jofre and Gerlach (2018), normal auditing procedures frequently
fail to detect falsified accounting reports due to audit limitations, thus necessitating the
usage of analytical approaches to detect accounting fraud. Many studies focused solely
on financial variables (Kirkos et al., 2007; Spathis et al., 2002; Wyrobek, 2020) while

recent research has additionally examined linguistic variables (Humpherys et al., 2011;
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Kydros et al., 2022) corporate governance information (Birol, 2019; G. Chen et al., 2006),
as well as the fraud triangle or fraud diamond theories (Abdullahi & Mansor, 2015b;
Sanchez-Aguayo et al., 2021; Skousen et al., 2009).

Falsified reporting fraud is usually performed by management (Goel & Gangolly,
2012; Wells, 2011) and it is difficult to detect because it is mainly carried out by
individuals who have the ability to bypass internal and external audit systems (Firth et al.,
2011; Wells, 2011). Due to the heavy summarization and consolidation of financial
statement data, it is both easier to conceal frauds and almost impossible to detect them
using traditional modeling techniques, as demonstrated by Whiting et al. (2012). For this
reason, researchers trying to change the traditional approaching by understanding the
reason why perpetrators appear fraudulent behavior. More specifically, as it is already

mentioned, they deal with fraud triangle and fraud diamond theory.

The fraud diamond approach examines four dimensions that lead fraudsters to
conduct fraud: (a) pressure/motivation, (b) opportunity, (c) rationalization, and (d) ability.
The first and most important factor is intense pressure, which is linked to an individual’s
motivation and drive to illegal actions. The second aspect, opportunity, refers to the
activity that leads to fraudulent actions and the potential to commit them. The third
component, rationalization, refers to the idea that individuals may excuse their dishonest
behavior, making it appear justified and reasonable (Awang et al., 2020; Wolfe &
Hermanson, 2004). Finally, it is considered as a prerequisite that the individual must have
the ability to recognize the opportunity and seize it, not just once, but repeatedly (Wolfe
and Hermanson, 2004).

Several notorious cases such as WorldCom and Enron and he revealed that senior
managers were typically involved in, encouraged, approved of, and aware of the
fraudulent operations. According to social psychology studies, managers who want to
hide the truth may exhibit certain linguistic clues that make it easier to spot fraud by
observing their emotions and thought processes (DePaulo et al., 1982). Consequently,
earlier research has highlighted the growing significance of textual analysis of financial
reporting. In the framework of annual reporting, textual information, such as the
Management Discussion and Analysis section, which tries to give investors an insight

into the management's perspectives regarding the organization's prospects, supports
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quantitative financial information. The language in this section could provide insight into

managers' thought processes and point to dishonest behavior (Craja et al., 2020).

2.2 Data Mining Techniques

Fraudulent financial reporting is a crucial social and economic concern (Wei et
al., 2017) and fraud detection constitutes is a complex issue due to the involvement of the
human factor. Thus, commonly applied methods are not enough to detect falsified
statements (Aboud & Robinson, 2020). In the literature on fraud detection based on
recognizing anomalies, automated approaches based on analytical methodologies are
currently popular (Chimonaki et al., 2019; Sadasivam et al., 2016; West & Bhattacharya,
2016). Finding instances of data that do not follow the expected course of events is a
challenge that is addressed by the broad discipline of anomaly detection (Chandola et al.,
2009).

Once a researcher decides to select the best anomaly detection technique to use,
the availability of labeled data is a crucial factor. Any data set's label for each data
instance shows whether the instance is anomalous. The supervised anomaly identification
method faces a considerable challenge because the anomalous class is often infrequent in
comparison to the normal class. It can be difficult to find precise descriptors that
accurately describe the anomalous class. Thus, according to the existence of labelling a

technique can be supervised, semi-supervised, or unsupervised.

The assumption made by supervised anomaly detection approaches is that the data
collection being used contains categorized instances that belong to either a normal or
anomalous class. Many of these techniques offer a normal and abnormal forecasting
framework that may be applied to categorize newly acquired data. Whilst the only
occurrences in the data set that are labeled, according to semi-supervised anomaly
detection approaches, are those that correspond to the normal class. Since it is difficult to
acquire data that is typical of all anomalous behavior, there is a relatively small range of
approaches and literature developed to work with data sets when only the anomalous class
is present. The last approach is the unsupervised anomaly detection in which no labels

are required. Unsupervised methods implicitly assume that in the test set of the data,
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anomalous occurrences are far less common than regular events; otherwise, the false

predictions of these methods will be larger than anticipated.

A range of statistical and machine learning methods are used to create financial
misconduct detection models (Abbasi et al., 2012; Goel & Gangolly, 2012). According
to Zhou et al. (2018), most fraud-detection systems use at least one supervised learning
method such as artificial neural networks (ANNs), decision trees (DTs), support vector
machines (SVMs), accounting regression (LR), random forest (RF), k-nearest neighbor
(kNN), ensembles (bagging, adaboost, etc.) and multicriteria methods (for instance
UTADIS). However, the most used one is the logistic regression model. For instance,
Kim et al. (2016) noted that logistic regression models have been utilized in 10 of the 15

financial statement fraud detection studies that were considered in the literature review.

Support vector machines, on the other hand, are a more preferred option in more
recent predictive studies because of their excellent classification accuracy (Abbasi et al.,
2012; Cecchini et al., 2010; Perols, 2011). Perols (2011) for instance, examines the
effectiveness of six well-known statistical and machine learning methods for spotting
financial statement fraud under various assumptions on the costs of misclassification and
the ratios of fraud firms to non-fraud enterprises. He demonstrates that support vector
machines and logistic regression outperform artificial neural networks, bagging, C4.5,
and stacking. Dyck er al. 2010) demonstrated that when it comes to accurately
recognizing fraudulent organizations, ensemble methods outperform other machine
learning techniques. On the contrary, Mohammadi ef al. (2020) found that ANNs perform
well in comparison to bayesian networks (BN), discriminant analysis (DA), LR, and

SVMs.

Using data from the Greek market, Spathis ef al. (2002) compared the UTADIS
classification approach against two multivariate statistical techniques, namely
discriminant and logit analysis. They found that the UTADIS multicriteria method
outperforms the two statistical methodologies. Moreover, in the same study they
concluded that financial ratios such as total debt to total assets ratio, inventories to sales
ratio, are significant “red flags” to detect fraud. Kou et al. (2004) claim that classes of
models may be developed employing techniques includes LR, DTs, SVMs, ANNs, and

naive Bayes to identify new fraudulent cases before human experts are able to observe
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them. Liou (2008) compared the performance of LR to that of ANNs and DTs, concluding

that LR was the most successful of the three data mining techniques.

Gaganis (2009) developed 10 distinct classification models for the detection of
FFS using financial and non-financial data, including classical classification methods like
logistic regression, discriminant analysis, and the k-nearest neighbors, artificial
intelligence methodologies like SVMs and neural networks, as well as multicriteria
methodologies. According to Gaganis (2009), LR is easy to use and has very limited
computational requirements compared to complex data mining approaches. In contrast,
Kotsiantis et al. (2006) observed that LR performed poorly when compared to other
approaches. The effectiveness of decision trees, neural networks, and Bayesian networks
in the identification of fraudulent financial statements are also investigated by Kirkos et
al. (2007), who demonstrated that the Bayesian network model performed better than the
others. Multi-class classification is possible using Bayesian network models, which also
directly give class probabilities estimates (important for cost-sensitive learning later) and

function well even with severely skewed class distributions (Leong, 2015).

Additionally, recent research has started to focus on linguistic factors taken from
texts from corporate reports that could contain deceptive remarks (Kydros et al., 2022).
Because financial statement fraud is related with enormous amounts of textual data, text
mining has been reported to be very beneficial for fraud detection (West & Bhattacharya,
2016). To compare analysts’ reports, Huang et al. (2018) employed a topic modeling
methodology from computational linguistic research. In the basic idea of fraud detection
within texts, machine learning (Sanchez-Aguayo et al., 2021; Xia et al., 2020), sentiment
analysis (Kauffmann et al., 2019), or meta-synthesis qualitative approaches have been
used. More precisely, Bonsall e al. (2017) discover that yearly reports have grown in
length over time, the percentage of unstructured language has increased dramatically, and
there is still a significant quantity of hidden information to be discovered. Zhang ef al.
(2021) converted texts into digital data and used text analysis in conjunction with machine

learning and vector index to find those financial issues that were buried.

By creating a dictionary, the Bag-of-Words (BoW) model depicts files as an N-
dimensional vector using words as its unit of measurement. The amount of each position
represents the word frequency, while the number of digits of the vector represents the size
of the dictionary. Based on the findings of Skillicorn and Purda (2012), they may create
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the financial industry's BoW vector, screen and keep high-contribution words using
random forest, and then use SVM to forecast the likelihood of fraud. In terms of the true
positive rate (fraudulent detection), Hajek and Henriques (2017) discovered that
ensemble approaches performed better than the other methods. Contrarily, for non-
fraudulent cases, the Bayesian belief network (BBN) provided the best performance (true
negative rate). This discovery for true positive rate and true negative rate is significant
because it could lead to the derivation of interpretable "green flag" values (for which fraud
is probably not present), which could help auditors make decisions during client selection

or audit preparation.

With a focus on the types of variables utilized as inputs, the evaluated
methodologies, and the method that was shown to perform best in each study, Table 1
summarizes indicative studies on the identification of FFS. It seems that a 43% of these
papers use different types of neural networks. Additionally, methods which were used in
papers with best performance metrics, are the random forest algorithm (Whiting et al.,
2012; Wyrobek, 2020), support vector machines (Y. J. Chen et al., 2019; Pai et al., 2011),
multicriteria methods (Hooda et al., 2019), ensembles (Hooda et al., 2019; Kotsiantis et
al., 2006), Bayesian belief networks (Kirkos et al., 2007) and logistic regression
(Pazarskis et al., 2017). The vast majority of academic research use financial variables as
inputs (Omar et al., 2017; Wyrobek, 2020; Yang & Jiang, 2020). Several studies have
combined financial variables with corporate governance and audit control variables (Kim
et al., 2016; C. C. Lin et al., 2015), whereas some other studies use linguistic variables,

such as the papers of Craja ef al. (2020) and Throckmorton et al. (2015).
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Table 1: List of indicative recent studies on the identification of falsified
financial statements

Authors Variables Methods Country Best method
Zhang et al. (2021) LNG 1838&]’ NB, R, CHN SVM
Craja et al. (2020) FIN, LNG HAN USA HAN
Wyrobek (2020) FIN IEI% DD& I;E,QNN USA RF

MCTOPE, RF,
Hooda et al. (2019) FIN ST IND MCTOPE
DS, NB, SVM
Hajek & Henriques
(2017) FIN Fuzzy USA Fuzzy
Chen et al. (2019) LNG SVM, LR, KN, DT TWN SVM
Dong et al. (2018) LNG EXM’ ANN, DT, USA SVM
Jofre & Gerlach DA, LR, ABOOST, DA
(2018) FIN Boosted trees, RF USA Boosted trees
Omar et al. (2017) FIN ANN MYS ANN
Pazarskis et al.
(2017) FIN LR GRC LR
Kim et al. (2016) FIN, CG LR, SVM, BN USA LR
Lin et al. (2015) FIN, CG, AUD ANN, DT, LR TWN ANN
Throckmorton et al. GLRT, NB, LR,
(2015) FIN, LNG KN USA GLRT
Whiting et al. PROBIT, LR, PAE,
(2012) FIN STGR, RL USA RF
Ravisankar et al. SVM, GP, PNN,
2011) FIN, AUD GMDH, LR CHN PNN
Pai et al. (2011) FIN, CG SVM TWN SVM
Krambia-Kapardis
etal. (2010) AUD, CG ANN CYP ANN
Kotsiantis et al. KN, SVM, .
(2006) FIN Boosting GRC Boosting
Cecchini et al.
(2010) FIN SVM USA SVM
DA, LR, SVM, PNN
Gaganis (2009) FIN, CG, AUD PNN, ANN, KN, GRC
MHDIS, UTADIS UTADIS
Gaganis et al.
(2007) FIN KN, DA, LR GBR KN
Kirkos et al. (2007) FIN DT, ANN, BN GRC BBN
Spathis et al. (2002) FIN UTADIS, DA, LR GRC UTADIS
Carcello & Nagy
(2004) FIN, CG, AUD LR USA LR
Fanning & Cogger LDA, QDA, LR,
(1998) FIN, CG, AUD NN USA NN

Notes: Variables’ Category: Financial (FIN), Corporate Governance (CG), Audit (AUD), Linguistic (LNG)

Methods: ANN=Artificial Neural Networks, PNN=Probabilistic Neural Networks, MLP=Multi-layer Perceptron
classifier, LR=Logistic Regression, SVM=Support Vector Machines, GA=Genetic Algorithms, GP=Genetic
Programming, MCTOPE=Multicriteria TOPSIS-based Ensemble, STGR=Stochastic gradient boosting, RL=Rule
ensembles, DS=Decision Stump, RF=Random Forest, DT=Decision Trees, GMDH= Group Method of Data Handling,
GLRT=Generalized likelihood ratio test, NB=Naive Bayes, BN=Bayesian Networks, DA=Discriminant Analysis,
LDA=Linear Discriminant Analysis, QDA=Quadratic Discriminant Analysis, KN=k-Nearest Neighbors,
HAN=hierarchical attention network, PAE=Partially adaptive estimators, BOW=Bag of words
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From this brief overview of the existing literature, it is evident that prior studies
have relied on binary classification approaches for model development. In contrast, the
present study explores the effectiveness of multi-label approaches, which enable the
simultaneous consideration of different forms of financial statement falsification, thus

providing more guidance on the description of each fraud instance.

