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Board Representatives of Juristic Persons and Financial Performance

Abstract

Most extant studies in Taiwan discussed issues of board representatives of juristic
persons from a legal viewpoint. Limited research has yet provided empirical evidence.
This study empirically investigates the association of board representatives of juristic
persons acting as shareholders and Tobin’s q (7obinQ) of a company. Taiwan is one of
the very few countries in the world which allow representatives of a juristic person to
be a director or supervisor of the board. The origin of such system was due to the
concern for a company’s shares held by the government. Only by allowing a
government agency to sit on the board, can it monitor operations of companies. This
system, however, is then applied to shares held by juristic persons. Proponents suggest
that such system protects the right of a juristic person investor and will thus
accordingly encourage its investments. Opponents pinpoint that not only the system is
not fair to individual shareholders, it may also result in the company can be easily
controlled by a business group and weaken the internal control and monitoring system.
Thus, whether it is advantageous to allow a juristic person acting as shareholder to
designate representatives to sit on the corporate board is an empirical issue.

The primary empirical findings of this study indicate that a significantly negative
(positive) association exits between board representatives from business group
(government agency) and TobinQ, which is consistent with the expectation of the
agency theory. Our primary findings are enhanced by various empirical specifications
and sensitivity tests. The analysis of additional tests indicates that the primary
findings hold when using ROA as an alternative performance measure with an
exception that the positive effect of government agency board representatives on
performance becomes insignificant. This research also documents a linear relationship
between board-composition variables of interest and 7obinQ, and a firm-complexity
effect on the board composition-TobinQ association. The difference in role of board
representatives by government agency found between TobinQ and ROA suggests that
having government agency board representatives is appreciated by the investors
although it does not have impact on the operating performance.

Keywords: board representative of juristic persons, ownership structure, board
structure, financial performance



AFIHEHwmEATEH S TR L BT - HR TR AT 2 ER
% Ems o pRAFE

PR AR AT i AR L s R o )
H

iiéfﬁ%4§%’%pé4%i’%@%4i,
4

S
e
N
>~
(w
n
iy
0
N
>\4_
(‘rﬂ'

t@ﬁ
beicy
[
4
.ﬂ%
M
ke
=1
)
e
>~
i
oy
%~

BRRREERBFL EERE T
Kﬂﬁ“%4“*°ﬂ&?ﬁi’é&iiﬂaa?ﬁ#%é%iisﬁﬁﬂ\
EFGRVFLEF IR L B EN A2 EFHIR L PRRH TGN Y
ﬁi%§’¢$ﬁ GFE L R c AR PES 2T 5 APEET B A 2
RE o PELR TS FHEARRIOPEIEFLAZpARAF AR BF
3R - (RN Lo %,’,’;\(;ﬁa@]a;—};ﬁ, AETANET T LT A

EHREFF2LRE AFIRFZATEZERAAART

ZHETIEIAM G FEALE SN AR AR R RS AR D B H e

B 7A P2 e G AR 2% 27 (F83F R - % A 47 10§ i & e pF

FE2ERACFALTIRACFFENH NI FHL LAHFEEEE

%4%*F—£%%@%’ivh@¥%”“‘%ﬁowﬁ’%@ Pl WEE R
T TR

EALEREIFLPR BB AT RSP AR R ;a@%m‘s;?/Laxsa* ’
mF R SRR %g."l%ﬁ%@%t’fié‘é‘fj‘;&@% ik B B
B MR R N A A R R EY o B - RERT B AET RS hF g ‘%Jﬁfé
KehfEd o PRRENR A I AR RE O RT UAERRE N L f R T T
ERS ECET G S E-EE RS SRS L DS Ly

FIp 2 B8R ini » 272 % 2T it A2 g €M@ v &
AP AT E F AN FEE RSN BN F

¢
%%fﬂ“ﬂﬁﬂﬂ S NP NIARMAT RO A EE L ORI  REF £

¥

kg4 > AHF 2006 B RF S B X LR NZEAETVREL D
12007 £ BERFATAAET RETEAZRLBEAT AR T AL TS E B
*‘a‘ag&o@,&a;—“%&_ HEE LT R ;y/é’\’i”é\m PRETRL B IRIFARY
5[3@?5,;11;2&5;9‘\5,} )\ﬁ:ig,u_l - gugﬁg—rgigi%ﬁg}g,;tm&ﬁmge’:
% ’%Rféﬁi%’]‘i%}\iﬂﬁv d gL B 7 A 2 AR d & Eimig},}.ﬁ#ﬂl\l fikf’} ,4
A o
HR 3



DS A L RSN ER AT FTZARD NTAFHEAET A

AP 1 N S - SRR P —?—ﬁf’é\ﬁ%*il‘??%@o

ﬁgﬂé&ﬁ %ﬁﬁ&ﬁ?%ﬁ%ﬁﬁaﬁﬂg sed Stq A s g & T B
%iﬁiﬁmggﬂz%iﬂ%’gﬁ%4§iﬁxnﬁﬁqmﬁ””ﬁilﬂ
S LR R U R e R LR L R E R S LS

3 o

A wiE Eﬁﬂ&(ﬁﬂié%@i%ﬂL%‘Ei)%é?@%ﬁﬁ
m

FERPITEE R LM F A REE A ETH AL QR EE R

N+

N ’ﬁ = F‘%?Eﬁg*%ﬁé%éﬁﬁ ’ T:E'L_%g;ﬁuﬂg ° _;Fl_‘—— ) }kfﬁﬁ%—ﬁ;ﬁ}, {@;&E/ 2 -Ef:-a;
CEER LD FRAGE 2 27 Ho(TobinQ) E @ AFM s b fe -

B~
Y
LA FE R AR TR A PR A SR TR AR LR
i

.;_

CRBEF S e M A m R A LR TobinQ & 1w B G o
EHBEZ2ZRASES (ERFERT LT E 7
Wi A FERF P E o B AR AFE %#};L*’Faqb;fgjgg

FEAEFE RSN H Ty 3l

PP ERP FHIFE 2T T E Y REFATE EXTF

i

B
£ ARBE - ROA 2 TobinQ A 456 % 7 fe 2 e » T2 A 5822 ROA & §
ARBE > M AERTE K A LT B4 B ROA | BF 4 v ML - &
BERPOEFTAARTIRIFRFTEF T RALLOP > Fa § ik
S e TObINQ § i 7 9 % 4§00 § 1§ e A
-

L
AITEATEFIRHEY SRR E T HIEAEE

/



PP REOR Ry TR R AV R PRI AR 2 PR
’Q]IZ_E—_]‘\%;QJ,;O

AR YRR B ] RRE R

BoH R AT Ul R4 - BREEF T A FERRE N T Kb
B o 1§%i Hi2ATEARLZIFAPHEE S S EP B FI TR LR e
FAOMMAELT? SR - FEEL 7 ERZ P TEErn A2
® e + A F2 - (Hermanson and Rittenberg 2003; Prawitt, Smith and Wood
2009) - i B 2 @ ¢4 3 (Zahra and Pearce, 1989) - o i A FE 1B A F 1+
MEF O NI R FY O AL PR EE € a2 i&*i&l*—v)’%

