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ON
S

The objectives of this research were to develo%and to compare a financial early warning model of 174
Thai listed companies. The sample consist 14Cyotential delisting companies between 2011 and 2016, and

160 companies that were not potentiall sted”in the same period. The independent variables included 15

variables, based on information during! 200s3%0 2015. Logistic Regression Analysis and Artificial Neural Network
were applied in in data analysis q( faisS\esearch.

The study of Logistic Regression Analysis indicated three independent variables significantly affecting
companies grouping one ye ance which were Total Equity to Total Assets Ratio, Earnings before Interest
and Taxes to Total LiabilifjeosG

‘@“

to significantly group ¢z
companies one tars in advance was 97.70 percent and 93.68 percent respectively. In addition, the

and Cash Flow from Operation to Total Liabilities Ratio. The factor enabled

J

wn

two years in advance was Return on Assets. The total accuracy for grouping

Artificial Neural omy/revealed the independent variables which held normalized importance 100 percent one
year in advande ebt to Equity Ratio, and two years in advance was Return on Assets. The total accuracy
for groupi panies for one and two years in advance was 100 percent and 98.28 percent respectively.

Moreohe rtificial Neural Network showed the lowest Type | and Il error.

N

Financial Early Warning Model, Logistic Regression Analysis, Artificial Neural Network, Thai

Listed Companies
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1. undn
Hagtulszrmuilulffusuarlvanuaula

asulunarnndnninduiniu Tnsduudyidous

nannindveaiauuanalud w.a. 2557 I91uu

a

1,098,731 Sy \iudususy 620,146 Sad wie
Yovar 129.58 \ewleuful w.m 2549 (The Stock
Exchange of Thailand, 2015) Waz3a1nI189IUNT
Fevendnnindrumewmarandnninsuasznelng
(SET) wagmarananning oy o 1o (mai) wenau
Ussnasulul w.e. 2558 Hamuyaradadungu
fiunumgsanlunaiaudnninglne Tnsdyaddens
WwasRe TR 26,232 d1uum Andudndiudesas
59.21 YpeyaAINTTovITIN uardaniuzdoanslul
w.a. 2558 gadudiduil 2 S1uau 79,896 duum
(The Stock Exchange of Thailand, 2016) Waa1n
AzATegialan Aldsunansenuag1aninainnis
Husmaasughavesnauussmanaaiialug (The
World Bank, 2016) wazfiauaulnageroasiu
Aagly (Government Pension Fund, 2017) A%

29ANS (Beaver, 1968)
Faudt w.a. 2540 Vlmmﬂqmﬂw

s unulunisidnianis lﬂamammui‘wég

(ﬂa’]ﬂ‘lﬁaﬂ%ﬁ/\lﬂLmﬂﬂi%mﬂl%ﬁliﬂﬂﬁ”

of Thailand, 2017) 31aNan \ AU
Faldldsimianiy uﬂaqm
TR ENITaWUIINTY

INUANAUN AL HAIULAT DI DN DAILUUN

1@1
Mlu 1INYINTUNTDNIUILNITNITANALANVDS
U

(Bankruptcy Prediction Model) L‘Wlaiﬁﬂfﬂamu

wiswgnaludseimaiidesfianslddngvesniasgidy  Qazdidulddsiindediondrslunisusyifiuanius

d1Agy (Ministry of Finance, 2017) Jgyu
N9TTIUYG LLaszzymﬁmmimiﬁ']ﬁ’@ 3
AlUUszanSaIn 1 wmanIENUAERNEY 90

‘1/1%@?’1’2’111511Lﬁ/iﬁ’ﬁ/l’]\'iﬂ?iﬁusﬂaﬂﬂ’]ﬂﬁi

USUUTIIATEIUNITINEUNNS
MINAANIEANUAUNAINIINAS

danansgnueg1enInavsly
Wil wifnew §a nbwmsuumiﬂ UERIARY
Z‘fduiﬁﬁaﬁlﬁm%m%otders winnelunay

ANBUDANANTT 52

Juagesaiiles
0INIATINTIY

=

Hooviu dnamu

@

SAS19ANUEEMBADITUU

LTHENVRIN naUsEmABE1auIFNg (Philasri
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msmsiuvesuitniauloamu wagliesdnsannse
Uselliuan1un1saivsoAInAziuBIaIme kaga1ulse
wisusuile v¥eufuldsuitnisdiunuresuien
dielisemiuainangdumaimisnisituiienvesiindu
Iguriaed uasfiddnyBnusznisvilsfeusslovdled
1INNTNYINTAUNIILAIINAUMAININITRUYDIFIND
fianuddyeg1auindoniseiaivineg9dady
2009;
2011; Somchom &