2.3 Applied variables

Indicators which suggest the existence of financial fraud, are derived from various
sources, such as balance sheets, income and cash flow statements, the report of retained
earnings (Ravisankar et al., 2011), restatements (Firth et al., 2011), social media (Dong
et al., 2018), online data (Van Der Aalst et al.,, 2011), auditors’ reports (Gray &
Debreceny, 2014; Spathis et al., 2002) etc. In general, fraud detection is carried out by (i)
using accounting data from financial statements, (ii) using financial ratios extracted from
them, and (iii) using non-financial indicators related to managerial decisions or corporate

governance practices (W. S. Albrecht et al., 2008; Fernandez-Gamez et al., 2016).

Financial variables constitute an important tool to detect financial fraud. They can
be divided into several categories such as liquidity, solvency, profitability, and efficiency
(Ravisankar et al., 2011). The inputs can typically be further subdivided into firm size,
corporate reputation, profitability ratios, asset structure, business scenario, liquidity,

leverage, and market value ratios (Hajek & Henriques, 2017).

The study of Mohammadi et al. (2020) also assesses the impact of a number of
additional potential explanatory factors, including nonfinancial indicators, discretionary
accruals measurements, and red flags highlighted in auditing standards (Beneish, 1999;
Brazel et al., 2009). The main study on financial reporting frauds by Feroz et al. (1991)
found that dishonest businesses nearly always inflate their inventories and accounts
receivable. In a later analysis of the distinctions between fraudulent and non-fraudulent
businesses, Beneish (1999) incorporated the volume of receivables and the length of the
debt collection process as distinct variables for the two groups. When Beneish (1999) was
constructing his suggested model, he highlighted accruals (capital change in non-working
capital plus dis-projection) as a viable fraud detection index along with debt collection
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prediction, gross profit margin, asset growth index, and sales growth index. Employee
productivity, debt to equity, sales to total assets, inventory to sales, return on equity, return
on sales, liabilities to interest expenses, and assets to liabilities were chosen as inputs in

this Mohammadi’s study (Mohammadi et al., 2020).

Accruals quality-related variables have demonstrated discriminating potential,
including changes in inventories, industry-level, and organizational context-based
metrics (Kim et al., 2016). The same study also found that market indicators like the short-
term interest ratio and the firm-efficiency measure are helpful in identifying false
statements and intentional fraud. According to Wyrobek (2020), the cash flows from
financing activities, terminated operations, investment income, interest income, other
equity, short-term investments, unrealized profits and losses, and other factors were
higher for fraudulent enterprises. Excise taxes (income statement), interest payments,
other assets, restricted cash, pension liability adjustments, total receivables, and plant
assets were all lower for fraudulent corporations than for "fair” ones. This shows that
unfair organizations have a relatively high focus on financial operations and have less

value invested in plant assets.

Pazarskis et al. (2017) found that profitability ratios such as profit or loss before
taxes/ total assets, net income / stockholders’ equity (ROE), and net income / total assets
(ROA) are variables that significantly influence fraud detection and non-fraudulent firms
show better results in their financial reporting. Moreover, the same situation exists for
liquidity ratios, such as current assets / current liabilities and (current assets-stocks) /
current liabilities. In the same research, the likelihood of falsification was found to be
significantly influenced by the capital structure ratios of shareholders’ funds / total assets,
long term debt / shareholders’ funds, shareholders’ funds / (long-term liabilities + risk
provisions & expenses), and earnings before interest and taxes / interest expenses and, by
activity ratio such as net sales / stocks. Companies that don't falsify their rates perform

better in these circumstances than those who do.

Moreover, for Whiting et al. (2012) the top three features for the discovery of
fraud cases were inventory growth, asset turnover and cash flow earnings difference. If
inventory growth exceeds 1.253%, fraud is more plausible. Additionally, since net sales
are typically fraudulently increased quickly while revenue fraud is being committed, it
would be expected that this ratio's coefficient would be positive Spathis et al. (2002).
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Furthermore, high positive figures are more suggestive of financial statement
manipulation because cash flows are typically unaffected by financial statement

manipulations (Whiting et al., 2012).

Non-financial factors have been taken into consideration to enhance the reliability
of financial statement fraud indicators (Yu, Gao, Zhang, & Liu, 2021). Since scams are
carried out by people, they are intrinsically tied to how people behave. A new viewpoint
on scam detection may result from a comprehension of criminal motivations and the
psychological and personality traits that drive them to violate moral boundaries (Sayal &
Singh, 2020). Sénchez et al. (2021) and Skousen et al. (2009) studied parameters
considering the fraud triangle theory (pressure, opportunity, rationalization), while
researchers such as (Ozcelik, 2020; Supri, Rura, & Pontoh, 2018; Sunardi & Nuryatno,
2018), added one more element; the ability of fraudster to commit financial scam, using

the fraud diamond theory.

Financial targets, pressure from outside sources, and financial stability were all
found to have a strong favorable effect on fraudulent financial reports, according to the
findings (Supri et al., 2018). In the same study, the proxy factor of opportunity, namely
the business sector, has no substantial effect on fake financial statements, but it leads to
a strong negative outcome on fraudulent financial documents for the proxy of supervisory
efficacy. Supri et al. (2018) found that auditor changes, which are a proxy for

rationalization, are strong indicators for falsified financial accounts.

Several other features of corporate governance can be included in the fraud
diamond theory presenting satisfactory results in detecting FFS, such as characteristics of
boards may be categorized as capability or opportunity. According to results reported by
Beasley (1996), the size of the board and a greater degree of accounting fraud are directly
and positively associated. In this vein, Klein (2002) and Peasnell et al. (2005) reasoned
that the greater effectiveness of the board's supervisory position and their greater capacity
to distribute the tasks among a larger number of members could be used to explain the
existence of a favorable relationship between the size of the board and the tendency to
falsify the statements. The activity indicator, which is determined by the frequency of
meetings and the concentration of duties in the company's chief director, is also related
to the board. For their part, Xie et al. (2003) argued that the audit committee's and board's
increased activity minimizes manipulative behaviors.
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The concurrent holding of the roles of company president and director may have
an impact on the veracity of the accounting data on the concentration of power due to
their potential influence over the enterprise's control mechanisms (Fernandez-Gamez,
Garca-Lagos, and Sanchez-Serrano, 2016). The first study to draw this conclusion
empirically was presented by (Beasley, 1996). The highest percentage of independent
advisors was found in firms free from manipulation. Similar conclusions were reached by
Peasnell et al. (2005) and Klein (2002), who obtained data indicating a lower level of
fabrication due to the presence of independent advisors. More lately, Marra et al. (2011)
argued that the audit committee's and board's independence is crucial in avoiding
manipulative tactics. Their statements support the notion that the qualities of corporate

governance are more closely related to the accuracy of the financial reporting.

According to Lin ef al. (2015), the greatest importance in the fraud triangle
dimension is pressure/incentives, followed by opportunity, and the lowest impact is
attitude/rationalization. The top five factors in each area are, in descending order of
significance: poor performance, the requirement for outside funding, liquidity issues, an
absence of board oversight, and competition or market saturation. Moreover, they
revealed that the only two dimensions in the top five categories are pressure/incentive and
opportunity dimension. This discrepancy should serve as a caution to accountants and
recipients of financial statements to pay more attention to the attitude/rationalization
dimension, especially if the company frequently produces financial restatements.
Additionally, they disclosed that the attitude/rationalization dimension should be given
extra attention, particularly when the company manipulates the revenue and has an

elevated rate of CFO turnover.

Other researchers deal with detecting fraud using textual analysis approaches. The
choice of linguistic elements in the study of Craja et al. (2020) was based on earlier
research that revealed a number of fraudulent agent behaviors, such as an increased
propensity for employing phrases that convey negative (Throckmorton et al., 2015), a
lack of issues in managing that implies absence of assurance and results in reporting with
less certitude (Larcker & Zakolyukina, 2012), or a mean of three times more positive
comments and four times more negative sentiment compared to genuine reports (Goel &
Gangolly, 2012). Because previous research indicated that reports created by misleading

firms have lower readability, measures of complexity and legibility such as the median
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sentence length, the percentage of compound words, and the fog index are also included

(Humpherys et al., 2011).

2.4 Discussion on literature review

Regulating, commercial, and academic institutions have been focused on the
enormous losses brought on by financial fraud for an extended period. Crises such
pandemic viruses (COVID-19), wars, environmental disasters and so on, are particularly
concerning because it unpredictably shocks the global financial system with substantial
increases of prices and accelerates the tendency of falsification the financial reports in
order to enhance the economic situation of the companies. Once more, occupational
financial fraud is in the foreground, requiring immediate actions with modernized

approaches to address the detection of FFS.

Traditional approaches, such as manual auditing and inspections, are expensive,
inaccurate, and time-consuming for detecting such bogus statements. Moreover, since
fraudsters are highly educated, well aware of financial matters, and capable of creating
numerous ways to fabricate the statements, they can outperform auditors in several cases.
Thus, auditors trying to analyze several financial statements with the use of intelligent
methods. Machine learning technology, a subset of artificial intelligence, has been
demonstrated to be one of the most effective methods for detecting fraud. By using data
mining techniques, fraud can be identified and quickly dealt with to reduce costs. Through
the use of data mining tools, it is possible to look for patterns and identify bogus claims

among millions of statement papers.

The classification of financial statements as fraudulent or not is the aim of
financial statement fraud detection (FSFD). To anticipate fraudulent remarks, supervised
and unsupervised algorithms have been applied. The most common approach to discover
false financial statements relies on the development of classification models (West &
Bhattacharya, 2016). The majority of FSFD practices uses supervised machine learning
techniques, which typically have a two-face design (Albizri et al., 2019; Dutta et al.,
2017). In the first stage, a model is trained using a dataset with feature vectors and class

labels. Following that, test samples are categorized implementing the trained model in the
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following stage. The way in which and the extent to which feature vectors are derived
from the input data affects how well data mining algorithms perform. When the wrong
features are chosen, they may result in ineffective performance and irrelevant or

meaningless features.

Moreover, Al-Hashedi and Magalingam (2021) found that SVMs were the most
common data mining method, followed by LR while Ashtiani and Raahemi (2021) agreed
with the previous paper and added that DTs, BN, ANNs, kNN were also popular
algorithms in detecting FFS. In terms of ensemble approaches, RF, bagging, boosting,
and stacking had also been frequently used in FSFD (Ashtiani & Raahemi, 2021).
Furthermore, contemporary research has revealed data regarding the relative efficiency
of several classification systems. ANN outperforms logistic regression and other methods
when the dataset is balanced. In more recent research, which evaluated the effectiveness
of additional classification algorithms in analogous balancing settings, meta-classifiers

were found to have the best classification accuracy (Mohammadi et al., 2020).