23t o XRS5 R R AL

o

FIPE 2 PRI 2 P ks 2 s S ORI R E ¥ géﬁ@
JAFHER SIL At 24 @ i (Wang 2003) 0 iz & 7 A 4R Y S
%%ﬁv%ﬂ(?%@zmm FORAM AL LR FH AR T2 R E

FEM (Lg% 2007) 0 ot gl g 1
(Wang 2003)c g%t » = FE R Z W FEFT AR I 2w B (FI3R &
2006 ) -

M’g

IS SRR g@mﬁﬁiw@p;,iiﬁw;;%j?%w
A 3 e R o Wﬂ*@%’iigﬁii%% X

PRy B cE PR RAES A 2a B2 EEO@&@$L£
Hevrti Kp ERFATD s EFAFIERAJIEdE- RE> ¢ 7 R

it 22 24 B (Jensen and Meckling 1976; Fama 1980 ) o & % 32 78 25 BL8LIR 3 e
PR o2 ngd gafp e dpd v DA FONREE TR
FHREOEF 0 TR TR TR R > 2 7 4 2xi4d (Daily and
Dalton 2001; Daily 1995 ) -

RREGERELIWARE 0 £ RFHEF a2 v S RYRHTE
= 2_ b2 k4L (4 Yermack 1996; Bhagat and Black 2002 ) » 25 = “F 3% fh
2ERHIFTEWMMEEF > S EN ARG - et R AEES

Zd

D! Bl de ‘f‘ﬁig ST ae ST Ay BN P & ié?&’i‘fir?m‘gfig -
w7

B
HIL A FISTHRCE BTG RS A RS R P § 2

= i
[\x, m
?\"ﬂ wz
Cm\i\v -E«-

xi\ﬁ’g
AR

z7
4;
q.

3



HEFAFLEFHeR G e » MO OE 0 2 ARFF @] - KD

& # (Dalton, Daily, Certo, and Roengpitya 2003; Dalton, Daily, Ellstrand, and

Johnson 1998) > 38~ 4= M - EF g W43 (W2 FF AT F4F )

AR 5 4 % ( Cotter, Shivdasani, and Zenner 1997; Byard, Li, and Weintrop 2006 ) -
7

& % fkg F enRg B (Yermack 1996; Bhagat and Black 2002) -

?ﬂk-

BIp v prap PP FFLEATEFIRLALETR M ~FF 4 AN
FALE R F i F T R SE(HRF 2 199620025 % 4 F 20005 & 4% 2007) -
FloBF2AFE PRI SO T URET 2P R v * 20 n
RUAFGFAP LENEEATELNEARIAETES (A2 EfEAEET ) B
R 1) B B LS atal 20 £ ERERC G S R SR LE ok TR LB ARSI
e @%;UMQWdNJNO)rﬂiﬂﬁ%4@%§§ﬂﬁﬁ’ﬁ%ﬁé4$%

o

Prec H N A A 2B AT R ARRHFEA LI EIEILA L 2
LaREr REAEFIEER D TR R > H AT AR g i o pob o
i = ¥ % ik df (board dependence) » T F F hf & R p T2 A F B FH > UK
MREZELITELOPOEY cFRAETEHI R I H R Bld 2 AN A
NEEEEATG LT FIERE GYFFNR Lo 0 E PINE e gk

Bo R HME R EL (F 533199 )0 0PI E s kP2

TEAEEFER £ RSO A rE Rt E

dNEAFTEHRL AL AR SRE R R T L FE B AR £
RArE G EREBE D gh R A IR 3G #é o IEEA BT
EATEFIRZBY AT EE L ERAFIREE PR Tika
RAPEY Fol B WA RELREA Y WL EE I mEF 42

RAp o BEAHFIG @ ML EEY HE {1 AP

BLASE I L EN G2 -



kg BT ARAT REFFREAADNZET L R HET
"Ttm/\ 4 ?\d\bk:ﬁ;g”axd\f,;{ii,pj ﬂ;siff\]z A lj‘%\»u/._%j?;:

Ao pREr o F R ChIRB R RRAE T R b3t % B % (Lee, Rosenstein and Wyatt

1999; Hillman and Dalziel 2003) » 7 & 843+ 35 4 4 »xendg 2 (Daily and Dalton

1994; Hillman, Keim, and Luce 2001 ) - 32 F A 305 S 7 EF 2 F 2 B 2243 > 7

o~

rgd gefpehd RS BT i o S HEOR Bl g
BT RN A TR o 7R

CRREESERRERSS
- R#E

hv 2 OLS Fin fFhical (1) #3432 A T 418 & s s enbd s

7 19
TobinQ;, = ay +a; XJpdir;, +o, 2. CV;, +e, 1)
T j=1 k=8
B9 o TobinQ 3% B A#FTE 2 2P e Jpdir AR A EE AR g
R CY Ao P ipIR e @ AR 2 Rk -

AFL AR RN A EE B R (Jpdir ) CEE
B2 &oﬁng-'EJ%;AL%F:ﬁ&%ﬁ\ﬁﬁﬁﬁ‘a
H

ERAE TR A NE AR E A T EFEPHRT A o A EE AP ¥ B2

AFTHREATER T LS HREILL 2L EE 2 S (Jpdir ) :
(1) £FF24%5% (Bdy): FEFd 2 AL 0EZR 51 3050

(2) 2AF~FR=vF (JBseat »JSseat ) 2 A EF (FBRA) Rk
( 2R

TRA) RATF A

BREAFE ~ERAIF (GBseat ~ GSseat ) FRiFANEEE (F

F =
AR EES (ER) LA 41ﬁ9u;%

W
~
ekt
A
PN
-~
=
]

HIRZRL AR EFRT L3 F I RTARIAPEFET MG



4) EBEEZLAERLFE ~F R F (JBgp seat ~ JSgp sear ) F B & ¥ 2

AREFE (ERA) A EEE (ER4) RAXZF AL
mHl%E (C)

AL 2P e o P S i Rl 2 P oA M R ST A
2 gk(&njar Boyd 1995 ; Wang 2003 ; %13k i& 2006) » 0 » Fd]9  & 4k - fe i
(Cfright) % £ A FFRPFNZREEE - X (Dual)~ &% ¢ R4 (Bsize) ~
% ¢ 2 1 (Indbseat)* % % #c(Boyd 1995); 2 @ 1 % #cp| 2L M~ T (]
4v Coles, Daniel and Naveen 2008;3% % /& ~ M - % 2008 ; Bhattacharya and Graham
2009) » ih » 2 P RK(Size) ~ f Et F(Lev) s ¥ fed £ F(Salesgw) ~ T A B A
(Cap_intn) ~ ¥ 2¢ % & (Rdsales) ~ B 1 ‘= F|(Bonus) % = @ pAi+4F 1218 5 ¥ -