299U59N (Leelahawas & Phadoongsitthi,
Philasri & Phadoongsitthi,
Koowattanatianchai, 2014)

MsTuiReITunmeInsaindmaITeIUITY
Tnelddoyadnidiunisnisdu induafausniiied
A.A. 1966 1y William H. Beaver Faidugae
AERI19158AUNS0T Yosuwinerdedailn la
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¥ns9eluadees Financial Ratios As Predictors
of Failure Tagldn1siaszsidauusiien (Univariate
Analysis) dadun1simsieviiazsnsidiu (Beaver,
1966) sioulul a.f. 1968 e Edward I. Altman
Fadufvremaniiansdiuniaiu veuwmine1de
fawesn lavhnsideluidei3es Financial Ratios,
Discriminant Analysis and the Prediction of
Corporate Bankruptcy lagldnisiiasigrianuun
Uszan (Discriminant Analysis) dadunisfiansan
5 sasdiulunatfaiu (Altman, 1968) naralaan
Fnideisansinududyndnisafuauidedang
wazwmadaiznisfildlunisadnesuuunensainiy
aumaniivainvanedd leun (1) Statistical Models:
Univariate Analysis, Multiple Discriminant Analysis
(MDA), Linear Probability Model (LPM),

Model, Probit Model, Cumulative Sums (CUSUM)

Logit

Procedures, Partial Adjustment Processes
(AIES):
(An Inductive Learning Model),
Reasoning (CBR) Models, Neural Net S IC\?),
A), Rough Se
(3) Theoretical Models: Balance Shomposition
Measures (BSDM), Entropy Theorter’s Ruin
Theory, Cash Management sSheory, Credit Risk
Credit Metrics,

Recursively Partitioned Decision Trees

Genetic Algorithm (G IGH

Theories (Including JP

“ynuannasladafa (Logistic
ysis)(Peeracheir, 2016) WLan1s
WaRuannesladafalydesldeauungiulu
mﬂﬂasuaqﬁ'gl,l,ﬂwmaﬁa (Multivariate

) LAEANIVNAUVBUURTNTAULUTUTIUT I

Case Based®

(Covariance Matrix) Gumﬁmﬂs%mmsfa

aémLfJu'i%'ﬁﬁmm%wa’uuazw%’u%’aumﬁ@ H)
TeseRswundszian Tuvasiilag

(Artificial Neural Network) L“d
ANua1NIalunIsneInsallagne ps

LLaﬂmwaizmmﬁ '
wisUsznelneidoy s
amaaia%aaml,azimq '

TANANUNNNRElaARALALIATIUNBUTEEM

nalvitnamuuasidiuladeiiiniasdienyae

481l
(2) Artificially Intelligent Expert System Moduﬂ%ﬂszLﬁuamuzmqmiﬁwuaw%ﬁ’wﬁauhamu

YaruTemanusaUsiiiuaniunisel Aumavnuag
uAlotgymlaviuviaei

2. NUNDUJSSIUNSSU

Altman & Hotchkiss (2005) 83U8AUNINY
YBIAIUAUMAININGIND (Business Failure) 17
4 Uszan laun (1) Anuduwan (Failure) wusle
2 Ussan Ae ANANMALTLATERY (Economic
Failure) nunefia n1sfigsAaldfusasnaneauuwmuain
nsasuauagdeiledeifiouiusnmanouuny
nnmsamuinluiidnuasieriu wasauduiman
nanguuiey (Legal Failure) nuneds nIalgsng
ldaunsaufufnuniseaniuniansluaiungvang
fifnodni (2) nsluaunsadrsendauldnnu
fmun (Insolvency) fie nsdigsnaliaiunsaniiu

AansiiieliussqaniunIseynun1ansRuinlify
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Wand (3) n1sfiada (Default) wSen1sAadaya
%Lﬁmﬁmﬁagﬂmﬁamﬁmﬁaﬂm Gﬂ’amﬂaamua%wﬁ
WliFudni war (@) anzduazans (Bankruptcy)
widld 2 Ussian e yamanSuesuTeminay uas
UIEnaNavatgunguuuatazaiy (Leelahawas
& Phadoongsitthi,
Fumamiinisidu Sdnifenateviauldiauel feil
lul e..1974 Altman & McGough sxyinUagym
manmsukazdymnisandunududyaimuaimin