Most academic researchers have employed financial ratios as inputs in algorithms
which have been found to be useful for FSFD. Nevertheless Mohammadi et al. (2020)
noted in that many of these ratios used to measure financial statement fraud in the
literature are inextricably linked to a particular kind of fraud. For instance, an abnormal
increase in revenue is a possible indicator of revenue fraud, whereas an abnormally low
allowance for questionable accounts is a possible indicator of expense fraud. These
variables may be helpful in revealing information about a particular fraud type, but they
are less likely to reveal numerous fraud types. Furthermore, by merging all fraud types
into a single binary classification problem, the algorithms for classification concentrate
on discovering patterns that are shared by all types. Given the diversity of fraud types, it

may be challenging to spot these patterns.

Moreover, Mohammadi ef al. (2020) mentioned the three issues that make it
difficult for data analytics to be useful in predicting fraud. The first challenge with FSFD
is finding a needle in a haystack. That is, it is challenging to predict fraud since fraud
firms are relatively uncommon compared to organizations that do not engage in fraud
actions (Bell & Carcello, 2000). The issue of data dimensionality complicates fraud
prediction in a second way (Bellman, 1961). Whiting et al. (2012) found that the number
of fraud observations in comparison to the vast number of explanatory variables
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discovered in the documenting fraudulent cases can lead to overfitted prediction models
that underperform when forecasting fresh data. Third, earlier research typically views all
frauds as uniformly occurring occurrences. Because prediction models must find patterns
that are prevalent across several fraud types, this might make fraud prediction more

challenging.

Falsifying financial statements can be conducted to make a company appear more
profitable than it is, boost stock prices, evade paying taxes, or obtain an external
financing. The fraud triangle and diamond theories are paradigms used in auditing to
show the driving forces behind someone's choice to commit fraud. According to Gupta
and Gill (2012), the likelihood of fraud rises when there are incentives, such as the
requirement to attain a result or make up losses. The company will face pressures or
temptations to engage in dishonest behavior. Additionally, the absence of inspections or
ineffective controls creates a favorable environment for fraud. When a fraudster attempts
to rationalize their fraudulent behavior, it may be influenced by other people and
circumstances (rationalization). Fraudsters tend to remain in their moral comfort zone,

according to Dbouk and Zaarour (2017).

As a result, the fraudster prepares to perform the first deception by internally
trying to justify and defend the fraudulent activity. According to the same paper,
rationalization happens when the perpetrator of the fraud creates a defense because they
do not want to be identified as an offender. Because of this circumstance, scammers can
view their predicament as a special exemption rather than as criminal activity. Due to the
inclusion of a fourth factor, capacity, the well-known fraud triangle has been transformed
into the fraud diamond (Wolfe and Hermanson, 2004). According to the essay, a person's
abilities and personality attributes directly affect the likelihood of fraud. "Opportunity
opens the door to fraud, and motivation -once for instance, pressure is arisen- and
reasoning can lead a person toward it," say Wolfe and Hermanson. The person must,
however, be able to recognize an opportunity when a chance appears doorway and be able

to take it by passing through it once more (Rudewicz, 2011).

Furthermore, according to the literature study, the challenge of combining
financial and linguistic data for FSFD has been taken on by Hajek and Henriques (2017)
and Throckmorton et al. (2015). It is crucial to employ more powerful text processing
techniques given the managerial attempts to hide bad news by using specific phrasing
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(Humpherys et al., 2011) and by producing reports that are harder to interpret (Loughran
& Mcdonald, 2014). In fact, due to the abundance of textual data comprising
administration notes, text mining algorithms have been receiving considerable interest in
FSFD and related financial decision-making challenges (Kumar & Ravi, 2016). Because
senior management has been involved in the majority of significant financial statement
frauds and has the chance, capacity, and incentive to perpetrate fraud, analyzing

managerial comments is particularly crucial (Hajek & Henriques, 2017).

Nevertheless, identifying fraud requires comprehensive field expertise, which is
why external auditors are increasingly responsible for it, prior research has shown that
auditors regularly fail to uncover significant frauds. In addition, reported conflicts of
interest have restored the confidence of audit companies. The improved detection
capabilities of the systems are particularly important for shareholders (to make better
choices), auditing businesses (to conduct both client acceptance and routine audits), and

regulatory authorities (to better focus their investigative efforts).

Complex FSFD systems have been developed to aid the stakeholders' decision-
making processes. Red flags are early alert indications provided by these systems. The
latest technologies must be used to combat fraud because fraudulent activities are
constantly evolving and becoming more complicated. Equity markets, bond markets, and
bank credit markets, for example, rely heavily on business and financial data as well as
extended verification from accounting analysis results to monitor and audit fraud and
moreover, all those who detect FFS should be more creative than the fraudsters in order

to discover the fraudulent actions.
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Chapter 3. Empirical Setting

This section describes the details of the empirical analysis. The presentation starts
in subsection 3.1 with the description of the dataset, the discussion of the types of
auditors’ comments that are used in this study to identify firms with FFS, and the analysis
of common patterns between the auditors’ comments. Subsection 3.2 presents the
financial ratios and the variables chosen from the fraud diamond theory derived all from
the issued financial statements. Moreover, in 3.2.1 the descriptive statistics which were
applied on selected ratios and corporate variables, are presented. Additionally, this section
discusses the details of the adopted muti-label classification approach, starting with a
brief discussion of the selected binary classifiers (subsection 3.3.1-3.3.4), then proceeding
with the presentation of the muti-label classification methodology (subsection 3.3.5), and
closing with the performance metrics used to evaluate the discriminating power of the
methods used in the analysis (subsection 3.4). Finally, in subsection 3.5 the results of this

thesis are presented.

3.1 The dataset

The dataset used in this study includes information from 133 Greek companies
(except for those which are in financial sector such as banks etc.) obtained from the annual
financial statements published in the Athens Stock Exchange from 2014 to 2019.
Financial statements are records that provide information on an organization's operations
and financial performance, including income, costs, profits, loans, conceivable future
issues, and managerial observations on operational performance (Glancy & Yadav,
2011). Every company is required to release its financial accounts on a quarterly and
annual basis. A company's performance can be determined by examining at its financial
statements. Financial reports are used by creditors, market analysts, and investors to
research and evaluate a company's financial standing and earning potential. The four
sections that make up financial statements are the income statement, balance sheet, cash

flow statement, and explanatory notes.

A significant difficulty is that all information was hand-collected reducing the

flexibility to changes and being an extremely time-consuming process. Regarding the
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handling of missing values, they were just excluded from the dataset because the number
of them was extremely low. After cleaning the dataset, the sample consists of 58
companies from the trade sector, 51 manufacturing companies, and 24 companies from
the services sector. The whole sample is an unbalanced panel of 752 firm-year
observations, including 560 non-falsified cases and 192 cases with falsified financial

statements (FFS) (Table 2).

Following earlier studies (Kotsiantis et al., 2006; Spathis et al., 2002), the
classification of a financial statement as falsified or non-falsified, was based on evidence
derived from the opinion of auditors published in the financial statement of each
company. More specifically, the following comments by the auditors are taken into

consideration to identify cases of falsification:

1. inclusion of serious doubts about the continuation of the company’s activity
(AC1),

2. negative equity or equity that is less than half of the share capital (AC2),

3. the existence of court proceedings or some other evidence which can alter the
financial situation of the company (AC3),

4. re-financing uncertainty (AC4),

5. total short-term liabilities more than total current assets (ACS),

6. lack of necessary notifications or different recording of data, for instance long-

term liabilities in short-term debt (AC6).

Financial statements with at least one comment by the auditors (AUCRITER) on

the above six points, are considered as falsified.

Tables 2 and 3 present the composition of the sample and provide details on the
number of falsified cases by sector and year, whereas Table 4 provides information on
the comments of the auditors for the falsified cases, including the frequencies and the
Jaccard similarity index (Leskovec et al., 2020) for the associations between each pair of

comments. The Jaccard similarity index for a pair of comments {AC;, AC;} is defined as
J(AC;,AC;) = |AC; N AG;|/ |AC; U AC;|, where |AC; N ACj| is the number of cases
having both comments AC; and AC;, whereas |ACi U ACj| denotes the number of cases

having at least one of the two comments. The analysis of the associations between pairs

of comments enables the identification of common patterns between the different types
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of auditors’ comments. The existence of such common patterns facilitates the
simplification of the modeling process, making it easier to deploy, update, and interpret
the resulting models. For instance, more general models can be developed to describe
similar types of auditors’ comments, avoiding the construction and use of too specialized
models. Thus, the clustering of the FFS cases enables the construction of efficient
analytical models through the approaches that will be described in the section 4, given
that some categories of auditors’ opinions (e.g., AC3, AC4, AC6) are represented by a

rather small number of observations in the sample.

Table 2: Non-falsified and falsified companies by year

2014 2015 2016 2017 2018 2019 Total
No. of nFFS 97 94 93 92 94 90 560
No. of FFS 34 37 38 35 25 23 192
Freq. of FFS  26.0% 28.2% 29.0% 27.6% 21.0% 204% 25.5%

Table 3: Sample composition by sector

Sector Companies Observations FFS observations Freq. of FFS
Manufacturing 51 300 73 24.3%
Trade 58 323 70 21.7%
Services 24 129 49 38.0%
Total 133 752 192 25.5%

Table 4: Frequencies and Jaccard similarity indices for the auditors’ comments (in %)

AC1 AC2 AC3 AC4 ACS AC6

AC1 62.2 33.0 31.7 53.1 23.0
AC2 37.3 293 45.1 28.0
AC3 10.1 16.2 40.0
AC4 49.1 12.4
ACS 16.9
Number 172 107 66 65 99 53

Frequency  22.9% 142%  8.8% 8.6% 132%  7.0%

The results of Table 2 indicate that the frequency of falsified cases increased
during the period 2014-2016, reaching 29% in 2016, but it steadily decreased in the later
years, dropping down to 20.4% in 2019. Regarding the sectors (Table 3), falsification is
most frequent in the services sector and lowest in the trade sector. As far as the comments

of the auditors are concerned (Table 4), in most cases, these relate to the accuracy of the
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financial accounts (AC1), as well as the equity and the short-term liabilities of the firms
(AC2, ACS). Finally, the examination of the associations between different types of
auditors’ comments in Table 4, reveals a strong connection between AC1 and AC2 (i.e.,
these types of comments often appear together). Other strong associations with Jaccard
similarity index at least 40%, include the pairs {AC1, AC5}, {AC2, AC5}, {AC4, ACS5},
and {AC3, AC6}.

The associations between the auditors’ comments were further explored by
clustering them into groups. The dendrogram derived through the application of
agglomerative hierarchical clustering, is shown in Figure 3. According to these results,
three main clusters can be identified. The first consists of AC12={AC1, AC2} and can be
described as a cluster of concerns regarding the manipulation of material financial
accounts and the solvency of the company. The second cluster involves AC45={AC4,
ACS5}, which relates to concerns about a firm’s financing and liquidity. The final cluster
includes the pair AC36={AC3, AC6}, which involves concerns of the auditors on
uncertainties due to legal proceedings and lack of appropriate notifications on some
important aspects of the financial position of a company. Based on these results, the
subsequent analysis is based on the distinction between FFS and nFFS cases, with the

former group further described through the above three clusters of auditors’ opinions.

Rescaled Distance Cluster Combine
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Figure 3: Dendrogram of the hierarchical clustering of the auditors’ comments
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3.2 Financial ratios and variables from fraud diamond theory

The variables employed in the analysis were selected following the existing literature

as well as through various statistical tests (e.g., t-test, Mann-Whitney, y? test, correlation

analysis), which helped examine the statistical significance of the variables in describing

the falsified and non-falsified statements in the sample. As it was already mentioned in

3.1, the missing values (due to the small number) were excluded from the sample.

Moreover, the variables were checked for outliers, which were winsorized at bounds

defined through appropriate percentiles of the data (e.g., 1% and 99% percentiles). In

accordance with the fraud diamond theory, the selected variables are categorized in four

main categories, as shown in Table 5: (a) capability, (b) opportunity, (c) pressure, and (d)

rationalization. The following paragraphs elaborate on the selection of the variables in

each category. Descriptive statistics are presented and discussed in sub-section 3.2.1.