-~ RHEES
AFTE 1997 2 2008 & rg bR (%) 2 F 0 SPIF EmARM A K~ 2t
EEFIN T P HBEEREERE P e EREEROT R LREEL

9204 % o AR5 2 A BB EFT A LRI TE)FHE » 2 A F LM FH
PR 2B Familhs TE)FE S FRE -

ﬂJ ‘&.

o
oMk LE-HHELrBAZTE VP2 oER FEEFZAETEE
HOP g% f oo B RZAETFET LD
FEETRA 2 25 NI A pE- Ko TARZE L FT IR I a5

TEBA TR G AT SR AN B EF B FERE L f
Mofpg 22 " AREBELEIAFTE DG AT 7»41\?;' /},g‘llliip,,_\c/‘b'“r?ﬁﬁp LEA
FREREFOAAFTAZPGRFT A AR SP AL RGO rce L FREAE
¥ 2~ 175 % R Hillman, Zardkoohi, and Bierman (1999 ) 2. 7= 3 %% 4p {2 -
Hillmanetal (1999)# % » § * 7 g & F > M h2 A LI Ep > LT L ¢ H

ME D PSS iR B e

v Fofpend RRCAgR N BT R 2 JE R B
IR FERF|RE S DR r? SRR A FES BB L
~

.
~=be
\g

>

A

y
AR
=
fie
S

4wm i%%%@ag%%iﬁa FhE L AMEFAR 2K P 7
AR TR HET 2R BRI 2 P (powen) | Mo S EETE L
FHERGE T FE I R



AT TV EFZBEERIE (L) g?gy@ﬁ 2 *\g§;ﬁm (ROA) 1+
NP F o BEE A F T B AR A R (2) A AR R Ry

TobinQ &_F 13 UL 0 02 (3) EFAFFAME AT ER KR TobinQ M
B2 &k o

FT

OREE R TP R AFTL 2 4 A0 7% ROA & TobinQ
BG4 A eoFOREE Y TobinQ 7 B ¥ T o M 7o e 2 ROA 7 75 B 542
TREBRAE obinQ BB LB ROATHFE vl G- L HBEEV &7 o
w *5‘%;@?% WAL HFTRNEEFZOTRET T Fa LS R
FTRZAZEHROAZPE > P13 53 iyt b 2 B F M o SR 2 3
SR BT AT AT R #2 TobinQ G ALHM o

EEAFRR L A FT A X8 TobinQ Mz B E 0 Pl RS
EAFET LRI FEDP TobinQ 5 o Mo - B
PE TP RRE A ATER T FRE 0 2 PR i RAHE R

22 TobinQ cnf w MBS T2 A FE B2 el » MK 35

<

XIP| > FT AR D

Jekt

|25
=
FREALE  MEAERETIET cARARERL L2 X FT L DobinQ
rn
f

BEFRPM D P2 FFEFLEUBAREAZIETEFEMARALE
FORARARIDNFEZAREIRS DD AEY o AT AL
LB EFFH TR A EHTRZAETE FBEFZ A FTEF I 2 M
2 GRAL IR A B E s e 2 5ex (11 TobinQ & I )

N

/%’,i

AT Z AR REFHT  LATAZAEE!

B
=
2LFFT2Z0P NEARLANEEFEIAZAFTLEAIRE H Pk

VAL zERa A BPEEEEAETE RS F & TobinQ & évm%ﬂ’%ﬁ
EABTEA R EESY 27 0 SR RRERE S E A E D
o 2 P nTy RAREM o G B T AP S (ROA) g Hoxx 2
&) TR Fion

»

A

[k
[k

M-

KT e E PN
CEZATEZILFTHESE K]

~



SEELAPM o2 BB AFT e TobinQ 2 MBI Y KX 3|2 FAFRAE D
AT TS o

AETEHIRERZATE L AT R R RIEIEG - Ro & TR T
WA E T EBME F R A FE 0 AN 2T PR 2T i AR
* 5 Mom B PG h foe bl ke WA EFEE TobinQ &1+ v B %o
€82 ROA & oo B 050 pHaifl o F R L H IS ol g e F o e gL
FARFRRAF PuRT R AR SR iR T 2 g A

I
3

£
EAFTTHIRE T LT BRI TS A KRB PR 27T F2 1
7

Yy
E\;?{}%ﬁ%éle "‘q,\%éﬂ*b

| S ETRE ST TRERE TR F I, §
K{‘,}KEE | g‘kﬁ‘é‘ﬁi‘ ?‘r"b"&yb?}ﬁ?k&ul[& f"%aﬂ'lf..yrﬁfft?

FEEA 2T AR 2 R B R s

2
FHRADTALEH N c AR FAHD Z AT 0d pRAFEITZD

5
HELEAFBHLTF PP L AP FERTREE L4 BETR
BAR IR 2 TR 0 AR VAT KL (TR 2 e



WA REE NG B WL

i R NSC99-2410-H-004-071

lﬂ\«t

o S A

e A
LG I

EHEE IR W k /
X ;a ke AN :_ J}/ / Sy ;:;J_ ,;‘E _ s 14
mﬁ%w;%ﬁﬁ*ca Ropip s B g5 & Bk

2011/8/6-2011/8/10

RPFRY L 2
fEE # DENVER, CO, USA

& Eik oy 2011 AMERICAN ACCOUNTING ASSOCIATION ANNUAL MEETING

% %%~ %P |The Exogenous Issue of Feature Extraction

N T

33 08/07/2011 i p 8L+ $|:iE Denver » ** 08/08/2011-10/08/2011 ¢ & #p F’“i €
3¥-25 7, Opening Plenary Session 3 & p 2_ Plenary Session ¥ § P % B #h~ 2.8 %>
¢ $& IFRS Implementations & adoptions issues ~ Internal control issues ~ Voluntary
disclosure ~ Performance ~ Corporate social responsibilities~Real Earnings management -
Audit quality ~ Forensic accounting ~ Forensic cases % 3=x 2_ 312 % K ih < % %
I3 08/10/2011 + = z_ Strategic and Emerging Technologies Concurrent Sessions
WA o 3 08/12/2011 # B 3B Denver » 3% 08/13/2011 F:E Y FI{S$3H o & £
Srg ko2 BRI o

:\}’;'?g:w%g

Plenary Session #571 # > ¢ 3+ L AR 2 40 L % SRR R FE o LHSH
PHEETRAARE NS o A AATF L2 *’{ § &+ Professor Nehmer
(Oakland University) ~ Professor Jonas (Case Western Reserve University) % § 7% &
Fe (¢ £ KPMG g FF £ 39T AR 7 ZBER ) o S ER - B2 5
TR PEHFRAPANFALY o



