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ABSTRACT

The relationship between personality and job performance has been a frequently
studied research topic in industrial-organizational psychology, the result of many research found
that personality is one of the most importance key factor that affects to employee's job
performance. Job performance generally relates to the positive things that people do to succeed at
work, including task performance, discretionary behaviors, future-focused and improvement
behaviors.

However, not every personality is suited for every job position, so it's important to
recognize personality traits and pair employees with the job that fit their personalities the best.
This can lead to increased productivity and job satisfaction, helping business function more
efficiently.

To put the right man on the right job, understanding personality which suited for job
position is crucial.

Past approaches toward personality and job performance conducted with only single-
label of performance, but in fact, each employee can perform more than one different

performance at the same time. Single-label study cannot apply to complicated problem.



a a

aanssnlszmea

a a ¢ o Ao & ' Yy ) ! A o a
’JVIEJ'IHWH‘HQTJTJuﬁ"ILﬁ]aa'NVIJJVI,@]ﬂ’JfJﬂﬁl‘Viﬂ”J'IZJ‘]f'JfJL‘I’TﬂE]LLH%U']EUEN Wﬁ.ﬂi.ﬂ]\ﬂ‘ﬂ 6

Q

A Ay ¥ Aq Yo o Y a < 1A a 4 9 A ==
ANYU ‘Vlvl,ﬂﬂ?ﬂ!"mblﬁﬂ%&uzu”ﬁl@ﬂﬂlﬂu@ﬁ’ﬁ]ﬁ@ﬂ u,amﬁ'”leuiN’mmuwuﬁuﬂﬂﬂmam RIVIUIN

v 2
ﬂl@ﬂi'lﬂ“l]@ﬂWizﬂmuh ! I’E]fﬂfﬁ!
Y s ' A A I3
@L‘Uﬂuﬂlﬂﬂi1ﬂﬂlﬁlﬂw5$ﬂmaﬁnifJ‘V!ﬂ‘V]'Iu‘VIﬁa%L’Ja'lLW@il'lLlluﬂiillﬂ'lﬁ{luﬂ'liﬁﬂU

a a o 99 Y o o I J Aav a
ANYTUNUD LLﬁ%"lﬂiﬂﬂiLLuzui Llu]WWQT]?TLTJUTJ?SI&%HW@Q’IH']%fl ARDAIU UWANNATAN

a o A

soay swnudmihidausauninndogsnaiasad nanuilianuazainaiusiuiems

Q

o A a Jq ¥ YA Y 9 9 v o
uazﬂizmmm GLHﬂ'Ii‘I/]TJTIEJ'IHWUTJGlWNLSUﬂu@ﬁ@ﬂﬂ?ﬁﬁ@ﬂ%u%ﬂuﬂ?’lﬁ’lﬂlﬂu Gluﬂ’lifl]ﬂ‘ﬂ'l

U U

9
=) [%

a a 4 Y gll 0o < ' Yy A
'J‘Vlfl']‘l‘lwuﬁsllﬂ\iﬁl”llﬂuﬂﬁQUfﬂlﬁfﬂQa'}\?ulﬂﬂ'Jﬂﬂ

9
[ v

Y dyﬂid Y o R R o = A o @ 2 La £
MIUAVIUVDUDNIIANDIDTUNIIVITHUDINUNISATIAUATY LASTIANATANTNINAY

wogluainalan swdluan ddddoudaddyanlumssaiiinninus Wd S igarldwed

q

9 2 o A

a3 a A [
Aouveldilunaniauaian mie aseunswesdiliou aneadudleuniide tazunam

v
1 =

Y Y 19 ya a J W go < Yy
AN 9 m“lwmmguﬂQLGUsm%ufmmn“l‘wmmuwuﬁauuumﬁ%"lﬂmﬂﬂ

guans A



GARNIL

UNAATON T NG oo,
UNAATDATHIDINNH ..ottt
AN T T T NI e,
TTUTNIN Lottt

=

UNN

L1 AagAnNaA UMY
[ o Ao
1.2 I0QUTEEARAUBINITIVY. ..o,
1.3 AUUAFIUYDINITIVY ..ot
14 UDUIUAIIU IV .o,
1.5 MAA NN I UDIT IV,
1.6 NTOULHIAA U NIT IV e,
d { 1 [
1.7 Uae Tosdnan a0 IS U o,
a = Awv A a 9
2. UUIAA NOY UAZHANUITENNGIVOL. ...
2.1 ANVAVY HUIAA HASNGHRNEINVYAANN N ...,
2.2 WUIAAUVUIAYAANDIN DISC .ovieoiiieiieieiceeeie e
2.3 UUIAALAZNERNIINUNANMTUUANUVRINUNY...oo
2.4 QUATIAUYABNANATIHAADMTTII. ..o
= o 9
2.5 ABMIVWUATDYAUVURAITAUUA. ...,
2.6 MITIUNUY T NN L
2.7 MFABNAMBNHOLY ..ottt
= aAa o
3. FUUIUITIVY e,
31 UANMININNTIVY oo,
tﬂ' A d‘ EX a o
3.2 AT B IUAITIVY oo,
B, NI IVY oo
4.1 MANSNAFRUUTLANTNINUAEMTONUTIONA ...

5. AFUHANAZTOIAUOLIUL ..o,

10
13
17
18
20
24
26
26
31
33
33
41



M58y (A9)

5.0 AFUNANMITIVY. ..o

5.2 %ﬂﬁWfTﬂLLﬁ%LLI!’J“l/INﬂﬁLLfa],Ll‘ll"lJfJ\‘]\‘]'lua‘ﬁlfJ ..........................................

VITUIUNTY

MARNUIN ...

Usziadiiiou

41
42
43
47
54



MN

=).

2.1

2.2

2.3

2.4

3.1

3.2

3.3

3.4

4.1

4.2

4.3

4.4

4.5

AIVYNN

MININIUUDY Binary Relevance. ............uueuuueeeeeeeeeeeeeeeeeee
MINIIUYBY Classifier Chains. ........ooovviirereeiieiiie e
MTHITUYBE Label POWETSEL. ... ..iereeeeeeeiieeeiie e eie e
G4 ay Qy
HUAINITIBITAUARNDN. ..ot
UHUAIMIAUTUIUTATTIMVOITLUU ..o
prudsMsasegadoya luidmSumsnaaeauuu 1.........................
@ 9 9 1 o o {
UHUAIMIAINgaToya Tl AT UMINAARIVUN 2.
@ 9 9 ' o o {
uHUAIMIAINgaToya Tl MTUMINAARIVUN 3.
= ' . 1
Mwf3euiMeua Hamming Loss ¥oamanagoy luuaasguuy............
=1 1 1
mMfSeumeua Accuracy voanmanaaeuluuaazgduny...................
=1 1 1
MfSeueua F1 Score voanmanaaouluuaasgdunu....................

Mf3euMeua Precision voansnaaeu luuaasgduny...................

= 1 1
MwfFeuneun Recall maﬂﬂ1swﬂﬁ@u1u1mazgﬂuuu .......................



M3UYMIN

=).

MW

= ' . '

4.1 1fSeunena1 Hamming Loss vedmsnageuluudazguny............
= \ 1

4.2 1lSeunena Accuracy voamsnadeuluudasginy. ...,
= \ 1

4.3 1WlSeunena F1 Score voamsnaaenluudazgluyy...................
=1 1 L. ]

4.4 13BNV Precision veamanaaeuluaasguuy...................
= 1 1

4.5 nFeungum Recall voamsnadouluuaasguun......................