Table 5: Selected variables

Variable Description Category

DIRCHANGE 1 if there the chairman of the board of directors changed in  Capability
year t, otherwise 0

SHARE&BOARD 1 if the members of board of directors are also shareholders, Capability
otherwise 0

FAMILY Share of members of the board of directors with the same Capability
surname

BIG4 1 if the audit company is one of the Big 4, otherwise 0 Opportunity

SECTOR The sector in which a company belongs to Opportunity/Pressure

COSTSOLD/AP Cost of sales / Accounts Payable Pressure

CA/CL Current Assets / Current Liabilities Pressure

P/BV Stock price / Book value per share Pressure

AMORT/FA Amortization / Fixed assets Pressure

EBIT/TA Earnings before interest & taxes / Total assets Pressure

LN(TA) Natural logarithm of total assets Pressure

TL/TA Total liabilities / Total assets Pressure

SALES/TA Total Sales / Total assets Pressure

AUDSWI 1 if the audit company changed in year t, otherwise 0 Rationalization
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Capability

The capability dimension refers to the management and governance
characteristics of the companies. Various studies (Fanning & Cogger, 1998; Perols, 2011)
have examined variables related, for example, to auditor changes, directors' changes, the
roles of CEOs and CFOs (Firth et al., 2011), as well as whether a company is family
owned or not (Pai et al., 2011). Based on the existing literature and considering the
information reported in the financial statements of Greek companies, the following

characteristics were employed in this study research:

A. A dummy variable indicating whether there was a change of the chairman of the
board of directors in comparison with the previous year (DIRCHANGE). A
change of the chairman is considered as a fraud risk factor because it could
indicate an attempt to cover up fraudulent activities from the previous
management. On the other hand, a long-term stay in this position, may provide
the right to postpone several appropriate audits increasing the possibility of a

fraudulent behavior.

B. A dummy variable indicative whether there exist members of the board of
directors who are also shareholders (SHARE&BOARD). Previous studies, such
as the one of Lin ef al. (2015), have noted that the existence of board members
that are also shareholders, may increase the risk of financial fraud, as such board
members could act on their own interest and use their power to facilitate the
falsification of a company’s financial statements in order to misinform investors

and gain profits from an increasing share price.

C. The percentage of board members that have the same surname, as a proxy of
whether a firm is family owned or not (FAMILY). Family-owned firms may
follow questionable audit controls increasing the possibility of engaging in

fraudulent actions.
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Opportunity

Effective monitoring (e.g., by an independent audit committee) can minimize the
risk of fraudulent behavior. Evidence from the literature indicates that audit quality is
improved when the audit company is one of the top audit firms (Behn et al., 2008;
Verriest, 2014). This is because large audit firms seek to maintain their reputation and
employ more experienced auditors. Nowadays, the four major auditing companies are

known as “BIG4” (Deloitte, Ernst and Young, KPMG, PricewaterhouseCoopers).

Although there is a significant trust in BIG4 audit companies, there is a possibility
that these firms may have the power/knowledge/experts to avoid controls from
authorities. An example of this opinion is the involvement of Arthur Andersen (BIGS) in
Enron’s scandal. Moreover, studying from the history BIG4 can also fail to detect FFS
(Lehman Brothers-Ernst and Young).

Moreover, according to ACFE (2022), the frequency and impact of financial fraud
events, vary by sector, with real estate having the costliest fraudulent cases, followed by
trade, transportation and warehousing, manufacturing, and utilities. In this research, we
use the variable SECTOR, which refers to the sector in each the companies operate
(services, trade, manufacturing). This indicator is included in the opportunity category,
because in every sector there are common patterns of fraudulent practices, such as the

same guidelines or suppliers, etc.

Pressure

According to SAS no. 99, managers feel pressure to proceed in fraudulent actions
when financial stability and/or profitability is threatened by the economic conjuncture,
sector or operating conditions (Skousen et al., 2009). Due to the pressure caused by the
business and economic environment, fraud may occur to meet the high earnings
expectations by investors and shareholders. Furthermore, executives may use fraudulent
financial reporting to meet the requirements of debt contracts. This shows that the
probability of fraudulent reports at high debt levels has increased. Moreover, financial
and operating targets may increase the pressure on management executives. Ratios, such

as COSTSOLD/AP, EBIT/TA, SALES/TA, CA/CL, TL/TA and P/BV are used in the
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present study to identify anomalies in the financial position of the firms that could be FFS

signals.

In addition, companies try to increase the value of their assets, either through real
value increases in asset items such as asset acquisition, development of existing assets, or
by active growth through valuation of existing assets. Often, the acquisition of new assets
and the improvement of existing assets, are reported at values different from the real ones
(Ozcelik, 2020). Variables such as LN(TA) or AMORT/FA, can be used for the

identification of falsification in asset valuations.

Rationalization

Craswell, (1988) claims that qualified opinions are linked to later auditor changes.
Frequent auditor changes may indicate a higher risk of fraudulent reporting. Given that
many fraudulent actions are identified years after the fraud occurs, firms that often change
auditing companies does not allow auditors to perform thorough audits. Moreover, there
is an opinion which states that a long-term stay of an auditor firm may lead to a close
relationship with the company, and some omits in appropriate audits. To account for this

factor, a dummy indicator is employed regarding change of auditors (AUDSWI).

3.2.1 Descriptive statistics on selected variables

Table 6 presents the means of the variables used in the analysis for each of the
two main classes of observations (FFS versus nFFS). It should be noted that for the binary
categorical indicators (BIG4, AUDSWI, DIRCHANGE, SHARE&BOARD), the means
represent the frequencies in each class. For the sector variable, the means are omitted as
they do not apply to this categorical indicator. The table also presents the results (p-
values) of statistical tests regarding the discriminating power of the variables. For the
categorical indicators, the y? test is employed, whereas for the quantitative attributes we
use both the ¢ test as well as the non-parametric Mann-Whitney U test. Tables A1 and A2
in the appendix provide detailed results for all types of auditors’ comments, beyond the

FFS/nFFS distinction of Table 6.
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Table 6: Means of the indicators for the main FFS categories and significance tests (p-

values)

Indicator Category nFFS FFS x2 t-test ~ Mann-Whitney
DIRCHANGE Capability 0.073 0.031 0.038

SHARE&BOARD Capability 0.755 0.750 0.882

FAMILY Capability 0.274 0.306 0.025 0.121
BIG4 Opportunity 0.150 0.167 0.581

SECTOR Opportunity/Pressure - - 0.001

P/BV Pressure 5.445 1.997 0.132 0.000
COSTSOLD/AP Pressure 6.182 3.513 0.000 0.000
CA/CL Pressure 2.184 0.746 0.000 0.000
AMORT/FA Pressure 0.077 0.061 0.006 0.000
EBIT/TA Pressure 0.043 -0.032 0.000 0.000
LN(TA) Pressure 18.411 17.910 0.000 0.008
TL/TA Pressure 0.575 1.216 0.000 0.000
SALES/TA Pressure 0.811 0.521 0.000 0.000
AUDSWI Rationalization 0.054 0.052 0.937

The results of Table 6 indicate that the frequency of having BIG4 auditors is
higher among FFS cases, even though the difference from the nFFS group is not
statistically significant. The detailed results in Tables A1 and A2 of the Appendix show
that the frequency of BIG4 auditors is consistently higher for all types of auditors’
comments (A1-A6), with the difference being significant (at the 5% level) for AC3-AC6.
Moreover, firms from the FFS category change directors less frequently (p-value 0.038)
and have more family members in the board of directors (t-test p-value 0.025; Mann-
Whitney p-value 0.121). Looking at the results for the different types of auditors’
comments (see the tables in the Appendix), it is evident that the change of directors is
most significant for identifying cases of serious doubts about the continuation of
companies’ activity (AC1), whereas the existence of family members in the board is an

important factor (at least at the 10% level) for identifying AC3-ACS5 cases.

On the one hand, in firms where the chairman of the board does not change
frequently (i.e., low DIRCHANGE), and there is a long-term stay of the same person in
the management, this may lead to a concentration of high power and lack of appropriate
controls and increase the possibility of committing fraud. Moreover, a family firm is more
suspect for fraud, because the control and decision-making positions are occupied by a
few individuals —mainly family members- and the power is concentrated by them. In these

cases, there may be a lack of internal control mechanisms to ensure sound and financial
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and reporting practices. Finally, although whether the members of board of directors are
also shareholders (SHARE&BOARD) does not appear significant in distinguishing
between FFS/nFFS, it is strongly significant for identifying two of the auditors’
comments (AC3 and ACS5; see Tables A1-A2 in the appendix).

Regarding the financial ratios, they all are statistically significant for at least one
of the two statistical tests. Overall, the FFS class is characterized by poor financial
performance, i.e., lower profitability (e.g., negative EBIT/TA), higher debt burden
(TL/TA), low liquidity (CA/TA), low sales turnover (SALES/TA), and lower market
valuation (P/BV). These findings are in accordance with the standard theory which
postulates that firms in unsound financial position are more likely to engage in delinquent
actions due to the pressure that exists to enhance their financial image. Moreover, the
firms in the FFS category are smaller in size as measured by the logarithm of total assets.
The significance of the financial variables is further confirmed by the detailed results
shown in the Appendix when focusing on the different types of auditors’ comments.
Indeed, all financial variables are found significant for identifying at least one of the six

considered types of auditors’ comments.

Table 7 shows the correlations for the financial ratios. It is evident that the
correlations are generally low. The strongest correlations involve the managerial
performance ratios COSTSOLD/AP and SALES/TA (correlation 0.56), as well as the
ratios that describe the profitability (EBIT/TA), solvency (TL/TA), and liquidity (CA/CL)
of the firms.

Table 7: Correlations between the financial ratios

P/BV_ COSTSOLD/AP CA/CL AMORT/FA EBIT/TA LN(TA) TL/TA

COSTSOLD/AP  —0.01

CA/CL 0.01 0.17

AMORT/FA 0.01 0.04 0.04

EBIT/TA 0.07 0.17 0.39 0.13

LN(TA) -0.01 0.03 0.08 —-0.03 0.24

TL/TA —-0.01 —0.12 -0.41 0.01 —0.35 —0.08
SALES/TA 0.02 0.56 —0.04 0.20 0.18 0.06 0.04
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3.3 Implementation of supervised machinal learning methods and a multi-

label classification approach

Examining the efficacy of various classification algorithms in detecting financial
reporting fraud is one of the key goals of this study. Within this context, the approach
presented in this study relies on supervised data mining techniques. These techniques are
all built around classification algorithms, which are used for the discovery of a model (or
function) that distinguishes between predefined classes of data (Han et al., 2006).
Training data with labels indicating whether each entity was fraudulent or not are

necessary for a supervised learning technique.

In the context of the present study, it is examined the applicability of various
machine learning methods for constructing an efficient system for distinguishing between
FFS and nFFS cases, as well as for identifying the different comments made by auditors
for FFS cases. More specifically, the binary methods used in the analysis include logistic
regression (LR, Hosmer et al., 2013), the k-nearest neighbor algorithm (kNN, Cover and
Hart, 1967), generalized additive models (GAM, Hastie and Tibshirani, 1990), and the
random forest algorithm (RF, Breiman (2001)).

LR is the most popular statistical method for constructing classification models
in financial decision-making problems, and it is heavily used in practice due to its
simplicity and interpretability. Nevertheless, the linear modeling form assumed in LR has
often been found to yield inferior predictive results compared to more complex machine
learning models. GAM relaxes the linearity assumption of LR through an additive
modeling scheme, which maintains the interpretability of linear models, yet enabling the
introduction of non-linear effects. Although GAM approaches have not been considered
in prior studies on financial fraud detection, they have been found to provide good
predictive results in other similar areas in financial decision-making, such as credit
scoring and bankruptcy prediction (Bequé et al., 2017; Lohmann et al., 2022; Lohmann
& Ohliger, 2019).

The two other approaches used in the analysis, i.e., KNN and RF, are popular
machine learning algorithms with numerous financial applications. The kNN is one of the

most straightforward machine learning approaches that is easy to implement. On the other
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hand, RF is an ensemble learning algorithm that has been shown to provide strong
predictive results in various domains. Except for the above algorithms, in the early stages
of the analysis, additional methods have also been considered (e.g., ANN and SVM), but
they were found to overfit the training data and provide poor generalization results. Thus,

to simplify the presentation, we focused on the previous approaches.

Moreover, this study uses an improved method (Multi-Label Approach (ML-
kNN) that expands the binary scheme into a more complex one that further identifies the
nature of the auditors' comments. Previous research on the identification of FFS detection
has concentrated on creating binary classification models to distinguish between FFS and
nFFS cases. This results in a multi-label classification scheme, where each observation

can belong to more than one class rather than just one.