2009) #UaNNAVBINIY

Y89ANANMAIYBIAINTT unTeisinluganny
duazats Tul m.f. 1980 Dambolena & Khoury
n81771ANNANIRAIeIUSIENIIAnUaduaslunas
Uadunouen Tul A.A 1983 Altman L@usuugal
JTuN10ATHFANERNTUNAIADIVAINAR BNITAUIRD
2990590 Tul A.#. 1994 Brigham & Gapenski
NA13I1@MAANNE LNV IUTENU1INT TN
wsugianasdadenianasdu waslud a.a. 2002
Altman @aweiradenansiuiidmanenisduazans
¥99USEN Enron Aen1sindaus uuunlusung
(Gambrel, 2004)
MTE@IUN19N158U (Financial Ratios) WUyl

99951891uM9N 3R usas T uR Y sd SRS 7

andula (Gambrel, 2004; é’waahen &
Shimerda, 1981; Elam, 1975; Horrigan;”1945) 13
MnmsUFudsuteyanenuntiRstuiusngdiy

< % siUSeuLgu

WBUSLLIUAN UL VD IUS N A

AuUla U9IUSEINNLAITU LS riuluLseavuin

(Gambrel, 2004)
NsMAUALAATY rporate Governance:
CG) AB NISUSH USYielvaUseansaw

wuaulusel 1150n579aUbe Feazaeasna

40 91sa1sdmBwiryd  UR 13 adui 39 Auggu 2560

@) ms%meﬁmmamaaia%aﬁﬂ (Logistic

U 5 v ldun (1) @nSvesiienu (2) M3

segteviuedainiieniu (3) unumvesidiuls
(a) madawedoyailusdla waz (5) aamiys
Y99n33UN15 (The Stock Exchang@
2012; The Securities and Exchange
2016) drunzuuunsiiuguaianash
U w.e. 2544 amﬂmim%
(I0D) TngnsatiuayuvaIma i " '

ward1uniIuUANENITUA

ﬂﬂiﬂ’]ﬂ‘UﬂLLaﬂﬁ]ﬂ’]i‘U@

IngNad5u 67 IR
Todnaualilusy %,

J f\]m/l L‘UEJ‘N@EJNW@L‘N@Q

mwswau‘lum‘wmm

orate Governance Report

of Thai Listed%ames (CGR) Ta8unanLnauanig
N

d15796190 557 AN1SWAILNLALAMUADAAR B4

funmsfpeony ASEAN CG Scorecard Liloduasy
WU sdsulnyauisaufuaniuuinsgiunis
Seunuaranistussivainalauindetu Taeviinas
w%aLawwzu%ﬁmﬁlﬁﬂzLLuuagﬂuﬁxéﬁ’u “@”

Regression Analysis) tJun1snunseAunudunus
s¥n319duUsdassAudnusaiy lTentafiaziin
wan1sal) nanAefnwiindudsdasedilaiidnina
wIenansznusofudsay iensnsainioviiung
TonnafiaziAmmanisalfiaula Tasnisldaunisi
wanzauiad1atudiefulsdaseifinanesuusny
fildannsineanuduiug nsidendiudsdasyi
winzay v viTegazveinugnaadlunIsneInsal
w3eviueiiA1adgn (Vanichbuncha, 2009)
d1usunisiATigvinuanaslalafauuuni
(Binary, Dichotomous) @auusaiu (Y) diies 2 A1

=

Ao ldifinmgnisel (Y =0) wIsiinmgnisal (Y =1)

v

fanuduiusiuiiwdsdase () lalaeglusuigadu

dumseiatl (Kaiyawan, 2012)
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1 M3 TPUUUTEAMUBINY e Imaﬁf@qﬂizm .
L0l ABUTINOIAINTIYRAINIUNITLYE

y Ansuilouiuuyed anansatniuikasyp:
e o .

L. - . Seuiultlunisandiguuuy (Pa @)
Ply) = A31uU1ztdUI9InIStAAARNIT Y

s

_ . ANNENNTAlUNSSUS (Perception
e = Exponential Function

(Knowledge Deduction) n159¢ lustering)
(e =2.718281828459...)