Y o 4 1
4.6 1FHUNIUANUTUNUBUOIAALA MU oo e e,



1.1 Mnwazanudnyvaalfaym
@ = 4 Y [] o o Y 4 a 1
Mawaveunalulas uazesannu vug luilagiiu i lvesnnsginenieg
a = A | ' = A
mnansnlasutlasnnieneuiuediann Tagmmzmsnlasuuiladluizesvesynainslu
o ~ 4 Y o o o oA 1o o A
94ANT NHA199 89ANT Inmsaavuiavosntinauludurian ludutluadly uazunui
{ Aa A A oA 3 <3 2 : o
aroma TuTagnaunsoadwlszaninmmsdjianuldaiu viesaFuula Feezild
ety lagasaaeaImingiu uazguinisveusvn mzdec Jidaumnay vie
A Y o Ay ! Y a ' A ' 9 <
WINNIUAN A28TIUIUYAAININUBEAL ID19IzN IFIAATYHIA1Y NaawadanIud 13D
[l A 4 Y
YOIHUINUNTDOIANTAW 1@
v & J o @ 7 < o o = Y
Ay Tuaauveamiinauilaguu esdnseanadsazinsdsunlasuyaainslv
[ A o =R o o Y d? A A v
minzaunuunh s Ut viannanuansovesminau gy meAwiinaua o
~ =\ Y 9 1 g’/ 9 ¥ A A Aa A Aa oA
Nazinug ANuianuasamamunlszgnald meiuilszaninavoamsdginanu
¥ 0 o 1 g A ¥ 1y 4 <
18 naz lugruvesminauInindesiwuie ldaeuaussaodhmuisvosesnns naas
¥ o v v o 1 ' v I g A
dovimsassm Ivmunzaunudumisnuuaazlsznnale Tasgnuniinassm
wiinuAsIzAsIns 1w audsznnlamunzaunuaudansag vy Fedunsadunalann
a a o o @ ' @ ! 1 s 4 J
yaannn guliide inbe uazAnen ma1ee voaninanuiegluenns naziloodnsaso
Y1 Y A a oA °
sz 1an desmsaudlszianlamennlfuacvueuy lvu venvinazansanaumuiivua
a o a oa 1 3 o < o a o
s lumsidsuadraldminaudfiaouldedradudneamuds ndiamnsaiinszd 1a
1 1 =\ Y 9 ) @ 1 9 Y = a A
Nzt UNANNAeINT IaTuiaveswiinauesals Tasdreg Idauiilszansna
Y ] y A ) = o ?
1azUssgMuiIMIeYeI8IAns NAITITABUADN 1FYAAINTNIHINS AT
MsAnEITeIYAdNIMNdIHanenan TR TelinudinyedeEed1nsy
4 a I o o 191‘/ A 3 Y 1 1
paAng s zyaanmwiludnvazmwizdlrvesyananinansaveunnla wu 31519

an 1 Y 4 { 1 ]
‘Vi‘ljl}WH NIYININI W15TN NITLUAIAT NITWAD msmﬁau"lm ua:ﬁ“lummmummu“lﬁ’

[] a v 4 1T A o ] ] Y
Tagase 1w adtlyan aAnunia e15ual Wiemtoy W lvaungazaulinnuuanaranu 'l



= Aa oA 1 I 9 1% o A
"']Nﬂ’]iTJQUﬁQ'lullﬁagﬂﬁglﬂﬂlﬂ\iﬂuﬂ31uﬂ@\1ﬂ1ﬁaﬂymgm@qwuﬂq']umllﬂj']il

1 o 1 a a a Aa 4
panarany 1 wu msilvansod o msfadinsizd anulimelina nswudzuagil

a o v o @ o ] < 4
Ugduwusnudaunniszinn anwamisalunisdivaaldedesiaiiamaniunsal

1da X

[ ] '
anuanialumsseusuaemsldounasdslndfnatu nazussgalalddugns dudu

Ay =

: @ o 1 1 a3 U 1
VAU NANBUZAINA1ININ uAaDAUNeI1v Iz Ty Fedenalduaazauiinants
YR wiedfrianihnuaazuuuuanaranu’ll
9 =\ a o A a A ' a oA
pazugaziaatenatsnuluimesyadnainnainanenan1sinauves
o Aa o 1 12 I 1 1 [ A
winuluuTEm uaamIvgnesunsminNuuana19IEn119n g TE3INT N3N

@ o . 1 @ S av 3 Yo =2 @
ANUTAUWUS (Correlation) 53W31@§]3L!ﬂ5lﬂ1uu Llag‘]J’N\i'lu')"l]ﬂﬂllﬂ‘ﬂ'lﬂﬁiﬁﬂ}lWGI'JLHJfJ'Glu

Y o w =3

d‘ a oA ~ K% = é o Y a al
Li’ﬂ\iNﬁﬂlﬁ]\iﬂﬁﬂQUﬁQWHLWﬂQLLﬂ@’JLLﬂiMSQ F901992 M 11inaveIng TIUINDAAF TN 31N

3 o g Y @ ' 1 @ a a [ g o
ﬂWiﬂWWuﬂﬁ’JLLﬂiﬂluhlﬂ YNAIDYNNIYU Wuﬂ\‘l11!%181‘14‘];5ﬂi]ﬂ'liNUﬂWTﬁ‘L!'lﬂ15 ’Vi'lﬂ‘l/]'lfﬂfi%’)@

A }

= 1 1 ~ Yo 1 Y] g}z I @ A
L‘WENl,mﬂ@@ﬂnﬂaﬂnmEJ’JEni]i]leiJUl@mm]ﬂ’n‘wuﬂﬂmﬁuwﬂuumﬂuwummﬂlwﬂmﬁa i\

2 [

A 4 Aa oA A A =y [ I Y a A A
IHBNYTINDONANTIINTIAN wamiﬂgummimimauﬂ an "1mwzu]u ﬂ1511’iﬂ5ﬂ15ﬂﬂl88ﬂ

Y Y v a ~ 1 A 19 Y Aa
ANA ﬂ’l'i‘]JE]\?ﬂuL!,a3U§W15ﬂ31ﬂlﬁ8§l@n§lq (L‘WE]]‘]JJGLWLﬂ@ﬂ']TEi

U

9 ¥ o Jaa
NTFAINANTNAUNUING

Y
a X

a A A 2 <3| Y
76 NIDNANULTYUU) 1Wuau

YA o

9 1 v
auudiveainnuauladneluGeosvesmstwunyadannwiidinanerants

U

Y axy

URUANUYRININNUAIBITMITIWUALD U8 MU

[ d a v
1.2 'Jﬂfqlﬂi%ﬁﬂﬂﬂli’]ﬂﬂ]‘u]i]ﬂ
d’ = [ v a d' 1 1 a oA 9 1
1.2.1 LW@ﬁﬂ‘HWﬂ1iﬂmL‘U\1ﬂi$Lﬂ‘Vl‘lqlﬂﬁﬂﬂ'lWTlﬁ\‘lWﬁG]’E]Wﬁﬂ15ﬂ§]ﬂﬁ\ﬂu1uﬂ1u@n\‘lc}
1.2.2 1ieAAYIITAMTIUUALDVHAIBA NV (Multi-label Classification) VYDIYAANNIN

ApHaNIU IR

1.3 anyAgIUNIY
1.3.1 AMINUUNUVDHAWA MDA Classifier Chains 118 Label Powerset Ilﬁgl}
v A 1 A A d Y dyqz [l .
HAaNENANIMNTMINLUAIT I Binary Relevance
axy Qy . Y o d‘d a A ]
1.3.2 AFMITLUAANN (Stacklng) AT NUVUIaD9 (Model) VliJ‘IJﬁgﬁTI‘ﬁﬂTWﬂ’N
M3 lddnlssssuanld
Ja = @ . ' Y o =
1.3.3 ﬂTSl%?ﬁﬂTiﬂﬂLaﬂﬂﬂmﬁﬂHmz (Feature Selection) GI)"JEJGL‘VI!J‘]J‘]Ji]”lfﬂ’]\‘111

A a A K
ﬂizammwmuummu



U

1.4 YVBUIUANHIY

aw

v
< Y A o
1.4.1 3sei lddeyannmsnutuuae U wINWInOY tazgIuYeyave L HN
=
U

msRuuranialulszmalne

a o

e 1 I @ 4
1.42 nAteilinen1¥A1904 Binary Relevance iudanfsouiiouiiug 1y (Baseline)

o Yy a

A v A wa AN Yo & ~ ]
143 Namsﬂgummmammmauﬂawami1Jgumqmw"lmmﬂmmzuﬂ15°l1/rﬂzuuu

]
v A o

Y
VoIUITENNMIMIARY NI
Aa o dy Y o Aa R ) [ 9 o o é’, a o ci’
1.4.4 e 1¥oanes Nud M UAI 19U UTIADINTIIUIININUA 6 1T A9
o dulimsdaauls (Decision Tree)
® n15quve3th (Random Forest)
A 9 v v .
e mynuneutiulndga K @1 (K-Nearest Neighbor)
o 4 4
®  ENNOTAINADTUNTTU (Support Vector Machine: SVM)
o/ o 1 1
® GLENIELILIRY1991Y (Naive Bayes)

a 4 a A
® MsuATIZMIannos ladaan (Logistic Regression)