Given the imbalance of the classes in the dataset, all methods are applied after
weighting the training instances, to obtain more balanced results. The weighting scheme
is based on the cost-sensitive framework for handling imbalanced data in classification
problems, which is incorporated in the model fitting process of the selected learning
methods, without requiring to use data processing algorithms such as oversampling or
undersampling. More specifically, denoting by M, and M; the number of training
observations from the two classes (e.g., FFS versus nFFS), the corresponding
misclassification costs C, and C; are set such that C; /Cy = M, /M, (Japkowicz & Stephen,
2002; Thabtah et al., 2020). Following this approach, the case weights for the training
observations in each class are set equal to 1/M; for the class 1 and 1/M, for the class 0,
so that both classes contribute equally to the overall training error, thus resembling a

balanced training sample.

The algorithms were all implemented in MATLAB using a Bayesian approach for

the optimization of the hyperparameters involved in each method.

3.3.1 Logistic Regression (LR)

A probabilistic model known as logistic regression groups examples according to
their likelihood of class membership. Since classification is a probabilistic process, it is

advantageous to make sure that, while optimizing the parameters, the anticipated
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likelihood of the observed class for each training instance is as high as possible. This
objective is accomplished by learning the model's parameters using the concept of
maximum-likelihood estimation. The probability of the observed labels for each training
instance is multiplied by the likelihood of the training data. It is obvious that higher values
of this objective function are preferable (Aggarwal, 2018). This value's negative
logarithm can be used to get a loss function in minimization form. The sigmoid activation
function, which is widely used in neural network construction, can simulate the output
layer. Suppose a set of n training pairs (X;,y; ), X2,¥2 ), ...., (Xn, V) in which X;
includes d-dimensional features and y; € (0, +1) is a binary variable. Denoting by W =
(wy,...,wy) the vector of the variables’ regression coefficients, LR uses the soft sigmoid

function to estimate the probability that y; is equal to 1:

1
1+ exp(—W-X;)

yvi=Plyi=1) =

According to Persons (1995), financial statement-based logistic regression
models perform better than naive methods based on the practical distinction between type
I and type II errors. Generally, in the literature review the most popular method for
identifying FFS among these models is LR while Yang and Jiang (2020) in their research
mentioned that the principal traditional statistical models include probit, discriminant,
and logistic regression models. In fact, among 32 classification methods, logistic

regression is ranked second in terms of prediction accuracy (Lim et al., 2000).

Spathis ef al. (2002) employed logistic regression analysis to evaluate which
financial parameters are associated to FFS utilizing financial ratios from enterprises as
input. (Beasley, 1996) used LR to compare the boards of 75 fraud-prone companies to the
boards of 75 non-fraud-prone companies. Using LR, Amara et al. (2013) investigated
financial statement fraud and discovered that performance pressure on managers is a
factor contributing to financial statement fraud. Based on data created by an international
public accounting firm, Hansen ef al. (1996) offered the powerful generalized qualitative-
response model EGB2, which primarily uses probit and logistic techniques to detect
managerial fraud. Their findings showed that both symmetric and asymmetric cost

assumptions have good predictive power.

Lin ef al. (2003) compared a fuzzy ANN to logistic regression using the same

performance metrics, Feroz et al. (2000) compared the utility of an ANN model with
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logistic regression based on Hit-Rate, overall error rate, and estimated relative costs of
misclassification (ERC) finding that LR performed better than the others techniques at
relative error costs from 1:1 to 1:30. In a Chinese dataset containing 174 enterprises, Yue
et al. (2009) evaluated public data and suggested a suitable strategy for identifying
characteristics connected to false financial statements using LR. In order to find the
optimum logistic regression approach parameters, the authors used 21 ratios as potential
predictors for financial fraud statements. The authors compared the recommended
method's prediction power with that of existing detection techniques. The findings of the
created approach showed that its prediction power is around 10% higher than that of other

models.

3.3.2 k-Nearest Neighbor (KNN)

KNN is a non-parametric technique that is used for regression and classification.
It functions according to the notion that comparable data points typically have comparable
output values or belong to the same class. Consequently, the technique uses the class
labels of a data point's closest neighbors in the feature space to predict the class label of
a new data point. With an instance-level labeled dataset, the k-NN algorithm can be
trained without explicit training. Instead, it stores the training set in memory. The
algorithm determines the distances between each new data point that is submitted for

classification and every existing point in the dataset.

Based on the computed distances, the algorithm chooses the k neighbors who are
closest to the new data point. More specifically, using some sort of distance measure,
such as local metrics (Short and Fukunaga, 1980), global metrics (Fukunaga and Flick,
1984), the Mahalanobis distance, or the Euclidean distance, the nearest-neighbor rule
assigns a class to an object (i.e., a firm) based on its nearest neighbor in the measurement
space. The Euclidean distance is one of the most popular ways to calculate the distance
(Chandola et al., 2009). Thus, a majority vote among the new data point's k closest
neighbors determines the class label for classification tasks. The new data point is

allocated the class label with the highest frequency among its neighbors.
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Furthermore, 'K' is the option that indicates how many neighbors must be
considered. Selecting a suitable value for 'k’ is essential since it can greatly influence the
model's functionality. The model becomes more sophisticated and sensitive to noise with
a decreasing 'k' value, which could result in overfitting. On the other hand, a higher 'k'

value could cause underfitting by smoothing out the decision boundaries.

The following paragraphs present some research which applied kNN among the
other techniques proving that kNN is a valuable technique for FFS detection.

Gaganis (2009) applied 10 different classification models for FSFD using logit
analysis (LR), discriminant analysis (DA), support vector machines (SVM), artificial
neural networks (ANN), probabilistic neural networks (PNN), nearest neighbors (kNN),
and two multicriteria decision-making methos (UTADIS and MHDIS). Using both
financial and non-financial data, various models were created. There are 398 financial
statements in the sample, and qualified audit opinions were given on 50 percent of them.
To compare these alternative approaches, he employs testing outside of time and outside
of sample. The findings are used to draw conclusions about how well the procedures work
and to investigate the possibility of creating models that would help auditors spot false
financial statements. According to AUC, the best methods are DA, mutlicriteria

approaches, SVM and neural networks, followed by LR and kNN.

The effectiveness of machine learning algorithms in identifying businesses that
produce falsified financial statements (FFS) is examined by Kotsiantis et al. (2006), along
with the identification of characteristics that contribute to FFS. In order to do this, several
experiments were carried out employing representative learning algorithms that were
trained using a data set of 164 fraudulent and non-fraudulent Greek enterprises in the
most recent period of 2001-2002. It is a difficult problem to decide the specific strategy
to use. Creating a hybrid forecasting system with a variety of potential solution
approaches included as components is a viable substitute for selecting only one method
(an ensemble of classifiers). To obtain superior results, they developed a hybrid decision
support system that combines the representative algorithms (decision trees, kNN, neural
networks, Bayesian networks, SVM and rule-learners) with a stacking methodology.
Kotsiantis et al. (2006) creates a methodology in which the 95.1% of the entire sample,
90.2% of the fraud instances, and 96.7% of the non-fraud cases are accurately classified
by the algorithm.
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Using the kNN algorithm and the outlier detection method, Malini and Pushpa
(2017) examined credit card fraud. The performance results of both strategies were
implemented and studied by the authors using a credit card approval system. The
empirical results demonstrated the accuracy and efficiency of the kNN approach for
identifying credit card fraud. In order to solve the issue of detecting anomalies fraudulent
transactions in the prior study that used the HMM model, Heryadi et al. (2016) presented
a study on debit card fraud transaction recognition. To increase the detection precision of
anomaly transactions, the authors used k-Nearest Neighbor and Chi-Square Automatic
Interaction Detection (CHAID). The study's findings demonstrated that the CHAID
approach enhanced performance for identifying debit card fraud transactions. Awoyemi
and Oluwadare (2017) examined the effectiveness of three machine learning models used
on credit card transactions to spot fraud. Using LR, NB, and kNN trained on a credit card
dataset provided by European cardholders and consisting of 284,807 transactions, the
authors conducted a comparative analysis. According to the results of the comparative

analysis, K-Nearest Neighbor performed better than LR and NB approaches.

The K-Nearest Neighbor classifier's key benefit is that it is a straightforward
approach to implement. The basic drawback of this method is that it requires the algorithm
to compute the distance and sort every training sample at each prediction, which can be

time-consuming if there are many training examples (Chimonaki et al., 2019).

3.3.3 Generalized Additives Models (GAM)

Generalized additive models (GAM), are a versatile class of statistical models
used in classification and regression applications. Through the allowance of non-linear
interactions between predictors and the response variable, they expand upon the
framework of the linear model. Since a GAM considers nonlinear effects on the predictor
and non-monotonous effects on the default probability, it is more sophisticated than a
generalized linear model (GLM) (Lohmann & Ohliger, 2019). GAM are especially
helpful in situations when there is a complex relationship between the predictors and the

response that may be too complex for linear models to fully represent.
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The response variable in GAMs is represented as a mixture of other predictors
and perhaps linear terms, as well as smooth functions of the predictor variables. The use
of smooth functions, which can identify non-linear correlations in the data, is a crucial
component of GAMs. Spline functions, like thin plate splines or cubic splines, are
commonly used to depict these smooth functions because they offer flexibility for

modeling intricate interactions (Hastie & Tibshirani, 1990).
A GAM is composed of three main parts:

Linear Predictor: The linear relationships between predictors and the response
variable are captured by the linear predictor component. Like conventional linear models,

it has terms for every predictor variable.

Smooth Functions: The non-linear interactions between predictors and the
response are modeled by smooth functions. The smooth function of each predictor

variable can vary, enabling varying levels of non-linearity.

Link Function: To make sure the predicted values are on the right scale for the
response variable, the linear predictor is changed using a link function. The logistic link
and the softmax link are common link functions that are used in binary and multiclass

classification, respectively.

Maximum likelihood estimation and other optimization approaches are used to
estimate the parameters of a GAM, including the coefficients for linear terms and the
parameters defining the smooth functions. By fitting spline models to the data, the smooth
functions are calculated; regularization parameters or degrees of freedom regulate the

smooth function's complexity.

One of the most common generalized linear methods is the LR. Regression
diagnostic concepts were expanded by (Landwehr et al., 1984) to situations involving
linear logistic regression in which the response variable y is either O or 1. Using partial

residual plots, nonlinearities in the model were found.

Another technique for estimating models of this form is local likelihood
estimation, which is asymptotically equivalent to the local scoring process (Tibshirani &
Hastie, 1987). Local scoring has the benefit of being significantly quicker. A

nonparametric approach to modeling generalized linear models using spline functions
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was developed by O’Sullivan et al. (1986). They model directly by utilizing high-
dimensional splines, which are computationally demanding and challenging to read and
display beyond two dimensions. It is preferable to use two-dimensional surfaces to

identify connections (Hastie & Tibshirani, 1987).

Although this technique has not been widely used in research into FFS detection,

it seems that it is suitable or more complex relationships.

Lohmann et al. (2022) in order to find and examine nonlinear interactions
between independent variables based on markets and accounting and how these links
affected bankruptcy forecasts, this study used generalized additive models. Using
extensive data on publicly traded US companies, they demonstrated empirically how
statistically, and economically significant nonlinear interactions affected the bankruptcy
forecast. The findings showed that numerous statistical validity metrics are greatly
improved when these nonlinear interactions are considered. Additionally, they employed
a validity metric based on the bankruptcy prediction models' profitability in relation to
credit scoring. The results proved that accounting for nonlinear interactions can
significantly improve bankruptcy prediction models' discriminatory ability. Moreover, it
has been proved that the results from GAM were superior to the ones from generalized
linear model (GLM) decreasing the total misclassification costs (Lohmann and Ohliger,

2019; Lohmann ef al., 2022).

The interpretability of GAMs is one of their benefits. It is simpler to comprehend
how different predictors affect the result when the relationships between the predictors
and the response can be visually interpreted thanks to the smooth functions. Furthermore,
hypothesis testing can be used to determine key predictors and evaluate the importance

of the smooth terms.