The Exogenous Issue of Feature Extraction

Abstract:

This study sets up an experiment of applying Growing Hierarchical Self-Organizing Map
(GHSOM) to fraudulent financial reporting (FFR) samples of Taiwan to explore the
exogenous issue of feature extraction. Specifically, based upon certain significant input
variables derived from the FFR literature and some statistical tool, FFR samples are classified
into several small-sized leaf nodes of GHSOM. Then, for each leaf node of GHSOM, this
study uncovers common fraudulent techniques from corresponding FFR indictments and
sentences (exogenous information) of clustered samples without referring to the attributes of
input variables. With acknowledging that different leaf nodes have distinctive common
fraudulent techniques, the study confirms that GHSOM can provide implicitly a relationship
between common fraud techniques (an exogenous variable) and input variables. The study
also demonstrates the abilities of GHSOM to (1) extract features from exogenous information
that are more abundant and more informative than input variables and (2) classify exogenous

variables in terms of input variables.

Keywords: Growing Hierarchical Self-Organizing Map; Feature Extraction; Artificial

Intelligence; Fraudulent Financial Reporting.



THE EXOGENOUS ISSUE OF FEATURE EXTRACTION

Fraudulent Financial Reporting (FFR), or financial statement fraud, involves the
intentional misstatement or omission of material information from an organization’s
financial reports (Beasley et al. 1999). Although with the lowest frequency, FFR casts
a severe financial impact with median losses of $2 million per scheme (ACFE 2008).
These are cases that often have severe consequences in terms of not only significant
risks for stockholders and creditors but also financial crises for the capital market.

However, the following extant literature review reveals that prior FFR-related
research focused on the nature or the prediction of FFR and that there is no in-depth
study that explores FFR features — the delicate but hidden truths regarding FFR —
extracted from very large quantities of FFR data through tools of artificial intelligence
(AI). The nature-related FFR research often uses the case study approach and
provides a descriptive analysis of the characteristics of FFR and techniques
commonly used. For instance, the Committee of Sponsoring Organizations (COSO)
and the Association of Certified Fraud Examiners (ACFE) regularly publish their own
analysis on fraudulent financial reporting of U.S. companies. Based on the FFR
samples, COSO examines and summarizes certain key company and management
characteristics. ACFE analyzes the nature of occupational fraud schemes and provides
suggestions to create adequate internal control mechanisms. Table 1 summarizes the
research methodology and findings in nature-related FFR studies.
<Insert Table 1 here>

Other FFR researches often apply the empirical approach to archival data and
identify significant variables that help predict the occurrence of fraudulent reporting.
Such research emphasizes the predictability of the model used. For example, logistic
regression and neural networks techniques are used in this line of research (Bell and
Carcello 2000; Fanning and Cogger 1998; Kirkos et al. 2007; Persons 1995;
Virdhagriswaran and Dakin 2006). Table 2 summarizes the research methodology and
findings of prediction-related FFR studies.

<Insert Table 2 here>



On the other hand, Al techniques play an important role in accomplishing the task
of financial fraud detection (FFD) that involves distinguishing fraudulent financial
data from authentic data, disclosing fraudulent behavior or activities, and enabling
decision makers to develop appropriate strategies to decrease the impact of fraud
(Ngai et al. 2010). One of popular Al techniques is Self-Organizing Map (SOM)
proposed by Kohonen (1982), a Neural Networks tool that conducts an unsupervised
learning to produce a low-dimensional view of high-dimensional data. SOM has been
applied to FFD scenarios such as credit card, automobile insurance and corporate
fraud (Séverin 2010; Ngai et al. 2010). There are several weaknesses of SOM,
however. For instance, its size (and thus topology) needs to be predefined and fixed
and it is unable to provide hierarchical relations amongst samples.

Growing Hierarchical Self-Organizing Map (GHSOM) proposed in (Dittenbach et
al. 2000; Rauber et al. 2002) addresses the issue of fixed network architecture of SOM
through developing the multilayer hierarchical network structure, in which, as shown
in Figure 1, each layer contains a number of SOMs. The training process of GHSOM
can be summarized in the following four phases (Dittenbach et al. 2000):

(1) Initialize the layer 0 and the layer 1: SOM of layer O consists of only a single
node (group) whose weight vector is initialized as the expected value of all
imported samples. Then the mean quantization error (MQE) of layer 0 (MQEj) is
calculated. Hereafter, MQE of a node denotes the mean quantization error that
averages the deviation between the node’s weight vector and every imported
sample clustered into the node. SOM of layer 1 initially has four nodes each of
whose weight vectors is initialized randomly. Then apply the following three
phases to the SOM of layer 1 and SOMs of its subsequent layers.

(2) Train every individual SOM: Within the training process of an individual SOM,
the sample is imported one by one. The distances between the imported sample
and the weight vectors of all nodes are calculated. The node with the shortest
distance is selected as the winner. Under the competitive learning principle, only
the winner and its neighboring nodes are qualified to adjust their weight vectors.
Repeat the competition and the training until the learning rate decreases to a

certain value.



(3) Grow horizontally each individual SOM: Each individual SOM will grow until
the mean value of MQEs of all nodes on the SOM (MQE,,) is smaller than the
MQE of the parent node (MQE,) multiplied by t;. That is, the criterion for the
stoppage of growth is MQE,, < t; X MQE,,. If the stopping criterion is not
satisfied, identify the error node that owns the largest MQE and then, as shown
in Figure 2, insert one row or one column of new nodes between the error node
and its dissimilar neighbor.

(4) Expand or terminate the hierarchical structure: After the horizontal growth phase
of individual SOM, MQE of each node (MQE;) is compared with the value of
MQE, multiplied by t,. The node with an MQE; less than 1, x MQE, will
become a leaf node that does not own a subsequent layer of SOM. The node with
an MQE; greater than 1, x MQE, will develop a subsequent layer of SOM that
initially has four nodes each of whose weight vectors is initialized randomly. In
this way, the hierarchy grows until all leaf nodes satisfy the stopping criterion
MQE; < 1, x MQE,.

<Insert Figure 1 here>

<Insert Figure 2 here>

There are several GHSOM applications in information extraction and text mining
(Schweighofer et al. 2001; Shih et al. 2008; Soriano-Asensi et al. 2008). These
applications show that GHSOM is a useful tool to extract relevant features from the
vast amount of information or data.