1.5 manannulumside

@ y A d
1.5.1 Hﬂaﬂﬂ1w Wlﬂﬂﬁ\? aﬂHmglﬂw’]gm@\?uﬂﬂaﬂQﬂ']ﬂGLUL!agﬂ’]ﬂu@ﬂﬂlﬂu

(3

’Jﬁ?ﬂﬂﬂwqaﬂiihﬂﬁuﬁﬂ\i@@ﬂ MULUIUDY DISC

% |

% A ax (Y] v . I (% a R
5.2 Mdanuelszanrsedsmsdauuelszian (Classifier) 1WuoaneanuyeIns

[u—

=

Yy Y A o o Yo ] Y 9 Y v Aa o
Fouaroniosdns amnsohunlgvautalsznnld wu duldnmsaaduls, aw
14 4 ~ @ d 1 a3 9
NOIANNIABSUNTFU LAazAMBALEZIUToE19918 1T UAL
o o I o { 2 4 o
1.5.3 1UVI180913063UVY (Model) 1T uuvvsiasanai1avuieir 114 luns
Jauuszian
1.5.4 M3 WUNMUIHAIBa DA (Multi-label  Classification) A9 HAAZYAANNIN
=S 1 a A 1
awnsalimmamsUfianuegldluvateana
U 1 d' . . . A [ ]
1.5.5 mydaualsztonuuuluimns (Binary Classification) ¥3on139audedszian
9 9
[ 1 [ 1 [ @ 1 I 1
HUUATIAZAOINGY ADMITALLNLTZIAN 1 ATY ansadautseonlailu 2 ngu
Aa oA o = Aa oA ~ a I @
HamsURIRUYeINIInOL nineds wamsUuanuignilsziivesnuuiludaiay
= dy (% ?x’/ A a 9 a Y
Taslin1syianaviua 4 Uszian Av 80AVI8AUAT A, 89AVIBAUA B, ALUUUNIST

Y a dy =
GI,W]Jiﬂﬁ LASASHUUIDATTULTY



1.6 nIoUMUIAATUMTIVY

Y 1 1
msAneITetlaziimsAnyyaannwignialaguuunadouynannw DISC

U 1 A A Aa oA £ o Y A Y =2 g 9 A a o
dawasiomsiiinnu Tasnamsdguiaautiuezgmimnlaiies 4 A @uiluvoyanuitn

A o A

Y ]
1&TimsRue 1) daiunmnihlszgadldluusunou viel¥luniinou ATuilurzdes

5 ulgedasziase i

¢ a o
1.7 Uszlasvimadnez iy
1.7.1 aunsonandanes i lumssantseyayaanmmisingaudmsuniinau

a o Y
vVevoIuTEnla

Yy A

1.7.2 33nldnsoaileo lumsdauislsznnuesyaannin



YN 2

a = a d' d' 4
HHINA NYHY HASHANHIWENINYIVD

[ [

9 Y [
Tumsinuideaseil gade lddnynuife ngui uazwanuIseininedrvowuas

=S

v 4 o < ¢ v & ¥ ° o A
Inapsaneriunlszuaiiuesdnnuinuguuaz lslumsimmuauuanalumsdniums
= a v [ g
ANY1ITY AL

2.1 AMNUMINY UUIAALALNGBYNEINUYAANAIN

2.2 LUIRAUVUIAYAANNN DISC

2.3 munfanaznguRneInuran s uANUYeINInaIY

2.4 NUATEMUYARNMINNdINAAENITHITY

2.5 HUIAAMITUUNIUDHAIBAUVA (Multi-label Classification)
2.6 UUIAAMITNUUNT2IAN (Classification)

2.7 Lluﬂﬁﬂﬂﬁlﬁﬂﬂﬂmﬁlﬂumz (Feature Selection)

2.1 ANNHINY UUIAA HAZNYHYDNLINVYAGNNIN
2.1.1 ANNHINYUVDIYAAN,IN
1 1 a g @ 1 %
Guilford (2010) Na1771 yaanmwiwiluanyuzmnzzasveuaazyna &
1 o d @ a
Usznoul1ide 31l519neuen anuntia anmnisersual siauaa anuauls Anudeans
HaZINMEY
{ A @ a 1 < ]
Allport (2009) lal¥anumneiinerdesnuyaanaime 131 iHuniitesavaes
a = o o v Y Y o A Yy Y
sruunmenazaaly Gammuadnvazmsdsui Iddnuaanedonnisuenla
1 ' a < 1% J ' <
Hilgard (2009) na1791 Yaanamiludnyazdiusinvodudazyana tazaziu
v W Y Y o A Y ! =
puamlumsdsudrlvinnuaunedeumenen Tasudazauazizluunvesnsuanionn
nuanarenuli
1 1 a I g}l 1 ' v
Bernard (2009) Na1771 YAANN W UNATINNIHUAYDI NN 31519 anBUEN

Mo nyanssuALaateen tul Itumsnsgsi s lifweuavesanuasn



J a J I J 4 1
Robbin  (2003) na1adayaannimer 131 Wluaiunauvesesnilsznounieg

= 9

@ ' o o a < I A
meludryana 1wy n3sud usegale msFoud viaund uazersuel 1udu Tasdeaiee

=

1 dy 9 Y [ ~ [} [ 9 A
maazaenousenu limuluanyazaisuenilsing wu jsamihmnagmasinaia
1 ~ =) 9 a 1 ~ = a 1 ~
MIUIINeNgNIMIToUT 00 LAZNOANTTNAINY Nudasesn 521 ldsyaannmulaIuiag
I o A 9 %
Wumsasenin vsonloluaes
o 1 a AW Y Yy v R Aa
vInaNunevesmyaannni lanan ludedu aunsoagdianyadnam
[ 1 Y
WUD9 AUANHULNIING LAZNOANTINNUAAIDDNADYANADN NIANHULNTIININT N3
J a a a aan g’/
HEAAIODNTINDITUE ADNAA IAAA AABAIUNYANITTN LAz NI oM UAUBININIINIBIAL
Y 1
nusialalasyadnninvesuaazyanatuidnsazinoudiansdr minlaslidnyas
a A ' S Y A < g
yaannuiiluedels afiuua Tiunezidlunuiiuaaea i
2.1.2 1OAAUAZNGBHYAADIN
= a I A v a a 9 a = a
nauRyaann W WunuIn1eiinIainerldlunisesuiedasssurAves
a A A 9 o 9 o o A Y 9 = [
YAannIMNMeITe9nuIAsIai 1 nszuIums tazasesdiagy el ladannuuanaig
A Aa 2 ' = Ao A
yosyAanmnnaIuluiaazynaa Tasingupatl
Aa a J . a o ¢ Ja J =
1) NOBRINUATIZH (Psychoanalysis Theory) BNIUA W30 IAUNNIFIIDOAIATY
I Y é‘, aAa a detg v 9 4 o Y aa
udneamgupiainnzitiyn Tagerdodeyanazilszaumsainnnmsinyigieluaaiin
| 4 a 1 I 1
woaun Taorlsooa Ia IianuaulaluFesvesyadanmunmsuaasesnveuaazauilueda
' 9
11N uaz ldeSuenguyaannMveyana (ANANA ANIGiY, 2547) 134l
=) a o 1
nouY InT9ad19YAANNIN (Structure  of  Personality) W508d Wy Inseasia

a a o [ 1 % a 9 1A = F2
uﬂﬁﬂﬂ1WGUEN‘]4ﬂﬂﬁLﬂ@iﬂﬂﬂ’Nllﬂlmlgll\flﬂu‘iﬁfi’NQWﬁQﬂNi]@ 37U ll@]!,l,ﬂ 2a (Id) @Iﬂ (Ego)