Non-linear relationships between predictors and the response are supported by
Generalized Additive Models, which provide a versatile and understandable method for
classification tasks. GAMs can identify intricate patterns in the data while preserving
interpretability by utilizing smooth functions. GAMs can be useful tools for solving a

variety of classification problems when they are fitted and evaluated properly.
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3.3.4 Random Forest (RF)

Random forests are a collection of tree predictors where each tree depends on the
values of a random vector sampled independently and with the same distribution for all
the trees in the forest. When the number of trees in a forest increases, the generalization
error converges to a limit (Breiman & Friedman, 1985). The strength of each individual
tree in the forest and the correlation between them affect the generalization error of a
forest of tree classifiers. Each node is split randomly into a set of features, producing error
rates that are resilient to noise. Error, strength, and correlation are tracked using internal
estimations, which are then utilized to demonstrate how the splitting process responds to

an increase in the number of features.

Classification accuracy has been greatly enhanced by growing a collection-
ensemble of trees and letting them choose the most preferred class. It is common practice
to grow these ensembles by generating random vectors that regulate the growth of
individual tree in the ensemble. An essential version is bagging (Breiman, 2001) in which
each tree is grown arbitrarily (without replacement) from the training set's instances.
Another illustration is the random split selection method (Dietterich, 2000) in which one
of the K best splits is randomly chosen at each node. Another strategy is to choose the
training set at random from a set of weights applied to the training set's examples. The
"random subspace" strategy, which selects a subset of features at random to utilize in

growing each tree, has been the subject of several articles by (Ho, 1998).

Random forests choose a randomly chosen subset of variables and seeks for the
best variable for splitting among them, rather than evaluating all potential predictors
while looking for the next splitter. Thus, any two unique nodes in a single random forest
tree are likely to be examining different sets of variables, which means that the random
forest trees are likely to involve a lot of different splitters. As a result, every tree in the
random forest is a type of dynamically built closest neighbor classifier, which generally

produces good results (Whiting et al., 2012).

Specifically, RF was used by Liu et al. (2015) for multidimensional analysis,
partial correlation analysis, detailed feature selection, and the detection of financial fraud

techniques using data from listed enterprises from China. Data used in the random forest
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modeling come from a bootstrap sampling (Liaw & Wiener, 2002). Liu et al. (2015)
compared two parametric models with two non-parametric models, four other models,
and discovered that RF has the highest accuracy. The results showed that RF provides
advantages over alternative categorization models in a number of ways (Kirkos et al.,

2007; Liaw & Wiener, 2002).

According to (Liu et al., 2015), it is mentioned that firstly, in practically all of its
models, it has the highest recognition efficiency of random forests. Second, it handles
additional non-normal data effectively by disregarding the assumption of data normality.
It may require a significant amount of high-dimensional data processing and a difficult
example of co-linear over-fitting. Third, it can assess each variable's significance and
effectively remove insignificant ones. Finally, the ideal set of variables can be chosen

from which to create models.

3.3.5 Multi-Label Approach

While previous studies on the identification of FFS detection have focused on
developing binary classification models to distinguish between FFS and nFFS cases, in
this study an enhanced approach is employed that extends this binary scheme into a more
elaborate one that further identifies the nature of the auditors’ comments. This leads to a
multi-label classification scheme, in which an observation may be a member of multiple
classes instead of a single category (Tsoumakas & Katakis, 2007). The multi-label
classification context is relevant for FFS detection, because auditors provide various
comments and concerns on the accuracy of a company’s financial reports. A multi-label

classification approach enables the distinction between different types of FFS.

In this context, the applicability of various machine learning methods for
constructing an efficient multi-label system for distinguishing between FFS and nFFS
cases is examined, as well as between the different comments made by auditors for FFS.
More specifically, the methods used in the analysis include logistic regression (LR)
(Hosmer et al., 2013), the k-nearest neighbor algorithm (kNN) (Cover and Hart, 1967) ,
generalized additive models (GAM) (Hastie & Tibshirani, 1990), and the random forest
algorithm (RF) (Breiman, 2001). These approaches are designed to handle single-label
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problems. Moreover, a multi-label algorithm is also considered, namely the ML-kNN
algorithm, which is extension of kNN to multi-label problems (M. L. Zhang & Zhou,
2007).

For the application of the single-label approaches, the basic setting is the binary
relevance scheme (BR, Zhang et al., 2018), which involves the construction of binary
classifiers for each pair of classes, through a one-against-all approach. Thus, a model is
constructed to distinguish between FFS and nFFS firms. Moreover, three additional
models are also developed to differentiate between cases that belong in each one of the
FFS groups and the remaining observations (e.g., observations in AC12 versus the rest,

observations in AC36 versus the rest, etc.).

A limitation of the BR scheme is that it ignores the relationships between the
classes. In the context of the problem considered in this study, it is obvious that AC12,
AC36, and AC45, only apply to the FFS class. More specifically, let y*FS be a binary

indicator, such that yf¥S = 1 if and only if observation i belongs in the FFS class.

AC12 ,,AC36
)

Similarly, let 7y AC45S  be indicators such that y¥=1 (ke

yony
{AC12,AC36,AC45}) if and only if auditors’ comments of the type k, apply to

observation i. Thus, the true labels for an observation i can be represented by the vector

— FFS AC12 AC36 AC45 : A _ ranFFS AAC12 ~AC36 ~AC45
yi = 7y, y9%0, yA4). Denoting by §; = (9", 91112, 9144°6, 91144%) the

vector of output (estimated) labels from a decision model for observation i, the following

cases indicate inconsistencies in the obtained results:

yiFFS =1 and 5}1'AC12 + 5;{%C36 + y?C‘l-S =0

yiFFS = 0and 5}1'AC12 + 5;{%C36 + y?C‘l-S >1

The first condition corresponds to the case where a decision model indicates that

firm i belongs to the FFS class ()Z-F FS = 1), yet none of the possible auditors’ comments

C36 + ~AC45

apply (€12 + ph Vi = 0). The second conditions implies that a model

indicates that there is no falsification in the financial statements of company i (i.e., Al-F FS =
0), but at the same time, the model shows that at least one of the auditors’ comments

apply 977+ 9 4+ 5040 > 1),

To correct such inconsistent results, two strategies are employed in the analysis.

In the first scheme, the label vector ¥; for an inconsistent test case i is defined through
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the class labels y; of its nearest neighbor (NN), selected from the training set. The
identification of the kNN is based on the posterior class membership probabilities p; =
(pﬁp FS pAC1Z ;AC36 pf\c“s) that are obtained by a learning algorithm. Thus, the kNN
algorithm is used as a meta-learner that is applied only to inconsistent cases, providing
results that are compatible with the definition of the classes. Henceforth, this thesis shall
refer to this scheme as case-based inconsistency correction (CBIC). As an alternative, it
also be considered the use of the kNN algorithm to define the label vectors for all test
instances (including consistent ones). Similarly, to the CBIC scheme, the kNN algorithm
is applied to the posterior class membership probabilities, rather than the original data of
the firms. Henceforth, this approach will be referred to as the ANN-based meta learner
(kNNML). An outline of the two schemes is presented in Figure 4. The effectiveness of
these two schemes is examined in relation to the base learners developed with LR, kNN,

GAM, and RF, as well the multi-label ML-kNN algorithm.

Training set of M observations
with binary targets for
FFS, AC12, AC36, AC45

v
Binary classification .| Test set of M"
algorithm observations
A A
Matrix of posterior class Matrix of posterior class
membership probabilities membership probabilities
Prrain = [P1, P2, - Pyl € RM Prest = [P1, P2 -, Pyl € RM 4
— I R | .
; CBIC | NNML .
i Identify the set C E ! For each test observation i é
E of inconsistencies E | 1) Find the NN of p; from Prpgin |
i l i ' 2) Set the labels of i equal to the labels of its NN 1

Foreach i € C:
1) Find the NN of p; from Prygin
2) Set the labels of i equal to the labels of its NN

Figure 4: Outline of the procedures for correcting inconsistencies
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The effectiveness of these two schemes is examined in relation to the base binary
learners developed with LR, kNN, GAM, and RF. Moreover, it is additionally considered
a multi-label algorithm, namely the ML-kNN algorithm, which is extension of kNN to
multi-label problems (M. L. Zhang & Zhou, 2007). This specific multi-label algorithm
was selected to match the structure of the proposed approach, which relies on the use of
nearest neighbors to correct inconsistent assignments from the base algorithms described

above.

3.4 Performance Metrics

The anomaly detection problem is frequent and sometimes constitutes a
classification challenge. Examining the confusion matrix of a classification model is a
useful technique to evaluate the performance of decision models in this setting (Hilal et
al., 2022). The discrepancy between a data set's ground truth and a model's predictions is
described by the confusion matrix. The accuracy of the correct forecasts is the precision.
The fraction of positive cases that a classifier accurately detects is known as recall or
sensitivity. The amount of overall accurate predictions made by the model is the accuracy.
The proportion of successfully categorized negative samples to all negative samples is
the classifier's specificity. There is an inverse relationship between the two values, even
though one might instinctively strive to increase both recall and precision. A higher
precision may be forced at the expense of recall, and vice versa. The precision/recall
trade-off is what is referred to as the F-score, or Fl-score, which is the which is the

harmonic mean of precision and recall, is a superior metric to aim for.

To evaluate the performance of the algorithms used in the analysis, various

accuracy metrics are considered (Madjarov et al., 2012):

e Macro-precision: it represents the precision rate (PR), averaged over all labels (i.e.,
FFS, AC12, AC36, AC45). More specifically, denoting by TP, the number of true
positives (e.g., FFS cases) for label k (k € {FFS,AC12,AC36,AC45}) and by F P, the

number of false positives, the macro-precision index is defined as:
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M PR—lzPR —12 TP
acro T4l KT ALUTR + FPy

Macro-recall (macro RC): it represents the recall rate, averaged over all labels:

M Rc—lch—lz TP
acro T 4L T A LTP AN,

where RCj and FN, denote the recall and the number of false negatives for
label k.

Macro F;: it is the harmonic mean of the precision and recall rates for each label:

oero . — 1N 2PRRRC
acrofL =7 PR, + RC,

Macro area under the receiver operating characteristic curve (AUC): it represents the

average AUC over all labels:

1
Macro AUC = 7 (AUCq + -+ AUCy)

where AUCy, is the AUC corresponding to label k.
Hamming loss (HL): the Hamming loss measures the proportion of incorrect
classifications to the total number of classifications:

HL =1-275 ) 1(7.91)
ik

where M’ is the number of test observations, and I(y,$¥) is an indicator
function, such that [ (yik, f/lk) =1 if and only if yf=49F for ke
{FFS,AC12,AC36,AC45}.
Accuracy (AC): accuracy is measured through the Jaccard index between the set of
actual classifications y; and the estimated ones §; for each test observation i. The

accuracy index is averaged over all test observations:

Accurac —i yi 0 i
YT M Ly Uyl

Except for the above metrics that measure classification performance in a multi-

label setting, similar metrics are also employed to evaluate the results in a binary setting

for each one of the four independent labels (FFS, AC12, AC36, AC45). The binary

metrics include precision, recall, the Fi index, the AUC, as well as classification accuracy

(CA), measured as the ratio of correct predictions to the number of test instances.
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To obtain unbiased estimates for the performance of the algorithms, a cross-
validation (CV) analysis is employed with 10 folds (i.e., 10-fold CV). Given the panel
structure of the dataset, the CV folds are constructed by partitioning the unique firm IDs
(133 companies) rather than the firm-year observations (752 observations). Thus, the
training and test partitions are independent, in the sense they include observations from

different firms.

3.5 Results

Several train-and-test runs are carried out utilizing a moving window technique
to get reliable estimates for the algorithms' performance. More specifically, three
replications are conducted, each involving a training window of three years and a test
period of one year. In the first train-and-test run, the training data covers the period 2014-
2016 and the developed models are tested on the 2017 data. For the second run, the period
2015-2017 is used for training the models, which are then tested in 2018. The same
process is repeated one more time, with the data for 2016-2018 used for training and the
2019 data for testing the model. The presentation in this section focuses on the test results
from these three experiments. I begin with the analysis of the classification performance
of the binary and multi-class models (subsection 3.5.1) and then proceed in subsection

3.5.2 with the presentation of the features’ importance (i.e., the independent variables).