. . . n1sdavaInng (Classifica (A TUANLATOIEUA
fix) = Henduvasdmusinung
(Motor Control) ua: QIUNIDNITNIUNY
a1 (Forecasting or Pre uAu Taelassyne
Py) < 0.5 @aug =0 nuneds vsevaliignaie UszayilenLuuns
a Y o L3 < 1 o
9199NANDBUINNAAANENNTNE WuaalnengAlle Putou Jeanuisainluunly
Ply) > 0.5 @0ug = 1 e uTeninaiy Heymiidaanug ulé'f (Haykin, 1999)
919gNLiNaBUAINAAANIANTNG Iﬂiwwmmamwuuwis’famé’u (Back-

0.5 Lﬂuﬁ’lmmﬁwzLﬁuﬁwlﬂu%ﬁﬂ (Cutting Score)  propagalionNtificial Neural Network) 1ulassasia

WADIANINUAAIDUS TARILANAITVDILALTDY V99 yUszamisnnuutuutaulud1aniln
ard Neural Network Structure) lagnns

lAseUneUsea oy (Artificial Neural Network audlofifuusing (Input ) Wrlululaseane
ANN %38 Neural Network) Lﬂumammuwaa work) uag ﬂmﬂummammﬂ (Weight) Tun1s
UyeyrUsehing (Artificial Intelligence: Al) mmwuﬁ U aumaiumwmsau NNy (Summing)

1NINNTIaeISBEsULUUAS YU awadane® Aeuflavdsluilssduaelou (Threshold Function)

S

Inputs First Laye

Second Layer Third Layer

al=f1(Wip+ht) a2 =12 (W2al+h?) a3 =3 (Wia2+D3)
= £3 (W32 (W2 L (Wip+b1)+b2)+b?)

A 1 lasavngUseanmiisunuy 39U
(i Hagan & Demuth. 1996)
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iieagAuanmedseen (Output) 88nu1 (Jongsiri,
2014)

drunuddefiiendodlud a.e 1931 Fitzpatrick
aradulniserinuusniildnisimszisasdaulunis
Wisuiflsuuseniidumauasusoniiliduman Taeld
BnFiesesiteyaduusifer (Univariate Analysis)

Usznausdiy 13 dns1drnndusdinueinnuduimad

s o o

uamnuunenanluladaneanudunus iddedfey
Aunisauan Tl a.A. 1966 Beaver laltonsiaiu
ymannsRufuTsmsiinsgideyaduysifen (Univariate
Analysis) WuU319%51d@7U Cash Flow to Total Debt
Ratio anunsanensallddiiganeuasdumar 5 U
ufinanlasunseensuindunuiuusniidsvina
ABNTITNEINTAUAIUAUNAIVRITINT (Beaver, 1966)
Tul a.e. 1968 Altman lafinwdsuusanasanain
UY09 Beaver laglddnsndiunienistiunazisnig
AAT1eIunUTEIANNY (Multiple Discriminant
Analysis: MDA) wagldauniuuy Z-Score #¥3niu
DUNUNINANY NANITANWINUINE 5 8RTIAIUNI

Lﬂuﬁﬂ%%’wﬁumﬂﬁlﬁ’ﬁ@umﬁaquimﬂsﬁ’
Aaszianunnnegladafadanyg (Multiple Lo i
Regression: Logit) Tun1sas19dinuune1nssa’]
GHIRIGY ﬁaLLuummsawmﬂszﬁmm (W Qj

Seway 96.12 (Ohlson, 1980) Tul a.g

‘ A.f. 1982 Earl
AudnF aNtaY
yueU (Cash Flow id

v v o ﬂ
Tdwennsalls viariaia

&i‘wa 8 Uy Usehvg laun Neural Networks
(

N®Y, Support Vector Machine (SVM) tag Decision

nsRuiidedAglunimmeinsalanudumaivesuisn - Qree (DT) Models lagniiunldiuegieunsvane

(Altman, 1968) Tul a.@. 1972 Deakin b\

14 9991d7UNINITINUYDS Beaver (19 25
MDA wudwmmmwmﬂiaﬁé’gﬂﬁamaé’umaa
Ul A.f. 1977 Altman, Haldeman was”Nafayanan
TawaIuIdLUY ZETA R Credit Ris

lUpie 7 9ms1druUNn19n1563u

Tunrsnensalauauia e
Frog19in AT leAs Deakin U A.6. 1972;
Edminster T a.4. 197% U A.A. 1974; Eisenbeis
U A.@. 1977; Taf @ Tisshaw U @A.A. 1977;
Altman U a.¢, Micha U @.fl. 1984; Gombola
wavAg U g 87; Lussier U A.6. 1995; Altman
95 1Judu Tul A.A. 1980 Ohlson