Theoretically, there are several benefits when applying GHSOM to extracting
features. First, with the unsupervised learning nature, there are no predefined
categories into which samples are to be classified; rather, the GHSOM system will
develop its own feature representation of the sample with a competitive learning
algorithm. Second, GHSOM classifies the sample into tons of small-sized leaf nodes
(subgroups) with hierarchical relationship such that further and more delicate analyses
are feasible. Third, due to a competitive learning nature GHSOM works as a
regularity detector that is supposed to discover statistically salient features of the
sample population (Rumelhart and Zipser 1985). That is, extracted features in

different leaf nodes are distinctive.



To investigate the exogenous feature extraction, which is promising but
unexplored, the study sets up an experiment of applying GHSOM to FFR samples of
Taiwan. Specifically, there are three objectives of the study: First, based upon certain
significant input variables derived from the FFR literature and some statistical tool,
FFR samples are classified into several small-sized leaf nodes of GHSOM. Second,
unlike the traditional approaches that interpret the outcome of a model via its input
variables, this study uncovers FFR features from the fraud samples clustered in each
leaf node without referring to the attributes of input variables. Suppose the FFR
feature that we are interested in is the common fraudulent techniques used by the
fraud samples. Therefore, for each leaf node, the regularity of fraudulent techniques is
uncovered from indictments and sentences issued by the Department of Justice
without referring to the attributes of input variables. Such way of uncovering common
fraudulent techniques can avoid the predicament of financial-number manipulations in
financial statement frauds. Third, and the most important one, we want to examine
whether different leaf nodes have distinctive common fraudulent techniques of FFR.
Since common fraudulent techniques are extracted from corresponding FFR
indictments and sentences that are concluded from more information than the values
of derived variables, it is arguable whether GHSOM can obtain the corresponding
relation between common fraud techniques and derived variables. With
acknowledging that different leaf nodes have distinctive common fraudulent
techniques, the study confirms that GHSOM can provide implicitly a relationship
between common fraud techniques and input variables.

The remainder of this paper is organized as follows. Section two reports the data
preprocessing with the discriminant analysis. Section three presents the sample and
the outcomes of GHSOM. Section four provides the extracted common fraud
techniques of three leaf nodes. The last section concludes with a summary of findings,

implications, and suggestions for future works.

Data preprocessing

Sample for data preprocessing



The following sources were used to identify the fraud sample: indictments and
sentences for major securities crimes issued by the Securities and Futures Bureau of
the Financial Supervisory Commission, class action litigation cases initiated by
Securities and Futures Investors Protection Center, and the law and regulations
retrieving system of the Judicial Yuan in Taiwan. If a company’s financial statement
for a specific year is confirmed to be fraudulent by indictments and sentences for
major securities crimes issued by the Department of Justice, it is classified into our
fraud observations, as to that company’s financial statements free from fraud
allegations they are classified into our non-fraud observations.

The matched-sample design is used to form a sample composite of 116 publicly
traded companies, including 58 fraud and 58 non-fraud ones between the years of
1992 to 2006. For each fraud firm, we match a non-fraud firm based on industry, total
assets, and year. For each fraud company, we first identified the earliest year in which
financial statement fraud was committed. The sample periods cover two years before
and two years after the year of the event. That is, five consecutive annual financial
statements were used in our study. The final observations used in the study consisted
of 580 firm-year observations, i.e., 580 annual financial statements were examined in
the research.

For the 58 fraud firms, 113 annual financial statements were confirmed to have
committed financial report fraud (henceforth fraud samples) and 177 annual financial
statements were free of allegations of such fraud (henceforth non-fraud samples). As
to the 58 non-fraud firms, 290 non-fraud samples were included. In brief, our final
research samples were comprised of 113 fraud samples and 467 non-fraud samples.
The composite ratio of fraud samples to non-fraud samples was 113:467. On average,
approximately two fraudulent financial statements (1.95 = 113/58) were included for
each fraud firm. It is worth noting that of the 113 fraud samples, there are 78
fraudulent financial statements and 35 restated financial statements. The firms that
provided the 35 restated statements were the ones that survived financial scandals and
whose restated statements were in compliance with government regulations. The
restated financial statements can be perceived as reflecting the firms’ true financial

positions that lead to the occurrences of the fraudulent financial reporting behavior.
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Such mixture of data mimics the environment of information in the real world which
prevails with both true and false data.
Variable measurement and discriminant analysis
Based upon FFR literature, 25 explanatory variables are selected and

incorporated into the discriminant analysis. Table 3 summarizes the definition and
measurement of these variables. These are measurement proxies for attributes of
profitability, liquidity, operating ability, financial structure, cash flow ability,
financial difficulty, and corporate governance of a firm. These explanatory variables
are collected from the Taiwan Economic Journal (TEJ) database.
<Insert Table 3 here>

We first test the multi-collinearity issue between explanatory variables. The
unreported results indicate that GRITGS should be excluded. As a result, 24
independent variables are incorporated in the Canonical Discriminant Analysis as

shown in model (1).

FRAUD =a, xGPM +a, xOPR + o, x ROA+ a, xGRONS +a; xGRONI +a; xCR +a, xQR + a4 x ART
+ oty xTAT +a,, xGROAR + at,, xGROI +a,, xGRARTGS +a,, x ARTTA + ar,, x ITTA (1)
+ a5 xDR+a s x LFTFA+a; xCFR + a3 xCFAR +a,; xCFRR + o, x Z - Score + a,; x SPR
+ 0y, X SMLSR + &, x DBCRCFR + ,, x DBCBSCFR

Table 4 shows the descriptive statistics of the variables, including the mean,
median, 25 percentiles and 75 percentiles. Column Z means one result of
non-parametric test. Except GRONS, GRITGS, DBCRCFR, DBCBSCFR, other
variables do have different statistical features between the fraud and non-fraud
samples.
<Insert Table 4 here>

Table 5 shows the empirical results of the discriminant analysis and shows that the
Wilks' A value equals 0.766 and X equals 151.095 (both significant at p-value < 0.01),
which indicates that the discriminant model employed has adequate explanatory
power. Table 5 indicates that eight variables, ROA, CR, QR, DR, CFR, CFAR,
Z-Score and SPR, have statistically significant effects. As shown in Table 3, these
eight variables proxy a company’s attributes from the aspects of profitability (ROA),
liquidity (CR and QR), financial structure (DR), cash flow ability (CFR and CFAR),

financial difficulty (Z-Score), and corporate governance (SPR).



<Insert Table 5 here>

Sample and Growing Hierarchical Self Organizing Map

These eight variables chosen from discriminant analysis were collected for our 113
fraud samples and used as the training data for GHSOM. To have the prevention of
overly clustering fraud samples, we set up the following predefined selection criteria
to pick a suitable GHSOM:

(1) There is more than one layer of SOM in the GHSOM.
(2) Samples of each mapping should not be overly clustered into any one of child
nodes.