3.5.1 Classification performance

The analysis begins with the results involving the distinction between FFS and
nFFs cases. Table 8 summarizes the performance metrics for all methods and the two
corrective schemes that were described in subsection 3.3.5. From Table 8, it is evident
that RF and GAM provide the best results in discriminating between the two classes,
followed by LR and the MLKNN algorithm, whereas the standard kNN algorithm yields
the worst results among the considered methods. The multi-label kNN algorithm

(MLKNN) performs slightly better than the LR base model, but LR provides improved
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results with the two correction schemes, particularly when combined with the NNML

scheme.

As far as the comparison of the three modeling schemes is involved (base models,
CBIC, NNML), the two correction schemes (CBIC, NNML) provide slightly improved
results in terms of the Fi metric and AUC. The same holds true for the classification
accuracy measure, when comparing the base models against the ones developed with the
CBIC schemes (i.e., average accuracy 0.851 for the base models versus 0.859 for the
CBIC scheme). On the other hand, the classification accuracy obtained with the NNML
schemes is significantly higher (0.87, on average), driven by the improved results in terms

of precision.

Table 8: Classification results for the distinction between FFS and nFFS cases

(averaged over the three tests)

PR RC Fi CA AUC
Base models
kNN 0.613 0.727 0.657 0.828 0.817
LR 0.593 0.769 0.659 0.818 0.892
GAM 0.739 0.767 0.740 0.880 0.924
RF 0.695 0.793 0.735 0.871 0.939
MLKNN 0.690 0.708 0.691 0.856 0.872
Average 0.666 0.753 0.696 0.851 0.889
CBIC scheme
NN 0.644 0.727 0.677 0.844 0.816
LR 0.616 0.805 0.688 0.835 0.895
GAM 0.746 0.757 0.738 0.880 0.916
RF 0.716 0.787 0.743 0.877 0.940
Average 0.681 0.769 0.712 0.859 0.892
NNML scheme

kNN 0.706 0.685 0.694 0.864 0.815
LR 0.681 0.704 0.683 0.852 0.895
GAM 0.761 0.725 0.730 0.880 0.925
RF 0.826 0.686 0.738 0.894 0.937
Average 0.744 0.700 0.711 0.872 0.893

Table 9 presents additional results for each one of the three groups of auditors’
comments AC12, AC45, and AC36, which were described in subsection 3.1. Similarly to
the FFS/nFFS results, the RF algorithm together with GAM provide the best results in
most of the cases. On average, the prediction results are similar across the three groups
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of comments in terms of classification accuracy (CA) and the AUC metric, whereas the
F1 scores are higher for the identification of cases in the AC12 group. Comparing the
three schemes, CBIC provides small, yet almost consistent improvements compared to
the base models, in terms of the three overall performance metrics (Fi, CA, AUC), with
the differences being higher for the AC45 group. The NNML scheme yields improved
results in the F; score and CA, compared to the base models in the AC12 group, while
having similar AUC performance. For the two other groups of comments (AC45, AC36),
NNML provides higher classification accuracy, due to its better PR results.

Table 9: Classification results for the FFS groups

ACI12 AC45 AC36
PR RC F CA AUC PR RC Fi CA AUC PR RC Fi CA AUC
Base models
kNN 0.653 0.689 0.666 0.856 0.807 0.449 0.764 0.556 0.846 0.824 0.468 0.632 0.497 0.850 0.777
LR 0.574 0.749 0.639 0.826 0.894 0.438 0.774 0.549 0.838 0.858 0.390 0.753 0.497 0.819 0.856
GAM  0.663 0.733 0.684 0.862 0.920 0.499 0.800 0.593 0.863 0.919 0.496 0.761 0.590 0.879 0.907

RF 0.654 0.738 0.684 0.863 0.934 0.437 0.856 0.573 0.831 0.923 0.615 0.699 0.613 0.899 0.915

II:I/ILKN 0.779 0.706 0.725 0.887 0.879 0.564 0.463 0.440 0.870 0.836 0.569 0.410 0.438 0.886 0.827

Average 0.636 0.723 0.680 0.859 0.887 0.477 0.731 0.542 0.850 0.872 0.508 0.651 0.527 0.867 0.856
CBIC scheme

kNN 0.709 0.673 0.689 0.877 0.807 0.494 0.683 0.569 0.872 0.821 0.566 0.632 0.577 0.897 0.777

LR 0.594 0.793 0.667 0.838 0.895 0.502 0.774 0.596 0.866 0.860 0.463 0.735 0.560 0.868 0.860

GAM  0.721 0.731 0.713 0.882 0.921 0.596 0.716 0.635 0.897 0.921 0.533 0.702 0.597 0.891 0.913

RF 0.695 0.753 0.713 0.880 0.934 0.526 0.828 0.641 0.881 0.922 0.604 0.665 0.594 0.896 0.912
Average 0.680 0.738 0.695 0.869 0.889 0.530 0.750 0.610 0.879 0.881 0.541 0.684 0.582 0.888 0.866
NNML scheme

kNN 0.709 0.673 0.689 0.877 0.807 0.540 0.530 0.534 0.885 0.821 0.664 0.547 0.597 0.917 0.777
LR 0.672 0.736 0.694 0.866 0.892 0.514 0.455 0.457 0.868 0.853 0.444 0.308 0.346 0.866 0.859
GAM  0.744 0.717 0.719 0.888 0.922 0.654 0.566 0.594 0.903 0.911 0.600 0.520 0.533 0.895 0.910
RF 0.801 0.705 0.740 0.902 0.937 0.557 0.534 0.543 0.884 0.919 0.767 0.375 0.477 0.906 0.903
Average 0.731 0.708 0.710 0.883 0.890 0.567 0.521 0.532 0.885 0.876 0.619 0.438 0.488 0.896 0.862

Table 10 summarizes the performance metrics considering the full multi-label
setting. Regarding the relative performance of the classification methods, RF is the best
performer overall, followed by GAM, whereas the standard kNN algorithm provides the
worst results. The multi-label schemes yield significant improvements over the base
models, in terms of the Hamming loss and the accuracy metric (Jaccard index). The

improvements are more noticeable with the NNML setting. For the F1 metric, the results
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obtained with the CBIC scheme are also improved compared to the base models, whereas
those of NNML are inferior due to the lower RC. Finally, in terms of AUC, no noticeable

differences are observed between the three schemes.

Table 10: Overall classification results

Macro PR Macro TC  Macro F;  Macro AUC HL AC
Base models
kNN 0.546 0.703 0.594 0.806 0.155 0.758
LR 0.499 0.761 0.586 0.875 0.175 0.734
GAM 0.599 0.765 0.652 0.917 0.129 0.791
RF 0.600 0.771 0.651 0.928 0.134 0.794
MLKNN 0.651 0.572 0.573 0.854 0.125 0.801
Average 0.579 0.715 0.611 0.876 0.144 0.776
CBIC scheme
kNN 0.603 0.679 0.628 0.805 0.128 0.809
LR 0.544 0.777 0.628 0.878 0.148 0.787
GAM 0.649 0.727 0.670 0.918 0.112 0.833
RF 0.635 0.758 0.673 0.927 0.116 0.834
Average 0.608 0.735 0.650 0.882 0.126 0.816
NNML scheme
kNN 0.655 0.609 0.628 0.805 0.114 0.831
LR 0.578 0.551 0.545 0.875 0.137 0.805
GAM 0.690 0.632 0.644 0.917 0.108 0.837
RF 0.738 0.575 0.624 0.924 0.103 0.851
Average 0.665 0.592 0.610 0.880 0.116 0.831

3.5.2 Features’ importance

The interpretability of machine learning models has become a critical issue for
their successful application and deployment in business domains. To address this issue in
the context of the models developed in this study, Tables 11 and 12 provide results on the
role and importance of the explanatory in the models. More specifically, Table 11 presents
the LR coefficients for the three-time windows, averaged over the specifications

corresponding to the four labels {FFS, AC12,AC36, AC45}.

Moreover, the same table provides indications on the statistical significance of the
variables, i.e., the number of specifications in which the variables are significant at the

1%, 5%, and 10% levels. Regarding the machine learning models, Table 12 shows the
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mean absolute Shapley values (normalized so they sum up to 1) as an indication of the
features’ importance. The Shapley value has been proposed by Lundberg and Lee (2017),
as a general approach to assess the contribution of explanatory variables in machine
learning models. The Shapley value indicates the contribution of an explanatory variable
to the outcome of a model for a particular instance, when compared to the outcomes
obtained with all possible combinations of variables for that instance. The results shown
in Table 12 correspond to Shapley values averaged across all training cases, and over the

four modeling specifications (labels).

Table 11: Logistic regression coefficients by year (averaged over all labels) and
statistical significance results

Coefficients Significance”

2014-16 2015-17 2016-18 2014-16 2015-17 2016-18
DIRCHANGE -3.652 -0.787 -0481 1/1/1 0/0/0 0/0/0
SHARE&BOARD -0983 -0.817 -0.700 1/0/0 1/0/1 1/0/0
FAMILY -0.245  -0.183 0477 0/2/0 0/0/1 0/0/1
BIG4 0.922 1.293 1.537 1/0/0 2/0/0 2/1/0
Sector=Trade -0.315  -0395 -0385 0/0/0 0/0/1 0/0/0
Sector=Services 1.005 0.644 0.169 2/0/0 0/0/2 0/0/1
P/BV 0.001  -0.002 -0.007 1/1/0 0/1/0 0/0/0
COSTSOLD/AP 0.076 0.029 -0.013 3/1/0 2/0/0 2/2/0
CA/CL -1.575  -0492 -0.544 0/0/0 0/0/0 0/0/0
AMORT/FA -5360 -6.708 -4.182 O0/1/1 1/2/0 0/2/0
EBIT/TA -11.011  -8.095 -9.021 3/0/0 2/0/0 3/0/0
LN(TA) -0.376  -0.309 -0.116 2/1/0 2/1/0 0/1/1
TL/TA 3.380 3.903 2.823 3/0/0 4/0/0 4/0/0
SALES/TA -1.601  -1.465 -1.743 2/2/0 3/1/0 3/1/0
AUDSWI 1.346 1.248 0360 0/1/0 2/1/0 0/1/0

* Number of specifications where a variable is statistically important at the 1%
/5% /10% levels.
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Table 12: Mean absolute (normalized) Shapley values by year (averaged over all labels)

kNN GAM RF
2014-16 2015-17 2016-18 2014-16 2015-17 2016-18 2014-16 2015-17 2016-18
DIRCHANGE 0.034  0.038 0.038 0.021 0.014 0.016 0.005 0.006 0.005

]S)HARE&BOAR 0.081 0077 0077 0037 0031 002 0011 0017 0010
FAMILY 0080 0.083 0082 0074 0043 0041 0039 0044 0.039
BIG4 0.066 0.073 0.085 0029 0041 0032 0005 0019 0.009
SECTOR 0132 0134 0134 0036 0049 0035 0019 0019 0011
P/BV 0060 0072 0070 0043 0050 0064 0035 0044 0.061
COSTSOLD/AP  0.050 0.045 0045 0041 0044 0048 0057 0036 0.044
CA/CL 0078 0068 0072 0136 0178 0180 0275 0230 0.258
AMORT/FA 0062 0061 0061 0075 0065 0035 0047 0049 0027
EBIT/TA 0076 0064 0066 0067 0085 0070 0120 0.085 0.095
LN(TA) 0081 0083 0083 0058 0068 0057 0034 0052  0.049
TL/TA 0.097 0.086 0.091 0290 0208 0302 0287 0309 0323
SALES/TA 0057 0059 0053 0069 0.092 0076 0061 0077 0.064
AUDSWI 0.044 0056 0043 0024 0030 0015 0004 0011  0.006

Note: The three highest values in each year are shown in bold.

Regarding the results of Table 11 which concerns the role of the independent
variables in the LR models, it should be noted that variables with negative coefficients
lower the risk of FFS, whereas positive coefficients indicate variables that increase the
likelihood of FFS. Going into the details of the results, it is evident that there are some
mixed indications regarding the significance of the fraud diamond variables over the
three-time windows of the analysis. For instance, DIRCHANGE is found to have a
significant negative effect (i.e., lower risk of FFS) in 2014-2016, but its contribution in

the next two periods is not significant at the 10% level.