[

E=1 9 ) 3’, 1 da} ] a g’/
oo 10 (Super Ego) Taonaany 3 aauilazegluiani 3 seau

=

(1) 8a ﬁﬂuwé’wmmﬁﬁﬁcﬁauatﬂimaiu%iﬁ’ﬁmmﬂud’miwaj Tagf11

e

v
=

) F
WEIUNTA HUPDI AU ANUADINIT DIAE LazAUWINIKalY Fulonarundlay
1 1 I Y A ] I a 4 1
weneurneesn lag luaulanezdluld ldanse luluTanvesnnuiluase Taswsesdanain
TNdavesyanarznanndymagm 2 Uszan laun
[ ] o aa 1 . . & 3 o ~ Y
(1.1) AynaqaurInsfsaIned (Life Instinct) H¥uiludymagunsgnzau

o

Idyanauarsmdsimnldinanugy anwauie wazanuiane launawes Faluussa

a 1

o \ . g N Y Y o v o v
YBPINYIULHINITN T INDYUY V\Iiﬂﬂﬂllﬂslﬁﬂ’Nllﬁ?ﬂ@ﬂﬂﬂﬂﬂ@@ﬂﬂﬁﬂiﬂmﬂ (Sexual) W1n

A ' v o ) W Y = Y
‘quﬂ Llﬁﬂ'J"IﬂJ@]i’)Qﬂ"lﬁTl"NlWﬂ{lu‘ﬂﬂu8%@\1‘1/‘]5@ﬂﬂuullﬂnlﬂﬁﬂﬂﬂﬂﬂﬂﬂ"m@'E)Qﬂ']ﬁﬂ')"lllqslﬁnﬂ



o o ¢ 1 @
msfimaduiusimiiu Siaseunguien1udosn1sANugy anuianely Wiena1u
AZAINTVIINNDY

o ] I o {
(1.2) dYAULHIAINATY (Death Instinet) Hudamaguinszduliynna

0o v W Y

MANSIOIFUL ADg 1Mo Farls004 18 1A dyRuAmRA1317 (Aggression) M nAiga

o Yy v P ) A Yo - Y ] =
AIDYNNAITUNIITIN "lmm ﬂ’J"IiJG]@Qﬂ"ITV]ﬁ]%ll@]'i'iJﬂﬁﬂﬂm@ﬂ"’Uulﬂuﬂ’Jﬂu'N'lu INNY18TY

YYo o o A

wguihmnediuiie lidiisduigruaenau udnsynimanzaziizuds ynaes ¥eitne

u

SAINNTENINAIATINTZTHINNY
1 1 9 [} 9 9 [ d‘da a 1 4
Lm‘luig1’i’J1\1ﬂ’J13J$5]’E]\‘Iﬂ15‘1/1NL‘Wﬁﬂ‘LIﬂ’NlIﬂTJiTJ AYFINYIUNNDNTNANDUYHY

A Y Y 2 /R A ' a S
UIN A ATUABDINTIINIIUNEA @'JEJH’WJWau‘i/\lﬁﬁlﬂﬂﬁ]ﬂ@‘ﬁﬂWﬂ??uﬂﬁﬂﬂ?W%ﬁNNu‘Hﬂﬂllﬁﬂﬂ

Q

a

g I J 1 o [ {
pONUINU zADDAUBIANNABIMIMamavesauiuaIulvg dwsuyananlyadannin
A 2o y . 22 o 4 g
suudanuinazuaases lsawdynaagnavesauTag lidulves lsnsau Wsaie ldaue
Yo ~ ' =
lasuanuguuazanuwe luiisseiufen
Y < @ { T a 9 % a 9 < J [ @
@) 818 Wunasnugeglusadifinuaznaadriiniudiulvg Hundiau
a 1 o { A I [ a 1 14 Y
n9ia Mugimihinuimanasaindieda uazdeynlesd Inldauaa uazudaseonld

Y 1 < a { o [ @ 3 1
ﬁﬂﬂﬂéjﬂﬂﬂ‘UTﬁﬂLmﬁﬂ’nm‘ﬂ‘lﬁ]iﬂﬁﬁﬁﬂﬂﬂmﬁ‘u w%mmzﬁuﬂum@waiuﬁmumﬁmuu 1159

=) zg (Y < A 1 ~ 1 9
ﬂ@]mmu@gﬂummLLGINL!,ﬂNmammaammmmaifgﬂutma:uﬂﬂaﬂaﬂ

]
a

9
dsuyananiyaannmuuud I8 (Ego Personality) HuiNIzUaAI00NUIATY

a

I A A a Y 1 Y 3| a
LﬁﬂWﬁﬂ?TN!ﬂuﬂiﬂﬂﬁuW%ﬁ‘Elﬂllﬂ’)’ﬂlﬁlﬂgﬁﬂ !Lﬁ%gﬂ@]ﬂﬁiuiﬁﬂﬂl@ﬁﬂﬁWNLﬂufﬂﬁﬁ

De

(2

J 3 o ! ] a o 3 J VA
3) gleso 1A Hundvnunegaeluiadiiinmiuaiulvg swd@uainms

=

= Jd a = @ Jas 93 @
iﬂuﬂuszmﬂ‘u NRINUN NANT NHUDIAADTITY LAZNHWNIYVDITIAY ‘ylﬂﬂiﬂiﬂlﬂuﬁ’lﬂﬂﬂ

U

a_
°

147102158 ozl590 oz l5gn oz lsia aasnielinas Velldnuzassdunuda Tagazll

U

Y A Y Yy v a 9 ¥ sy ¥
‘HuW]ﬂf]Elﬂ’J‘lJﬂllﬂ’JHJG]fNﬂ1i‘1/]NL‘WﬁLLﬁgﬂ’JHJﬂTJ‘iTJGl‘HE]ﬂhbJEl,WLLﬁﬂ\‘]@’E]ﬂ ‘Slj)’l,ﬂf]iﬂiﬂfﬂz

a Y 1 3’/ dé? Y] s 9 3’; < 1 ~
ﬂ’J“]JﬂiJﬂﬂ"lﬂﬂ!,LﬂhlﬂuuuﬂﬂluE]EJﬂ‘lJ’N“]ﬂﬂ’E)iE]Iﬂ"llE]Quﬂﬂauuu"ll\mﬂiﬂmﬁlﬂﬂ

U U

a

) o { Is 9 . o o
dmsvyananuyaanmmuuugeasa In (Superego Personality) 1NN
= Jd a v U - = = a
JTIY NHINUN NANT HUASNHWNIIBYINIAIIATA a@uuiumuguamqﬂmﬁqd
v 9 Y
miﬁuﬂﬂauﬂmuﬂaﬂﬂ1wiugﬂLm‘u1@@fJﬂmuuaawﬁuagﬂummmmgé}mu

9 Y
v @ a @ v ' @ a U o U 1<
5$W'J'l\‘]Wa\1°|/I'lQﬂﬁ1/]Qﬁ"lllﬁ'?uﬁ?’lWﬁﬁQ’]u‘ﬂ’Nﬂ@]ﬁﬂuiﬂﬂ%ﬁ@1u1ﬂlﬂﬁﬂﬂ3’l UANANISLUTA

v ) 1 1]
YAANNINDBNIANBNTNAVDINEIIUNNIafeNTs iYL uad e lainasausgrig

@D
e
o

Iy YA @ 9 o v a gd Y =
A Gy!,ﬂ’é]i’t]IﬂiJﬂ’ﬂiJ"UﬂLlﬂdﬂu@ﬂ1\1§uui\1u1ﬂmu1ﬂ 1JNﬂ§\1’E]Iﬂi]Z‘Viﬁ/lN‘]Ji%uﬂ‘i%u’t]iJ



zﬂl L% 9 g’/ Y Y Ja [ % t:' = 1 a Y [ @
moaanaNuvanduIniesad TaglgismsliudainiGendt nadsulumsilosnuaaes
. o o & 1 g’; I~ Aa H
(Defense Mechanisms) a1d 1390z 510 1vyanaiunataiulsadauas Tsndszamlunga
AAa A a ' . Y ¥ ddy Yy 1
2) NYBHININGI1UATIZH (Analytical Psychology Theory) @ﬂam‘nqygullmm
4 v a Aa a 4 4 a
a3a naavl 99 (Carl Gustay Jung) 11NIAINOBNEIAFDILAUA |AIFUDUUIANNAANG B
a i o < [ o @ 1 a [ Q‘{ a [ g
yaannminswunesn ladludiudida 2 aau (Audna anaaly, 2547) fail
) Tﬂiﬂ’d%}NL‘IﬂaﬂﬂWW (Structure of Personality) ‘]_jﬂaﬂﬂ1WG]13Jﬂ’J13JTi3J186U@@\1
a . 1 I 1 v o o 1
099 (Psyche) Fasznoudloszuua1ee Wudiudesuiausmnu aun
4 1 I 4 Aa X 1 '
(1.1) 317 qure1d Imdlugudnalsvesynannimuesyanadeg ludiuves

a o =

. = k) o YR KR a v Aa A a
Iadiin (conscious) ¥elsznouldrenusr anwaniinda msdaduls naznsliaa a9
< J o o A o 9y @ Y = 1o 1 Ay Y g v o
dumudrayiyaaaszaniosviinernuawes lanasanal Jumnund Indluarsimua
Y A < ) 7 '
VNV WA azaNuiuenanyalinNIzvedazyAna
a Y o [ . 1 e (Y] 9 I
(1.2) I 1@diindauyana (Personal Unconscious) Autazognna1nd Inas luiilu