Figure 3 shows the sample distribution of the obtained GHSOM (with 1; being 0.8
and 1; 0.07), in which leaf nodes are marked in taint. In each node, there is a name
given according to its layer number and its node order in the same SOM as well as its
parent’s name. For instance, the node #13-24 is node number 4 in layer 2 developed
from the node number 3 of layer 1. In each node, the numbers within the parenthesis
indicate the number of fraudulent financial statements and the number of (fraud)
firms.
<Insert Figure 3 here>

Common Fraudulent Techniques

To refer to fraudulent techniques that are generally accepted, here the ten
fraudulent techniques from (Beasley et al. 1999) are used. That is, there are three
basic types of fraudulent techniques: Improper Revenue Recognition, Overstatement
of Assets, and Others. Improper Revenue Recognition includes recording fictitious
revenues (FT1), recording revenues prematurely (FT2), and no description/overstated
revenues (FT3). Overstatement of Assets includes overstating existing assets (FT4),
recording fictitious assets or assets not owned (FT5), and capitalizing items that
should be expensed (FT6). Others includes understatement of expenses/liabilities
(FT7), misappropriation of assets (FT8), inappropriate disclosure (FT9), and other
miscellaneous techniques (FT10).

For demonstration purposes, we take merely the three leaf nodes, #11, #14-21, and

#14-24 to illustrate the parts of uncovering the regularity of fraudulent techniques



from the corresponding indictments and sentences for major securities crimes issued
by the Department of Justice. Table 6 summarizes the fraudulent techniques
commonly adopted by companies clustered in these three leaf nodes. The code and
year in the first two column of Table 6 lists the company code and the year of each
clustered financial statement.

<Insert Table 6 here>

As shown in Table 6, common fraudulent techniques found in leaf node #11 are
FT1, FT6 and FT8; in leaf node #14-24 are FT1, FT4 and FT8; and in leaf node
#14-21 are FT4 and FT8. Note that leaf nodes #14-24 and #14-21 have same parent
(leaf node #14) and they share a certain similarity in common fraudulent techniques.
In sum, Table 6 shows that the observed common fraudulent techniques in different
leaf nodes are distinctive even though samples are clustered based upon corporate
financial situations proxied by input variables (i.e., the eight variables identified from
discriminant analysis).

Compared to the traditional fraudulent technique classification scheme, such a
contrast demonstrates the advantage of our approach since our classification outcomes
appear to be more delicate. For instance, some fraud samples in leaf node #11 were
found using FT1 via creating fictitious transactions and defrauding export drawbacks
from the Internal Revenue Service by reporting fictitious export sales. Moreover,
some fraud samples used FT8 by processing the receipt and payment in advance. In
contrast, some fraud samples in leaf node #14-24 were found to have been using FT4
through purchasing intangible asset/long-term investment with high premiums. Some
fraud samples used FT8 through related party transactions and merger and acquisition
activities to misappropriate cash.

Conclusion

In the data preprocessing stage, a sample set comprised of 113 fraud samples and
467 non-fraud samples is used to identify eight significant variables regarding FFR
via the discriminant analysis. Based upon the (identified) variables as inputs, GHSOM
clusters 113 fraud samples into 13 (small-sized) leaf nodes. Distinguishing this study
from others of feature extraction is that, for each leaf node, common fraud techniques

are disclosed with the assistance of expert knowledge in examining corresponding
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FFR indictments and sentences (exogenous information) of clustered samples without
referring to the attributes of input variables. With acknowledging that different leaf
nodes have distinctive common fraudulent techniques, the study confirms that
GHSOM can provide implicitly a relationship between common fraud techniques (an
exogenous variable) and input variables. To go further to uncover the relationship
between common fraud techniques and input variables is one of future works. The
study also demonstrates the abilities of GHSOM to (1) extract features from
exogenous information that are more abundant and more informative than input
variables and (2) classify exogenous variables in terms of input variables.

The exogenous abilities of GHSOM can contribute to the FFR literature at least as
follows. Exogenous FFR features uncovered in each leaf node describe the observed
regularity of corporate behavior in that subgroup and are applicable to all samples
clustered in that leaf node. For each leaf node, this principle and any pre-warning
signals provided by exogenous FFR features can result in some FFR audit guideline.

For instance, with the assistance of experts with domain knowledge on common
fraudulent techniques, we can identify the financial indicators revealing the potential
fraudulent activities as pre-warning signals. Take leaf node #14-21 as an illustration.
The expert with domain knowledge on common fraudulent techniques summarizes the
primary causes of utilizing both FT4 and FT8 fraudulent techniques as the bad cash
flow condition of the firms and high financial pressure from management and derive
the relevant pre-warning signals shown in Table 7. When a new sample is imported
into the obtained GHSOM and the distance deviation between the input vector and the
weight vector of leaf node #14-21 is less than a predefined threshold, it is assigned as
the potential (fraud) member of that subgroup. Based upon the assignment, the
relevant pre-warning signals shown in Table 7 can help auditors perform prudent
audit planning and audit judgment.
<Insert Table 7 here>

In addition, with distinctive exogenous FFR features extracted from different leaf
nodes and tons of leaf nodes, a further analysis of associations between (exogenous
and endogenous) FFR features and corresponding clustered samples can provide more

insights of FFR.
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Other future works are suggested as follows: (1) to refine the GHSOM to get a
better classification mechanism or to identify better ways in extracting exogenous
FFR features from the outcomes of GHSOM; (2) to investigate the generality of our
approach using data from other countries; and (3) to examine the prediction ability

extended from the study.
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Table 1: Research methodology and findings in nature-related FFR studies.

Research Methodology

Findings

(Beasley et al. « Case study
1999) * Descriptive statistics

* Nature of companies involved

- Companies committing financial statement fraud were
relatively small.

- Companies committing the fraud were inclined to
experience net losses or close to break-even positions in
periods before the fraud.

« Nature of the control environment

- Top senior executives were frequently involved.
- Most audit committees only met about once a year or the
company had no audit committee.

« Nature of the frauds

- Cumulative amounts of fraud were relatively large in light
of the relatively small sizes of the companies involved.

- Most frauds were not isolated to a single fiscal period.

- Typical financial statement fraud techniques involved the
overstatement of revenues and assets.

» Consequences for the company and individuals involved

- Severe consequences awaited companies committing
fraud.

- Consequences associated with financial statement fraud
were severe for individuals allegedly involved.

(ACFE 2008) - Case study
* Descriptive statistics

Occupational fraud schemes tend to be extremely costly.
The median loss was $175,000. More than one-quarter of
the frauds involved losses of at least $1 million.
Occupational fraud schemes frequently continue for years,
two years in typical, before they are detected.

There are 11 distinct categories of occupational fraud.
Financial statement fraud was the most costly category with
a median loss of $2 million for the cases examined.

The industries most commonly victimized by fraud in our
study were banking and financial services (15% of cases),
government (12%) and healthcare (8%).