42 o9vsarsduBwlryd U 13 adui 39 Auggu 2560

Oiuﬂ A.A. 1990 Odom way Sharda WUIIBATIAINY

gneoduiug1ves Neural Networks Model g4ndn
WealUTeuiiguiuis MDA luvaughl Min uay Lee

Tud a.@.2005 lalg3s
auian lneSeuigulseansa nsening SYM, MDA,

SVM Tuniswennsainay

logit, kag NN Us1ngd1 SYM Huszansatnmilendn
39U usawAdeves Joos uazanz Tud a.e. 1998
WU Decision Tree Model wilanin Logit Model
Sleldiudoyaszerdu (Okay, 2015)
tnAdevanevinunuinusemiiiinnsiiuguaianis
Lif sziduanvaluguszmswisiiininganisal
mansdulue@elul a.a. 1997 lawinide Rajan
uaz Zingales U A.f. 1998 waz Prowse U A.¢. 1998
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agUinisiifuguaianisitlid aztlufenanuings
Tud .7, 2002 Becht, Bolton uaz Roell wuiinaln
msifuguaRansiialssumwailalunuidevenis
neInsainLduMATesUTENTUR s Anmgnnsal
nisauaatsvesusenlugisated a.a. 1990 lud
A.fA. 2015 Wijekoon uag Azeez lald 15 ems1dau
yamsidunas 8 fuusnisiduguaianisiiafy
WTieTeiauannesladaia wulnduuiiag
gnAeswiugweINI TN NTaITiTesay 88.57 fou 1 T

Y
'

fiduman wagllanugniosusiudivesmennsaiia 3 ¥
\iusesay 80 (Wijekoon & Azeez, 2015)

Tud A.¢.2008 Abou El Sood @nwidauysnig
iATugAansunnIA wagn1siifuguaianisia Tagld
msliesziaunnnesladafaduinieadiolunis
wensainuduvaIvesusem lnsliaail 1 Uszneu
FroasaunansdyTuiniu lueadl 2 Ussnoudae

AkUsnaAsygiaLaraIsaunan1an1 syl lua

Analysis (MDA), Logistic Regression, CLas BR

kag Support Vector Machine (Li & Sun, 1“)\
11l a.@. 2012 Mazouz, Creang Wag
maa‘ud'mssLLaLﬁuaﬂﬁéw'ﬁwaG{ :

aumalvesgsna Ingldlassneusys

(v} 1 a [=1 'Y} o
DR I1EIUNINNTNULTUAIUTY
Based Model {A313gns;
Seway 92.55 Yaa108

feg1anagau @ Ca
andoawiuglunss

F0819NAAT LA s . i0Y
(Mazouz, Cra ambrel, 2012) Lakshan uaz
ﬂﬁz%‘u%@ﬂﬂ’]iﬁ’]ﬁ‘u%LLaﬁﬁ]fﬁWf@

U3un Ingldandsnlakeainsiesnu

Wijekoon
AnuaGan

Use N in153LA5 18 ANuan0asladaia wuIn

AveIUTEnilANuduiusiunIsAiugua
Lakshan & Wijekoon, 2012) wag Bagheri,

N3
3 ‘Uizﬂ@‘uﬁ’lEJﬂ’]iﬁﬂﬁuQLLﬁﬁﬁ]ﬂ’]iLLﬁzﬁ’]iﬁULal?nl our kA Amin ANWIN1INEINTRIAUANATANY
3

119n150% wazlunan 4 Usznaualunikusng

Joausun taeldlaseneUssanmiieunasnsIAsIg

WU 3 a@nansanensallagndedsiudd®  auannselaldaia nuddinuuisaesiivsslevdly

Sovay 84.8 (Abou ELl Sood, 2008)