1 { d { 1 a o 1 1 A o
daufidszneu ldredszaumssiaieg needluiadiiinuinouua ldgnnaasgialddiiin

Ll
b4
%

HAIUY W51

2a

. ) a gj/ A:all A 9 ~ A
(Unconscious) ﬂ’JfJﬂﬁllﬂ‘VINﬁ]ﬂ NIUHBIINANNABINITNIZANY TEFUMS

U AUNAADY

ﬁee

duanuivie Aunnd wie lineladludu dewnreldaorunmsalivan
=

Do

9 @

A WYy A g A s 1 % v o X = g v Y
‘Viii’)ulﬂﬁﬂﬁﬂli'lﬂlﬁiﬂgﬁu ﬂﬁ‘éﬁﬁ‘llﬂ'liﬂilﬁﬁ']lﬂ!ﬂ?ﬂi]gWﬁﬂﬂumuﬂ?q%ﬁﬁ?uﬂﬂﬁﬂgqﬂ@ﬂﬂiﬂ

< A 1

Jd a o U f [ 1
Uszaumsaiang meludalddriindruyanaiidrldsunissrusnldilunguus onuaanm

YR . A g o R o A @ Y = a ] g}J 1
VDIANIAN (Constellation) NI UoUKHIDUABINULLAN YUTYNNITNATNICITUUUIN 1w

=2 1

o & 1o aa Yo =2 g . )
(Complex) ﬂﬁuul‘ﬂ’]ﬂ‘ﬂjﬁ]msl@]fm‘Hﬂﬁ')u‘]Jﬂﬂﬁ{1]QlﬂuL!fﬁaﬂﬁ’)ﬂﬁjmﬂNﬂlf’)\‘luﬂﬂaul'lll']ﬂﬂ']ﬂ

q

1 { [ ] a [ 1 1 d 1
U UnneIn (Mother Complex) Lﬂﬂ‘tﬂﬂﬂ?iﬁ]ﬂﬂfql3Jﬁ%@ﬁﬁ?ﬂﬂﬂﬁl@ﬂﬂi%ﬁﬂﬂ?ﬁmﬂN“]
A [ 1 1 Y= o 1 ~ Yo ] 1 @ 43! I A @ dyd
NYINULUY LFU ANUITAN AN ‘nllmummmfﬂuﬂ’amﬂmgﬂuﬂmmwmmﬂﬂuuuum

< J a g o A A ] ] 1a
i]zﬁﬂmill,ﬂui;ﬂf[mmaNii!ﬂTiﬂ’J‘UﬂiJ‘]gﬂﬁﬂﬂMﬂlmuﬂﬂauuﬂlﬁ}mﬁmﬁﬁmmwjﬂ LA LUARA

' '
a2 A

A < s ' 9 < A < A 2 Ao
NIDAIN ﬂUﬂ'J1ilﬂ5$ﬁ\1ﬂellf]\3L!3J mmi&‘mmil,af)ﬂﬂ‘i‘imﬂ%m’ﬂﬂyﬂﬂaG]Nilaﬂ‘Hmz

9 =S o ]

I Y 1 < d ~ [ A lds! )
ADNIANNULNVDIAU Lﬂuﬁu f]fﬂﬂuliﬂﬁ'lll ﬂi$ﬁﬂﬂ’lﬁﬂ!@’]\1ﬂ %ijhﬂ@hﬂiawumwyjmmﬂu

Y
kS =2 o =

@ @ 1A o v A
nivonnduauingdadiiinldonasedregluaniuz mssinmunzawy

U

a < ' A

(1.3) Inldchiindufazauilszaunsal lueRaa@ (Collective Unconscious) 4

9
Yo KX 1 = o Y A

a " A g ~ Yo I A
'E'J‘ﬁ‘]J'lEJ'N%ﬁGI,@Iﬁ'Iuﬂﬁ?uuﬁ]%ﬂWﬁuWﬂﬁ$ﬁuﬂizﬁﬂﬂ'ﬁmﬁ%‘]ﬂ ﬂnﬂﬂuqﬂiﬂlﬂuuiﬂﬂﬂﬂﬂ@@

¢ !y o~ sa 2 24 P

@ 1A < o '
WINUITNLYTY mumimumuyﬂmﬂmumﬂcluiamﬂummaﬂ GQ]J’JEJWWIHGUQLGH’E]’HMHHEI nn

q q q q

] Y]

dy a g == o a Y o = 1 A
AU NNATSNA NNLYDHBIA l,l,ffl351@ﬂLW'IWH‘E@]'I\‘]ﬂiJﬂi&’ﬁUﬂWimGlUﬂﬁi@lﬁ?ﬂﬂﬁ’)ﬂﬂﬁ%ﬁﬁ



¢ a ad g v o A o &2 v & 3 9 1 Y
ﬂizﬁﬂﬂTiﬂ!iu@ﬂ@l%Wﬁ“ﬂLﬂuﬁuﬂﬂﬂlﬂﬂﬂﬂu‘ﬂ\iﬁu Tﬂauuﬂmﬂumey‘aegﬁluﬁmmm

Y
awmﬂﬂuuumazguanmu@aamuﬁqﬂwuu ﬁlﬁﬂlﬁ@!ﬁiuﬂ'lﬁ!.l,ﬁﬂ\‘le]ﬁﬂiiiJUNfJEI'N‘UfN

= 1

) =2 a v v A v =2 Yyyd a ayy A o ' o <
NHBEW]’JIaﬂ WOTUIWINNAURUUNDN L!‘VlﬂhhﬁﬂLm@ﬂﬁﬂf'l@]hlm‘ﬂllﬂuﬂu'ﬂllﬂ YU ‘Vnul,iJLﬂﬂ

U

=K a @ 9 A v 9 Y v W v A o [ v W Yy a
1/]15ﬂﬁ]\‘llﬂﬂll"IﬂTJﬂfﬂllW5E]1]'1/]%35TJELm$ﬁ5'l\1ﬁ3JW1!‘ﬁﬂTW@UﬂﬂULLNLﬂu@uﬂULﬁﬂ 019518

v Jo

a ¥ o =] @ t4 o ] - 1 a
auuaavesgaiuiumizanan ldsuilseaumssinnuduius nuuiuAwaoAnwA

¥ Y
1 <)

ya Yo & 1 ~ P ~ AR o Y A =
melaaalddrinarunazavdszaumsn luoaara 39 IR NUT IS UTUINA0AIUD

agiiu
9 = ~ Y
(1.4) 111NN (Persona) HUYDI ﬁmazsu’amﬂﬂammmuﬁmummﬂﬂmumm
@ o I =1 =1 A o o A I
aanTavesdeauuazitlu ldamuvuusssutioudszmaiaundenusivua uioluns
A I Yo [ 9 @ 2 [ g’/ g‘/
l,l,ﬁ'ﬂQ’E]E]ﬂLWE]Gqulﬂi‘]JﬂﬁEJE]lli‘]JLl,azﬁiNﬂ’JHJ‘]Ji%‘I/]‘]JIi]‘]_qIﬂﬂaE]u”] adtuluu19nsa

a A a Y 9 == = % 9y o a A Y a
UﬂaﬂﬂTWGU@QUﬂﬂﬁWlﬂﬂﬂWﬂﬂ’lii%WuWﬂ?ﬂ WDNVISHANNUALIINUVUAANNTIWNLUNIIN

E] E]