Fraud perpetrators often display behavioral traits that serve
as indicators of possible illegal behavior. In financial
statement fraud cases, which tend to be the most costly,
excessive organizational pressure to perform was a
particularly strong warning sign.
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Table 2: Research methodology and findings in FFR empirical studies.

Author Methodology Variable Sample Findings
(Dechow  Logistic * 21 variables Matched-pairs « To attract external financing at
etal. regression - Financial ratios  design low cost was found an
1996) - Other 92 firms important motivation for
indicators: subject to earnings manipulation
corporate enforcement * Firms manipulating earnings
governance, actions by the are more likely to have:
motivationn etc. SEC - insiders dominated boards,
- Chief Executive Officer
simultaneously serves as
Chairman of the Board.
(Persons  Stepwise logistic * 9 financial ratios Matched- The study found four significant
1995) model » Z-score pairs design indicators: financial leverage,
capital turnover, asset
composition and firm size
(Fanning  Self-organizing * 62 variables Matched- * Neural network is more
and artificial neural * Financial ratios  pairs design: effective
Cogger network * Other indicators: 102 fraud * Financial ratios such as debt
1998) corporate samples and to equity, ratios of accounts
governance, 102 non-fraud receivable to sales, trend
capital structure samples variables etc are significant
etc. indicators.
(Bell and Logistic 46 fraud risk 77 fraud Logistic regression model
Carcello regression factors samples and  outperformed auditors for fraud
2000) 305 non-fraud samples, but were equally
samples performed for non-fraud
samples.
(Kirkos et « Decision tree * 27 financial Matched- + Training dataset: neural
al. 2007)  + Back-propagatio ratios pairs design: network is the most accurate
n neural network « Z-score 38 fraud « Validation dataset: Bayesian
* Bayesian belief samples and belief network is the most
network 38 non-fraud accurate
samples
(Hoogs et  Genetic Algorithm < 38 financial 51 fraud Integrated pattern had a wider
al. 2007) ratios samples vs. 51 coverage for suspected fraud
* 9 qualitative non-fraud companies while it remained
indicators samples lower false classification rate

for non-fraud ones
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Table 3: Variable definition and measurement

Variable Definition Literature

Measurement

Dependent variable:

FRAUD (Persons 1995)

If a company’s financial statements for specific
years are confirmed to be fraudulent by the
indictments and sentences for major securities
crimes issued by the Department of Justice, the
firm-year data are classified into fraud
observations, and the variable FRAUD will be set

to 1, 0 otherwise.

Independent variable

Profitability

Gross profit margin

(Dechow et al. 2007)
(GPM)

Operating profit ratio

(Green and Choi 1997)

Operating income - Operating costs

Operating income

Operating income - Operating costs - Operating expenses

(OPR) Operating income
Return on assets (Hoogs et al. 2007; Persons Net income + Interest expenses x (1 - Tax rate)
(ROA) 1995) Average total assets
Growth rate of net (Dechow et al. 2007; Stice
Net sal

sales 1991; Summers and — )-1

Net sales in prior fiscal year
(GRONS) Sweeney 1998)
Growth rate of net
. Net sales )1
income Net income in prior fiscal year
(GRONI)
Liquidity

Current ratio

(Kirkos et al. 2007)
(CR)

Quick ratio

(Kirkos et al. 2007)
(QR)

Current assets
Current liabilities

Current assets - Inventories - Prepaid expenses
Current liabilities

Operating ability

Accounts receivable

turnover (Green and Choi 1997)

(ART)

Net credit sales
Average accounts receivable




Total asset turnover
(TAT)

Growth rate of
accounts receivable
(GROAR)

Growth rate of
inventory

(GROI)

Growth rate of
Accounts receivable
to gross sales
(GRARTGS)

Growth rate of

Inventory to gross
sales

(GRITGS)
Accounts receivable

to total assets
(ARTTA)

Inventory to total
assets

(ITTA)

(Kirkos et al. 2007; Persons

1995)

(Dechow et al. 2007)

(Dechow et al. 2007)

(Summers and Sweeney

1998)

(Summers and Sweeney

1998)

(Green and Choi 1997;

Persons 1995; Stice 1991)

(Persons 1995; Stice 1991)

Net sales
Total assets

Accountsreceivable

-1
Accounts receivablein prior fiscal year)

Inventory

-1
Inventoryin prior fiscal year)

Accountsreceivable, Accountsreceivable,

Gross sales, Grosssales,

Inventory,  Inventory,,

Gross sales, Grosssales,,

Accounts receivable

Total assets

Inventory
Total assets

Financial structure

Debt ratio
(DR)
Long-term funds to

fixed assets
(LFTFA)

(Kirkos et al. 2007; Persons

1995)

(Kirkos et al. 2007)

Total liabilities
Total assets

Equity + Longterm liabilities

Fixed assets

Cash flow ability

Cash flow ratio
(CFR)

Cash flow adequacy
ratio
(CFAR)

(Dechow et al. 2007)

(Dechow et al. 2007)
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Cash flows from operating activities

Current liabilities

Five year sum of cash flows from operating activities

(Five year sum of capital expenditures,

inventory additions and cash dividends)



Cash flow
reinvestment ratio (Dechow et al. 2007)
(CFRR)

Cash flows from operating activities - Cash dividends

(Gross fixed assets + Long term investments +
Other assets + Working capital)

Financial difficulty

(Altman 1968; Fanning and
Cogger 1998; Stice 1991;
Summers and Sweeney
1998)

Z-score

Working capital Retained earnings N

1.2x( )+ 1.4x(

Total assets Total assets
Earnings before interest and taxes

3.3x
( Total assets

Market value of equity
Book value of total debt

0.6 ( )+ 1.Ox TAT

Corporate Governance

Stock Pledge ratio

" (Lee and Yeh 2004)
(SPR)
Sum of percentage
of major
shareholders’ (Beasley et al. 1999)
shareholdings
(SMLSR)
Deviation between
(La Porta et al. 1999; Lee and
CR and CFR
Yeh 2004)
(DBCRCFR)
Deviation between
(Lee and Yeh 2004; Yeh et
CBS and CFR
al. 2001)
(DBCBSCFR)

large shareholders' shareholdings in pledge

large shareholders' shareholdings

2 (Percentage of shareholdings >10%)

Voting rights - Cash flow rights

Percentage of board seats controlled - Cash flow

rights

#. According to the rule issued from the Securities and Futures Commission (SFC) of Taiwan,

directors, supervisors, managers and large shareholders (that own 10 per cent or more of a

company’s outstanding shares) in public companies are obliged to report to the SFC the

percentage of their shareholdings that are pledged for loans and credits. These data matter,

since pledging for loans effectively reduces the personal funds required for shareholding. In

other words, the degree of personal leverage expands and the over-investments in the stock

market by the largest shareholder also create risk for the companies to a certain degree. (Lee

and Yeh 2004)
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Table 4: Descriptive Statistics of variables