Tud a.@. 2009 Muller, Stey
Hamman ﬁﬂmmiwmﬂsaimmé’mmﬁm D)
AUALIAININITRU Tagld Mulscriminant
P), Logit
(NN) wudn Logit

orks (NN) Techniques
g1gegn (Muller, Sten-

ey

Analysis (MDA), Recursive P
Analysis (LA) and Neural
Analysis (LA) and Neural Ne

anunsanensalle, ‘

Bruwer, & Ham %
Tl Wag Sun wui1 HCBR (Hybrid

Case- Base@nmg mmiawmﬂimﬂﬁamma’s

~. 1eululssmadulusyesdu Tnganunsa

itioning (R

aumummnﬁ Multiple Discriminant

ATNEINTAUAUALMAY LaglaseswneUssanieud
AUYNF DRI UIINIINTIATIEINTannRlATaRRA
(Bagheri, Valipour, & Amin, 2012)

Tul A.A. 2013 Bee way Abdollahi Anwins
wensalAUaNaINIINIsRiUlaeldIs AT eI
Anunnaneeladafauas 34 9RIIEIUNNNITEY WU
annsangnsailignaesuiuginen 1 Yfesay 96.6
nou 2 Useway 91.1 neu 3 Useway 83.1 neu 4 U
Jovay 83.0 neu 5 Useway 75.0 (Bee & Abdollahi,
2013)

Tl A.f.2015 Okay AnwinaziUSeulisuaau
gnAesiudvasiawuuneInsal lawn Multivariate

Linear Discriminant, Quadratic Discriminant, Logit,
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Probit, Decision Tree, Neural Networks and AINNITNUNIUIUIFETALNEITVDS WU

Support Vector Machine Models WUIMRIMUUNT  §05IEIUNIINITRULAZNITAIAUALARINITNATA ‘\\

5 Uszian annsaneinsalldegisgneesuiiugis
fugh¥osay 75 luvaedl Decision Tree Model i
Anugndeausiudigsan uiileldiungunageu (Hold-
out Samples) Neural Networks Model #i@a1y

Y

gndosudugrlunisnensaliinigaludiuuunmun ﬁmmmmiahmiwmﬂi
w1 (Okay, 2015) NNNITHULALASLUUNITAWYE

Tud A.A.2016 Jones 11 Cash Flow Based
Model ulglunsneinsalaruauiailulssine
peanaide Tneld 4 Cash Based Variables duuufl  uazi3ouifloud]
I¥aansanensalldgndossiugluseduiifann 9 aufuuidnanny
Ana1 Complex Multivariate Models wagsnuula
HASWSTRANTY Logit Model fiad1aunaindiuusves 3. 58N
Altman’s Z score (Jones, 2016) Nouri itag Soltani 911
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sets to Total Assets Ratio:

(Cpzsent ¢

4IUNTLLANUAAINNITANLUIUAD

%uaumuﬁau (Cash Flow from Operation
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to Current Liabilities Ratio: CFOCL)
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(Activity Ratios):
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(Total Assets Turnover Ratio: TITA)
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Variables 9\ Sig. Tolerance VIF
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EBTL .002 370 2.699
CFOTL @ .001 .336 2976
Constant /\ .
Model Chi-Square Y = 69.080 Sig. = 0.000
Hosmer and Le ow/Test Chi-Square = 2.847 Sig. = 0.944
Nagelkerke R Sau = 0.764
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W Training %39 Optimization A
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Function Tu Output Layef @3¢
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19 t-1 Yszneullae 3 %y 16un (1) Input
Layer 317U ,~~ ; ias (2) Hidden Layer
1 $u §huu 5 Iias waz (3) Output Layer
U 2 Im’JLLﬂiSaizﬁﬁﬂ'w Normalized
(%s 100 Aodnsrdrunilaunodu

S
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A15199 5 mamimaaummgﬂé’fawaqﬁaLLU‘Uéhaiﬁﬂﬁjﬂwmmmaaﬂa%aﬂ V8N t-2
0

Predicted Group

Actual Group O Total
/“oq-btential Potential
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Total Correct Classification 93.68%
Type | Error @ 64.29%
Type Il Error %© 1.25%
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Sympatic Weight > 0 &
—— Sympatic Weight < 0

s

ISTATUS=1

Hidden layer activation function: Hyperbolic tangent
Output layer activation function: Softmax

amdi 2 Network Diagram vead#l t-1
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Sympatic Weight > 0 &
— Sympatic Weight < 0

d

STATUS=0

TATUS=1

Hidden layer activation function: Hyperbolic tangent
Output layer activation function: Softmax

Al 3 Network Diagram y0sU7l t-2
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