=1

2 g’/ 9 (% U Y = o Y A a U A = Y a
m&“lumumauu"l@ mmmmmmﬂmmwumﬂamuuﬂaﬂmwmum”lmmmmwm
Y 9
yaaa lilidlsingoenuidedinunisusn anudaudiszrinyaannimmaiis unatosns
A o q ¥ ? o < = ¥ v
11&1’?@1189] Li@\‘l@'lﬂﬂ$“I/I']Gh/i‘I_Jﬂﬂﬁuu‘lﬂﬂﬂ’)”lhlﬂu@nﬂl@ﬂﬁul@ﬂ N1 UAUNTINHUININLD
A A 3 = o Y a Y
el mmﬂuﬂummmmmmm&iuw%%
[ [ 4 1 I Z’, ]
(1.5) AnyULFOUSU (Anima or Animus) JUFONNYHINANYULNITOUNADE U
=1 o <3 9 ~ =} 1 1 < I o
AU AYINY TGIEJ"DZH’THIIQQTﬂﬂ13‘1/lLWﬂG]ﬂfJﬂZMﬂ’J”IiJHJJu’JmLﬁZ?J@‘L!IEJu FuYUANHULVOI
Aa ] @ = Y v A a 4 1 Yy A = 9 <3 Y
LWﬁWﬂJuQi’)QGLu@’J PUTYNANHUSITUUIT LDUN (Anima) FIUANYIVSNANVVNLU DATHIY

<] R g @ 1 ] o ' o 1% ' ‘o A o
LAaZinAavIa él?\‘i!ﬂuaﬂ'hlﬂwsll'ENLWﬁ%Wﬂ%@ul%}u@QGluﬂ'quﬂu ﬁgﬁﬂﬂaﬂymzwuﬁm Uouyd

Y
1R o

. o ¥ A ) vy ) a Yy a
(Animus) ﬂ’]ﬂﬁﬂymgﬂ\‘]ﬁ@uwg‘ﬂ%’ﬂuliu@ﬂuﬁ]\ﬁ/lWsl‘ﬁﬂ%’]ﬂlm]iﬂ‘ﬁiﬁu%’]ﬂm@ﬂaﬁﬂﬁ Hag

QU

Y a da ) a ) vy o o
ﬂ’ﬂiy\flﬂiJﬂ’NiJlfUﬂi]ﬁ‘iiiJ“b’W]"U@QFQIJGHRIVI,@]@']EJG]’J"IIEJ\W]’JL@Q

Aa v

< AW o A <3| J
(1.6) 1apl (Shadow) 1 uMuNNBAININTATNOUNILLITAIMIUUT UNYBE

& ' Y 3 o o oA ' v s ] )
G]NﬂaTJllﬂ’N Lﬂlll?hlﬂi!ﬁilﬁﬂ@lﬂﬁﬂﬂlﬂ\‘lﬁ@’J‘ﬂ%$ﬁﬂWﬁiWNHHﬂLLﬁ@Qﬂ’HM%’JiWﬂ N1 LA

~A o

X Y H
ﬂuﬁau TIUMINGANTTUAN ﬁﬂlﬂllgﬂﬂﬂﬂQWNWﬂ VUUFTTUHeNUTLNUOUANINVDITIAN

=<

v X a 9 A < £y a Yo
Tagwrariartiszgnaiugu uazlntlalagnihinin viemuna l3nmelusalddiiin
(2) anvULYAANNINVBILAAZYAAA 910 193 19N1eyRann Mg IdeTue1d
= LY a 9 A
W Jianyuzyaanmmvesyana 13 2 Uszianne
3 o & a a9 59 d 3 o
(2.1) wuAUEI (Introvert) tHuyaana1nyedyananBusid I unininua,

= ] Y o X ~ v A Y )
Gl)"f]Uﬂ'J'lllﬂ\ﬂJNEIUVI,N"]S'E]‘Uﬂ'IﬂGU']ﬁQﬂiJ U8 W@i%ﬂﬁ]gﬂglﬂﬂ\‘lﬁa\‘] "ummmnuclﬂcluﬁmm



10

a

Jga A J U A & Y A a < @ dy @ I
Gve1JGlmwuﬂtymummuwmﬂmm U uvenueIyAanMNLLUINUAIN Jnazu

o g E]

(43

a o a 4 v Aa 9 T A d Y a A o a =< 9
UAANUDI uﬂﬂﬁZQ‘lﬂlﬁLLﬁzuﬂﬂﬂﬂuﬂﬂﬂaWﬂ uadIUNudoITene UNILINADINITTULAT

uena uaz luauladeny
o < a @ @ o
(2.2) HUVUAAIAT (Extrovert) Huyaanmnilszinnuaady oA IANTNAY
= s 3 a a v o da Y A
aynauiu seumslasuutasldamaniunisaimiueie Tuyvedunusa nd1iee
< Yo Y 3 AYo o ] a 1
ueaseen souaNuiludii desmailunivnvesaunily auaudie veumFyilyniuinn i
mavitidan
1 <3 I a 1 ~ a 1 A
poglsnaw Tuanuiluassaznunauuiaueziiyadannmuuunane narne

=) a

o < Jd LA} = a (%
uﬂ%uumﬂmmﬂu”lﬂ@mamumim LU Gl,u’ﬁﬂW‘Llﬂ'limﬂuil’ﬁni]iJuﬂaﬂﬂ'lWLL’U’ULlﬁﬂﬂ@]’)

El

= S = I <3 v I Y [ dy [l aad
Glu@ﬂﬁﬂ’]uﬂ’limﬁqu’mlﬂuuUULﬂU@’Jﬂqﬂ ﬁ!\‘lﬁ]@ﬂucﬂigLﬂ%u@qsluwjﬂllallluﬂiﬁ

2.2 IAAUULIAYAANNIN DISC
J Y o i a J <
M5a nan il 99 (Carl Gustav Jung) lavhimsuiaguuunganssuuyvdoanily 4

suun 18uA DTS C (Mary Kay Slowikowski, 2005)

'
] v

. A o 1A A Y o A Y v [
D -style (dominance) UANHULIAUAD ummﬂmmﬁu% IHUNAANWTYINU NN

Q

< = 1% ] ~ Y A (] IS J
’EJZUl‘ii’Jﬂ!‘i'J w,ﬂﬂu’ﬁﬂ\iﬂ\i hlﬂﬂ5$uﬂ5$u@ll NAUTYI BOUNTTHLUIVU aﬂmmmgﬂug{uaﬂm

Lo

v DA ~ 3 Y Ay a 9 X =
lineeaou aseliasann vrefiemwazgiluauunumainliie ideEenieage Avds
Hulaluaes

. I 1 Y v I a a [
I -style (influence) 911 uANTIINA youri1dany qluias Weawe galaauin
= I 1 A A J 1 o = A = v W
ouv1e lome 1Huauss Jersuaioou Ina dnvan@essigaziden Na1nenuinyaoon
3 A [ [ (] 1 A A 9
wonisziauliizos linsesnuing lureuauinie wieduain
. { o < < o
S -style (stediness) AuNiAutauaziiuauluiu deu wusduaueaie
I = 1 o =\ I Y 19 A
oz lailluszuu azideasounoy nowaa Uszlidszuen voutlugiaunnidua sznailiogn
o 2 ¥ o 9d Y ° o A ' A
2 dnnaasnNUIH e UeURaeAna doamsminuzihnndou Tuyeumsnlasuulag
4 a %
C -style (compliance) 9x¥OVANNAVYIBLUY FaAANUTazIDA Niviga 1

o 9 o Y ) o v ¥ & a A Ay d ~
MnanmMs MuaNuFaugnaed Inanudaynudemoasa fuauaziead oy Jsziley

a oA 14 1 { o 1 @ [

Ufuamwngnaa lureudes wieg lsegnsziase1a
I o 1 o 1 [ I
Tasynauornduldszinnansaziaulang @187 15U D uaueado1ndu

o = 1 o Y = Y ] A I Y
ANHUSHTY I@ﬂﬂaﬂﬂmglﬂuu'] 1 A3 Azl 1 99 2 @1 1¥U DC 1i50 DCI L‘]J‘L!Glu