Fraud Sample (N=113)

Non-fraud Sample (N=467)

25

75

25 75

Variable Mean Median Mean Median VA
Percentiles Percentiles Percentiles Percentiles

GPM 11.85 10.65 4.99 19.41] 15.51 14.47 8.12 22.77| -3.19
OPR -5.39 0.32 -7.26 6.92| -34.49 3.81 -0.24 8.60| -3.98
ROA -13.45 -2.76 -23.48 5.29] 340 419 0.39 7.97| -6.53
GRONS 8.30 7.84 -15.47 24.99| 38.73 5.23 -1.77 19.89| -0.08
GRONI 4723 -71.97 -636.91 24.49| -41.32 14.30 -44.89 80.07| -6.74
CR 109.83 104.68 60.98 141.48/190.94 150.01 110.02 210.00| -7.00
QR 57.79 45.54 21.84 77.09(110.36 75.73 38.09 124.66| -5.16
ART 7.10 4.62 3.16 7.34] 8.91 5.36 3.75 8.94| -2.51
TAT 0.61 0.48 0.31 0.74) 0.75 0.64 0.41 0.93| -3.69
GROAR 39.67 -5.73 -37.06 34.73| 68.97 6.03 -15.15 33.86| -2.42
GROI 13.85 -1.02 -28.82 23.66| 27.03 218 -14.80 31.14| -1.67
GRARTGS -0.17 -1.04 -7.95 3.30 213 0.22 -2.75 3.11] -2.46
GRITGS 24 .91 -0.34 -5.40 3.43| 23.96 0.00 -3.37 4.80| -1.11
ARTTA 12.02 10.11 4.79 18.37| 13.70 10.84 5.05 20.33| -1.33
ITTA 16.72 11.36 5.96 19.49| 19.94 13.57 5.82 24.67| -1.74
DR 64.02 60.23 48.10 71.40| 48.17 45.03 33.67 56.75| -7.59
LFTFA 452.26 165.79 95.29 399.96|482.48 225.20 146.73 427.05| -3.48
CFR -14.91 -6.88 -21.21 6.54| 13.41 8.12 -5.96 29.70| -6.26
CFAR -18.56 -6.54 -27.97 8.65| 9.36 14.52 -17.16 54.56| -5.53
CFRR -46.73 -2.69 -14.70 3.74 0.37 2.03 -4.17 7.56| -4.59
SPR 37.44 33.44 1.83 63.26| 19.32 3.58 0.00 32.49| -5.67
SMLSR 13.97 11.98 3.72 20.38| 10.83 7.89 0.09 16.96| -3.16
DBCRCFR 3.47 0.47 0.00 2.76] 3.62 0.56 0.00 4.09| -0.66
DBCBSCFR 46.00 45.58 22.87 67.41| 44.26 43.68 26.99 63.69| -0.59
Z-Score 31.45 79.60 -91.69 166.17198.67 194.70 120.89 270.95| -8.68
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Table 5: Empirical results of discriminant analysis.

Variable Coefficient F-value Significance
GPM 0.14 3.51 0.061
OPR -0.03 0.16 0.688
ROA 0.77*** 105.82 0.000
GRONS 0.06 0.63 0.427
GRONI -0.02 0.05 0.822
CR 0.34*** 20.59 0.000
QR 0.28*** 13.42 0.000
ART 0.09 1.58 0.210
TAT 0.19 6.38 0.012
GROAR 0.03 0.12 0.731
GROI 0.07 0.90 0.344
GRARTGS 0.00 0.00 0.997
ARTTA 0.11 225 0.134
ITTA 0.12 2.37 0.125
DR -0.42%* 30.46 0.000
LFTFA 0.02 0.09 0.764
CFR 0.33*** 19.21 0.000
CFAR 0.24*** 9.89 0.002
CFRR 0.19 6.41 0.012
SPR -0.47** 38.85 0.000
SMLSR -0.19 6.18 0.013
DBCRCFR 0.02 0.04 0.835
DBCBSCFR -0.05 0.41 0.524
Z-score 0.64*** 72.74 0.000
Wilks' A value 0.77 p-value 0.000
X 151.10 p-value 0.000
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Table 6: Common fraudulent techniques adopted of leaf nodes #11, #14-21 & #14-24.

Codeyear FT1 FT2 FT3 FT4 FT5 FT6 FT7 FT8 FT9 FT10
leaf node #11 (12/9)

25051998 °

25291998 . °

8716 1999 ° °

23341999 ° °

30392004 °

16011998 °

12212002 ° ° °
12212003 . ° °
20142003 . °

5901 1997 . °

5901 1998 ° °

5901 1999 ° °

leaf node #14-24 (12/9)

2206 1999 °

23501998 °

2407 2002 ° ° ° ° ° °
2407 2003 ° ° ° ° ° °
2407 2004 . . . ° ° °
24902000 . °

24902002 ° °

8295 1998 ° °

12212001 . °

87231998 ° ° °

2017 1997 ° °

5007 1999 ° °

leaf node #14-21 (7/7/)

5504 1999 °

2328 1998 . °
2334 1998 ° °

15051997 °

5007 1998 ° °

26141999 . ° ° °
1466 1998 ° °

FT1:recording fictitious revenues;FT2:recording revenues prematurely;FT3:no description
/overstated about revenues; FT4: overstating existing assets; FT5: recording fictitious assets
or assets not owned; FT6: capitalizing items that should be expensed; FT7: understatement of
expenses/liabilities; FT8: misappropriation of assets; FT9: inappropriate disclosure; FT10:
other miscellaneous techniques.
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Table 7: Relevant pre-warning signals for leaf node #14-21.

leaf node Fraudulent techniques Relevant pre-warning signals

Cash flow ratio

Cash flow adequacy ratio

Overstating existing assets Investment cash flow
+ Free cash flow
#14-21 . o . .
Misappropriation of assets Related party transaction (disposal of
via manipulated cash flow assets related)

Cash flow reinvestment ratio

Stock pledge ratio
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(a)Insertion of a row
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(b}Insertion of a column

Figure 2: Horizontal growth of individual SOM. The notation e indicates the error node
and d the dissimilar neighbor. Source: (Dittenbach et al. 2000)

Layer 1

Layer 2

#01
(113/58)

y
#11 #12 #13 #14
(12/9) (28/18) (25/18) (48/15)
#1221 #1223 #1321 #13-23 #14-21 #1423
(313) (13/9) (6/5) (4/4) (/7 21/12)
#12-22 #1224 #13-22 #13-24 #14-22 #1424
11/7) (/1) ©17) (6/3) (8/8) (12/9)

Figure 3: The sample distribution in the obtained GHSOM, in which leaf nodes are
marked in taint. In each node, the numbers within the parenthesis indicate the number
of fraudulent financial statements and the number of (fraud) firms.
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