On the other hand, as it is shown in Table 11, AUDSWI is statistically significant
in all periods with positive signs. This is expected because a qualified audit opinion often
leads a company to change its auditors (Kirkos et al., 2007). Interestingly, the BIG4
variable is found significant over all periods, with positive signs, which indicates FFS
events are more often observed for firms that are audited by BIG4 companies. A possible
explanation for this result could be that BIG4 auditors are more experience and conduct

more thorough audits, thus identifying more cases where firms do not provide correct
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financial information in their reports. Regarding the sector of the companies, the results

indicate that firms in the services sector have higher risk of FFS (positive coefficients).

Considering the financial variables in the LR models presented in Table 11, the
variables that are more often significant (at least at the 10% level) are the ratios TL/TA,
SALES/TA, and COSTSOLD/AP, followed by EBIT/TA and LN(TA). The solvency
indicator TL/TA has a strong positive effect on the likelihood of FFS, whereas the
profitability indicators EBIT/TA and SALES/TA both have a strong negative effect (i.e.,
lower risk of FFS). These results are in accordance with previous studies (Cecchini et al.,
2010; Gaganis, 2009; Kirkos et al., 2007; Wyrobek, 2020), thus confirming that firms
that face financial difficulties are more prone to report falsified financial statements.
Regarding the size of the companies, as measured by the logarithm of total assets, it has

a strong negative effect, which indicates that the risk of FFS is lower for larger companies.

The examination of the results shown in Table 12 for the importance of the
variables in the three machine learning approaches (NN, GAM, RF), reveals that in these
models the significance of the variables differs compared to the LR results. Differences
between the methods are also evident, even though GAM and RF share some similar
patterns. Nevertheless, the solvency indicator TL/TA is highlighted as a consistently
important factor for FFS detection across all methods (including LR) and years. In
addition to this ratio, the results of GAM and RF indicate that ratios such as EBIT/TA,
SALES/TA, and CA/CL, are also important. The former two ratios were also found
significant in the LR models. Regarding the fraud diamond variables, they have higher
importance in the kNN models, whereas their contribution in the GAM and RF models

appears to be lower.

Overall, the results of all methods highlight a link between the financial soundness
of the firms and the likelihood of FFS, whereas the role of non-financial factors, such as
those related to the fraud diamond theory appears to be mixed and requires further
analysis. Nevertheless, it should be noted that differences between methods should not be
a surprise, especially when comparing the statistical results of LR to the feature
importance in machine learning models, given that each method relies on different

assumptions.
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Chapter 4. Conclusion and Future Perspectives

Although the detection of financial fraud is a significant problem for various stakeholders,
experts have failed to reduce the number of frauds and the financial and non-financial
costs resulting from them. Nowadays, corporate frauds are more complicated, based on
elaborate techniques and fraudsters are usually above suspicion, thus causing larger losses
(ACFE, 2022). Therefore, it is important to advance the fraud detection procedures
beyond the traditional auditing tools and to strengthen these procedures by better

understanding fraudsters’ motivations and practices.

This thesis proposed the development of fraud detection models based on the
fraud diamond theory and examined the performance of models constructed with popular
machine learning approaches in a multi-label classification setting using financial
statements from 133 Greek companies listed in the Athens Stock Exchange over the
period 2014 to 2019. Regarding the applied techniques, RF and GAM provided the best
results in discriminating between the two classes, followed by LR and the MLKNN
algorithm, whereas the standard kNN algorithm yielded the worst results among the
considered methods. Moreover, the multi-label kNN algorithm (MLKNN) performed
slightly better than the LR base model, but LR provided improved results with the two
correction schemes, particularly when combined with the NNML scheme. Furthermore,
the two correction schemes (CBIC, NNML) provided slightly improved results in terms
of the F1 metric, CA and AUC.

Considering the features’ importance, it was revealed that the significance of the
variables differed in the three approaches (kNN, GAM, RF) compared to the LR results.
The solvency indicator TL/TA was highlighted as a consistently important factor for FFS
detection across all methods (including LR) and years. Moreover, the results of GAM and
RF indicate that ratios such as EBIT/TA, SALES/TA, and CA/CL, were also important.
The fraud diamond variables had higher importance in the kNN models, whereas their
contribution in the GAM and RF models appeared to be lower. Additionally, the results
of all methods highlight a link between the financial soundness of the firms and the
likelihood of FFS, whereas the role of non-financial factors, such as those related to the
fraud diamond theory appears to be mixed and requires further analysis. Differences

between methods should not be a surprise, especially when comparing the statistical
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results of LR to the feature importance in machine learning models, given that each

method relies on different assumptions.

From the presented methodology, it had been proved that it is important to
advance the fraud detection procedures beyond the traditional auditing tools and to
strengthen these procedures by better understanding fraudsters’ motivations and
practices. This goal can be succeeded by enhancing the accuracy by classifying a firm
into more than two classes and accelerating the need of using new theories human-
approaching in FFS detection such as Fraud Diamond Theory. Moreover, the two
corrective schemes (CBIC and NNML) enhanced the performance metrics of the models,
meanwhile the multi-label approach had led to a better understanding of the significance
of the auditors’ comments. Finally, there was not a clear picture of the contribution of the
non-financial variables involved in Fraud Diamond Theory, but this probably happened

due to selection of the specific variables.

Undoubtfully, the context of this thesis provides a comprehensive modeling
framework that not only enables the identification of financial fraud, but it can also
provide insights into the types of fraud that are relevant for each particular case, without
having to resort to different models for each type of fraud, which could be difficult to
implement, particularly when separate models provide conflicting indications. Moreover,
auditors can perform targeted audits focusing on the more relevant types of financial

statement fraud succeeding a better performance and spending lesser time.

Furthermore, it provides a detailed examination of all factors that can be red flags
to detect FFS considering that the majority of FFS derived from humans in managerial
positions being a valuable tool for various receivers. For instance, regulators may use the
proposed methodology to design preventive policies and corrective actions to identify and
address specific types of falsification, as well as to improve auding practices and the
quality of financial reports. Stakeholders may use it to receive optimal decisions for their
next moves, or investors may obtain all the appropriate information on the likelihood of
falsified financial reporting and insights into the different types of falsification, which

have material implications for their investment decisions.

In this context, it is worth acknowledging some limitations of the present study.

For instance, due to the difficulty of the hand-collection process to gather the data, the
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analysis not flexible in changes such as the expansion of years. Thus, this difficulty did
not give the chance to study the impact of the current crisis (Covid-19) according to the
tendency of FFS. Considering the difficulties derived from hand-collected data, it was not
convenient to add new ratios or variables after the initial collection of data which will
probably contribute to better results. Finally, this hand-collection process was much more

time-consuming spending more time in order to avoid typographical errors.

Additionally, the types of auditors’ comments considered for the analysis apply
to the Greek context based on data obtained from the firms’ financial reports and the
comments of the auditors restricting an international approach. Moreover, while the
present analysis has provided insights into the classification power of multi-label
schemes, there is no consideration of a rich set of different classification algorithms and

multi-label approaches.

Based on these limitations, there are various future research directions that could
be explored to extend and further enhance the proposed approach. Firstly, additional
inputs can be considered to describe the pressure, opportunity, capability, and
rationalization dimensions of the fraud diamond theory, such as the directors’ wages, the
employees’ wages, the number of subsidiaries, the experience of the executives, and the
dedication to business ethics good practices. Moreover, it would be interesting to
investigate the theoretical and empirical relationship between the fraud diamond
dimensions with the specific types of auditors’ comments to obtain insights into the
relevance of these dimensions with different forms of FFS. Furthermore, it will be
interesting to consider some external red flags for instance crises (wars, environmental

disasters, or inflation etc.) and the tendency to occupational fraud.

Linguistic and textual analysis can also be incorporated in the proposed
methodology to derive useful information from the financial reports and the auditors’
comments (Kydros et al., 2022). Moreover, it is interesting to examine the applicability
of similar approaches for non-listed companies, as well as usage of the proposed
methodology to data from other countries. Finally, from the methodological point of
view, it would be interesting to consider new multi-label classification approaches and
investigate the classification performance of the proposed multi-label schemes (CBIC,

NNML) to various datasets, beyond financial fraud detection.

75



Nevertheless, it should be emphasized that the challenges that have recently
emerged in the global business environment, such as geopolitical turmoil, ongoing burden
due to climate change, and health crisis (Covid-19), and complexity of data, may have a
significant impact on the organizational capital and operation of firms (Karpoff, 2021).
This is likely to lead to a further increase in fraud events and a change in the practices
that firms follow to manipulate and falsify their financial reports. This increases the need
to act as soon as possible, enhancing the detection methods using analytical tools such as
the ones developed in this study and to keep them up to date with the dynamic nature of

the business environment.
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Appendix

Table Al: Means of the variables for different types of auditors’ comments

ACl1 AC2 AC3 AC4 ACS AC6

No Yes No Yes No Yes No Yes No Yes No Yes
DIRCHANGE 0.07  0.03 0.06 0.06 0.06 0.06 0.06 0.05 0.07  0.03 0.06 0.11
SHARE&BOARD 0.75 0.76 076 072 0.77  0.58 0.75 0.80  0.75 0.78  0.77  0.55
FAMILY 0.28 029 028 029 028 0.25 027 039 0.28 032 028 032
BIG4 0.15 0.17 0.14 0.21 0.14 027 0.14 026 0.13 028 0.14 0.28
P/BV 5.33 2.00 417 697 4.68 337 380 12.67 441 5.59 491 0.06
COSTSOLD/AP 6.13 3.37 588 319 570 346 563 411 5.75 3.85 573 249
CA/CL 2.14  0.73 2.00 0.73 1.93 0.62 1.91 0.87 1.98 0.74 1.91 0.63
AMORT/FA 0.08 0.06 0.07 0.08 0.07 0.07 0.07 0.06 0.07 0.07 0.07 0.07
EBIT/TA 0.04 -0.04 0.03 -0.03 0.03 -0.04 0.03 -0.05 0.03 -0.03 0.03 -0.03
LN(TA) 1842 17.82 1832 18.08 1829 1821 1833 17.83 1835 17.87 18.28 18.36
TL/TA 0.58 1.26  0.62 1.44  0.68 1.30  0.70 1.17  0.67 1.17  0.69 1.38
SALES/TA 0.80 0.54 0.77 054 0.75 0.55 0.76  0.53 0.77 052 0.75 0.52
AUDSWI 0.05 0.05 0.05 0.06 0.06 0.00 0.05 0.12  0.05 0.08 0.05 0.04

Table A2: Statistical significance of the variables in identifying different types of auditors’

comments (p-values from ¢ test / Mann-Whitney U test / y? test)

ACI AC2 AC3 AC4 AC5 AC6
DIRCHANGE -/-/0.09 -/-10.77 -/-10.95 -/-10.57 -/-10.16 -/-10.11
SHARE&BOAR
D -/-/095 -/-1037 -/-/0.00 -/-1037 -/-10.56 -/-10.00
024/034/ 0.83/0.69/ 0.09/0.06/ 0.00/0.00/ 0.02/0.05/ 0.21/0.66/
FAMILY - - - - - -
BIG4 -/-10.40 -/-/0.06 -/-10.01 -/-/0.01 -/-10.00 -/-10.01
SECTOR -/-/0.00 -/-/0.00 -/-10.56 -/-/0.00 -/-10.00 -/-10.55
0.16/0.00/ 033/025/ 0.71/0.61/ 0.07/052/ 0.76/0.01/ 0.08/0.11/
P/BV - - - - - -
0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.10/0.01/ 0.01/0.00/ 0.00/0.00/
COSTSOLD/AP - - - - - -
0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/
CA/CL - - - - - -
0.04/0.00/ 0.47/0.64/ 0.99/031/ 022/0.09/ 0.49/0.12/ 0.58/0.09/
AMORT/FA - - - - - -
0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/
EBIT/TA - - - - - -
0.00/0.00/ 0.12/0.79/ 0.69/098/ 0.02/0.02/ 0.01/0.01/ 0.72/0.30/
LN(TA) - - - - - -
0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/ 0.00/0.00/
TL/TA - - - - - -
0.00/0.00/ 0.00/0.01/ 0.00/0.10/ 0.00/0.00/ 0.00/0.00/ 0.00/0.02/
SALES/TA - - - - - -
AUDSWI -/-/0.95 -/-/0.89 -/-/0.04 -/-/0.01 -/-/0.19 -/-/0.60

Note: The p-values from the ¢ test and the Mann-Whitney U test are reported only for quantitative

variables. For categorical variables, the results of the y? are shown.
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