11

a 14 1 a J W
NAUIAAYBIAITA Naa vl 93 Ao Jarden W1TaAY (William Moulton Marston)
4 1 a 4 a 1
aulafAnEUTEIANNUANAIINIINGANTTUURINY BILAZNITADVAUDINGANTTUUBILAAS
1 PR { o [ o 1
yaaaluuaazaoiumssinnlaonly Taeldnan n135u3 (Perception) yoauybdniinoauioa
1 A I a a an @ e
uazApdwAdow IunuININeTUIENgANTTUMIABUAUEINEIYARA HANTSUS 2 unudl 1
WegonnAnssumsudasesn jluuuaNuidniinAa dnyuznsasUaUeIFUIAdDNIAL
Y S @ a oy Y ) ¥ 1o
Hou Navauunlszaumsal msiseug magnilouveyaaauaisan
¥ 3 v Y a = o A A oAy v
unuAd - unsTurafSeumeuna1ve eIl 1INNIIHIBNUDININAD
anmaagdoueuen venneszaunasuludl szauanuiulalumsdlamediau uaag
a 3 [ v a 1 9 @ @ Y Y o Y Y
ANUAAITY TZAUANUNAUNTY 15U AUNEIge Unnarldwaennuaiunse Tiui adugy

v o Y 1

=® 9 = a 1 a9y
TNAYU NAUKNA i]umﬂmwm'i!,‘ﬂaﬂuuﬂm ‘]Jigllluﬂ’l'lllﬁ'lll'ﬁﬂ@ulﬂ\‘l'Lj\i AIUDNATUANTI
)

A S o o 9 @ v A A Y 2 o ¥ o < o ]
VU Wﬂigﬁllﬂ'limﬁ\clﬁuﬂ’ﬂwuﬂﬂaiguﬂigj\iﬁqvnl’)@a@u WUNABDYAITU LNUAI INUDINIT

U ¥oUDEGlUNgN A IUNANINGUHIoNINKEI AdpemudesdIulng Basalanunis

H o o A ° 3
nlasurlastunay Usziuanuaunsanueas wudu

d o Y = Aa v 9 = )
UDUUBDU !fllufnﬁﬁl]gﬂ31NWQW@1fﬂﬂﬂJﬁﬂﬁﬂWWLL’Jﬂa@NL!ag ﬂﬂu UaNaNITal
v A ! Y 9 o o 1 Y o= < .
'ﬂ'J'nJul'J'J'NGLEﬂ LG]ffi]Glﬂ Hmuﬂ\jﬁﬂiaﬂ NITANUDEFIUNA TITY LBU ﬂ’]u‘WQW’ﬂﬂlzﬂ NITADUTUDIND
A ] I a 4 1 1 1 (] LY
ﬁQLLmﬁ)@uuazEjﬂuﬂEJNLﬂulJm "l'jhli]l!agl‘%@cl%l’lél}q']ﬂﬂj'] N@\Tjaﬂ{lullqa "bJﬂ?JEJ'izLLNﬁQfTEJ
' : v Q
ﬁﬁuﬁﬂﬁ}mm\iﬂi}m ﬂz@]ﬂﬂﬁuﬂ\iﬁﬂﬁ%nﬂéjﬁ]ﬂuﬁgPj‘l’su DYMWITHUIATE N @Nf"hﬂ’]fﬂ g8 LN
ﬂ')’]i]iﬂﬂﬂ@llllﬁg'J’]\ulwugﬂf‘]ll
o Y 2 ® o a o2 3
ﬂ’]ﬂﬂ’]iﬁugiu 2 UNUU ﬁ’]iﬂjﬂﬂTLLUﬂﬂmﬁﬂym$Wﬂ@ﬂjiuul§Hﬂu@@ﬂ!ﬂu 4

[ 1 { a3 1
WUIAAMANYYUE A Dominance, Inducement (AoN AU Y Influence) , Submission (AU

{ 3 ' | 2 3 A o 1
1/asuily Steadiness) t1ag Compliance (AonUasuITlu Conscientious) 39T uNu1vDIA1

P2
=

DISC B0 INONHIE0UDN 4 AUANHU

' v J [

. o 4 9 an
Dominance 1%}Lliﬂﬂlﬂ ﬂ')'liJWEJ'IEJ'IiILﬁ@L"U'Iﬂ'JUﬂN L"ITWW"]W] UNWNAQANDHUASTNHN

91119
9 o tﬂ' 9 a a ] Y Y Y
Influence 1911599 ANUNBIMNBAT19ONTHA Tunyau Tagn1s 1w ¥nge
19 uaagoon wazmslasuanuauly
v 7

Steadiness 19115990 ANUHeI DA 19ANNTUAT A ndNe Yaudumeduius

TagdnIimsmivayu sremio



12

Conscientious 19115940 AMUNEIMNOANUYNADY oY Uaoans Jea1se

9
NIZUIUNT DINUATINZUAZTUADY

v
= a

] < a ] v Aa a
614 15000 srwaumanauuuysedivlignsalddadungfnssy Fgnianse

U
Y 9

A o = 2 1 Y [ = S 1 a Y Y a
FHADUIAN ONN blllﬁ%ﬂﬁ]uiz@]ﬂﬂ"liﬁﬂ‘hﬂ ANuRAIAmaed uan1sUsziiueg lvdoyarda

G

o v v < @ kS < A A ' o a 4
mJ‘W‘uﬁﬂﬂﬂ’nmﬂumwummuﬂﬂauu Lﬂulﬂi@ﬂll@iuﬂ’li"]f']ﬂﬁﬂLﬂﬁlla$31ﬂ51$‘ﬂ§1u

a & 1 =4 a d‘ 9 a = [ (B}
AINUAR (%QﬁﬂﬂﬁﬂﬂWf}ﬁﬂiiNﬂl@\‘]uﬂﬂﬂ) L‘WE]GI,"]ﬁJigﬂ’E]iJWi]ﬁﬂ!W]ﬂ’NiJﬂmaﬂymguﬂﬂahlu’J'l

A 9

< < ad g a Y v o ' 0 Y ' Sa
wilununlana Insded uazdedesvesaues luainiwdanaiuuylnundviedes

! 7y Yo Yo 9 o o 9 o
nenuuulsz Teain lasuanmsdandnleau Taena 1l yasainez Idanuaulalunish

Yo 9 A A Y 1 ! 2 A A A Y} k3 A
ﬂ’ﬂllqﬁji]ﬂlﬁlﬂ1%Li®iﬁil!3@ﬁ@m31ﬂuﬂﬂﬂﬂ‘u LHU mﬂTuTaﬂ Lﬂi’ENiJ’E]LﬂiﬁNal"]f QﬂﬂimﬂﬁNu

4 ' o Y v 9 v o o o LY 9 o
53%5\‘1‘].4?]?]@5‘14 lﬂﬂﬂ’)'l‘ﬂ'lﬂ’)'lllgi]ﬂlﬂ]'lii]ﬂﬂ@]')@]uﬂ]@iﬁ’)mi ﬂumu’mum%mﬂi}zgﬁﬂﬁuﬁu

3 o A Y A ] Y v Y 11--
Tuanuidludrauveus niyanameueniianed Inveyailoundunu ludeg lugilves

o o

a @ < y= ) L a 2 v @ v 2 A \
AIRA AININY ANV U ANUFTNTENOU FUNAVUIN JANNAUVDIAUIHATUY Iﬂﬂ‘ﬂ’ﬁﬂﬁ]lhl

3 A o I Y o 9 Y g’/ ] [l A A I
Lﬂu“lﬂmmflmm!,ﬂu ﬂ']illﬂﬂ']ﬂ'ﬂil!fll']Glfﬂﬂ’lll'ﬂ\iﬂ\ﬂuu\ﬁf)ﬂ ozl WUATEINe DISC 11u

A Y Y Y [ A:; ] (% % Y 9 a Y]
mmums”lmagaﬂauﬂaummumﬁuzmmmzium fmnEJuuuﬂuqummsummauﬂiu
! 2 Yy A= Y A 9
NISUEANDDN ANNYOU ﬂ'J"I‘JJUhJ“H’f)‘U ﬂTIiJ‘ll'ﬁﬁﬂ‘Ll'l ﬁmmaaumwﬂ% L!ﬁ\iﬂigﬁ]ugﬁiﬂ NIYE!
=2 A 3 v o Y} S Y= ~
AITUAILAT YR LTJ‘LWI‘L! ﬂ?iﬂli”lﬁﬁﬂiﬂﬂ"lﬂﬂ?ﬁﬂ!vlﬂﬂﬁNﬁﬂ331/]1J1/]@1§]@]13J3J15]1ﬂﬂ1§£!,ﬁﬂ\1

a 1 4 H 1 [ g’; H 1 1
wpAnssu lundazaniumsainuanalnu dnnayaaaiiladeanuuana9senaeyana

v
[

@ [ @ Y o A J ﬁldé/ 9 [ @ A
WHAINTDYDUTY uazﬂi‘ummnﬂuuﬂﬂaammzﬁmumﬁm”lﬁmm AINWTAUNUTNINNANY

A Y
Uanantinasy

[

= 1 Y o 9 < o o 1 Y Y =
fﬂ\?ﬂﬁ’]'lllﬂﬁ'] ﬂ'lﬁ@53WUﬂﬁﬂgﬁ’lﬁULﬂui']ﬂi']uﬁ']ﬂﬂJu@@ﬂ'JWNﬂ']j UT %

2

Lo

Y
v U (3 9 3

"
o a3 Aa A Yo o o < dﬂl ) A o
AITUAUITVNIBINTIUAD HAZUUHINNTTITUNITIINAIAUYBIAILD Lﬂuwuﬁ’]u/ﬁ’]ﬂﬂlﬂﬂ$ﬂ1
<

g

Re

9 a @ ya A o A a 9 1 v g‘/
Tdyanaau Taduedniuns jaameidanune Usziiuaueldodradanu nigauiuaz
' Y Y Y @ o Sldda! Y 1
9A00U A5 NAVYARIUUIN AIUAY VoAMANEUEANDI 1AL naasau ldod1amuzay
3 o ¥ a < ' a ' o o a <
RAUANEN TN NINNATUNTUTAIANUAATY N1TTIVAINTIVATE] WAUIANDI 1T UIAL
Usvgaeeu sgalinami doa1s adudunusnindrennuilanuainmsheensuluaim
] 1 [ v A 1 [} 1 0 Y 1 1 da!
uanaveuaazyana U5uaa Bavgulnunaazaniumsal ldedaweunaeuniu
J o L ll Aa H
mMsszgnaly DISC dwnsoii liszgnaldodenarnvatelugnianssuid
AanunetoInuynnalFegine e lFdudsumsnauynaIng usMIInineInsyanalu

J a @ J
DNANT LASTHITINN 'EJ'I%W Wﬁfﬂﬁﬂ5$Llluﬁ'13J'liflﬁ%ﬁ’@uﬂﬂ!ﬁﬂymglﬂWWZﬂJfNuﬂﬂa ﬁllﬁﬁﬂ'lﬁ



13

A a o o d % J v A a A @
ﬁemiﬂgﬁuwuﬂumm ﬁl‘lﬁaﬂTiﬂﬂﬁuﬁlfﬂ uazm%tyﬂtym unumnatalumsugaioon

' Y
uamauau@meﬁmwumﬁ’au AITUDURA LL@%LLﬁQﬂiZéju@Qi% 15@81\1%@@1&8\1%1&5{1}@%@

U

=

o [ ¥ I~ @ 1 {0 o a @ 4 A
Tumgmaiiiuaisendiaglunmsuinisiamsynains uaznuauluenns ivia

a a A 1 A { 1 14 1
ANuaINIso hadszaniawuazyaaniulwilonn afeanulaaauliosnnsyeg

Q

o o Y o A
anudauTe ldedradagu

2.3 winfanazngunenunamstianuveanina
HAMIUYUANUUBINITNGIU (Job Performance) 1809 MINWITNNULADZ 1Y
o 9 A Yo v 9 a ° ¥
awnsoiaulunihing auldSusevumeldussqihvue awitemssiualilaeld

v A

Y o Y I v Ao & a v o a oA ] o '
Jadansminunalsg auudidia salvandiagae 15l inauedaniin uazed
9 )= A o = o < a oA @ a A o Y
molangizibovveIuism FawadusalunsUfuanuernunnniauna 15en13503v09

] 9 A Aa oA @ v @ = I
Waninaunlaemslguanuveantinauludinavonued Fauaaiosnu i uasuuuns
a a 0o < a oA o { A o o Y o
wnsandszdiuwadusalumsUfinaudsedidl awnusanldtimua 13 1ddmauien

a I @ o s A o & o a ua
UszilunansUfidnuvesminauawraninusinussmiudiimue nanislfiaves
wiinauamsagsonnsandaauldanminauljiaaulddaiedls Tasiwalal
Feuieunuunasgiui ldmnua Buaz deas Idwiinaunsudamanislssidudinan
(Mathis & Jackson, 2000)

1 Y a oA o = a oA
nanlasazil1ai manmsdfiaaueesminau vueds wanisilfiaauves
@ = ] = 1 a o YA A = 4 a 9

wiinauaurildlugenamilnaunsalfiaaulaaiisala Taslinausinisdszdu lug
A199) A0 U ANTHAVDINU AUMNINUDINU ANUAWTONSINVIU ANUE1T0 Tuns 19

@ o v v

4 A A A A A v A '
Qﬂﬂimllaglﬂiﬂﬂuﬂ ﬂﬂ‘l&lgcluﬂ'liﬁ@ﬁ'li ﬂ')’liJL“]f’f]ﬂf]Ul'ﬁlcli]Ulﬂ ANUAUNUT NUINDOUIINITU

o J

ANUTUNUTNU

v o 4 J

WUy MsdPuaniung ssey ANNAATITUAIINEITA AN

£2€

[ @ (% o 1 X I : o
TUNAYDU ﬂ'liﬂi“lJ@]'J NITAIUANDITUU LIAZAITUAITIADLIAN ﬁﬁlﬂuﬂiZU’JUﬂTﬂﬁﬂjﬂ‘U

NOANIIY

y v e’dl '

v A Yo a oa o Aa a [ a Ao 14
natnasinlFanamsdfianuvesminaunimsiosannluwanaainm 1
AUANUANAT LAZANUANTOAINYAAAVEIRUTHIS Ao Awiilszanmalumsdfiiaau
(Effectiveness) Ysz@nTainlunisdaifaiu (Efficiency) tagwganssulunisiiaiu

J o o 1 Y J a < T
(Behavior) #1804 09dnsdesansniii s ldunniguasiu esdnsdesdnlaGaning



14

"o Y Aoy Ya Y ¥ o q ¥ Y A Y]
sty mydananuiin lameunudhvine sanansoasildaihwineinneg3fuaas
MY wamsRIanuveINInaIY

2.3.1 Uszandwalumsififnau
Aa A I v o w A I A v Aa e Y 1 a
Yszansua udatedriagnazitluniesdadulavugamnenmsuing uag
J ) Y ~ 13w A 9 =~ ' o v a
panmslszauanudizannieaiiola uandaianuanuEn lanuana i uYe1in %113
1 QU dal
Tunaagz e aall
Gibson uazAmy (1988) & lnAunusvesdszd@nina 1011391 nureda ms
o A d‘d 1 Yo [ 1 Y a 4%‘
nizihlag wieanuneiswlen allnujanines: 1dsunass lsdnedaldinatu uazms
o = a a =) dﬂg |9 1 d‘ Yo gj/ Y a =Y
nsziivzlidszdninaguiisslaruegnuimwai ldsuiuase asuaau ludalsnuues
Y v 9 =
AN tazldnasnuuniioaiisdla

a A o o 3
Robbins tag Coulter (1999) Uszanswa Wll’]f]ﬁ\i ﬂ’lﬁﬂ']\i']uﬂlﬁ}l]ﬁgﬁﬂﬂj'lllﬁuﬁﬁ]

[

3 [ a oA J o { o
ludinisvans Aemsdfianuussgihuuisvesesdans dseneudenuansuzidinn

g

e

a A J a o o a3 1 I [
152 ansHav0909ANS gf@\‘l')iﬂﬁ']gﬁ@@ulﬂﬁ\iﬂﬂ'mﬁTLSﬁ]ﬂJ@QL‘i’jWﬁMWS’N Lﬂut‘ﬂTﬁiﬂfﬁgﬂSﬁu
A 3 Y A Ya A g ~ Y A P}
NIBITYSYN L!a%iﬂulﬂ']ﬁll"lﬂ‘ﬂLLVI‘DﬁQWif]L‘]J“LJLWENHJ'WillTEJV]Nﬂ?iﬂﬁguq'ﬂﬁﬂﬂﬂaﬂﬁlu@ﬂ
9| ! A o o v Y < ' Jd =
nawudhruneane dnmue tazihussgran lauu ldamiluvesngurailse Teainguladn
£y ' <3| YA 9 ) ' o A Y ¥ o
A8 LYY Lﬂuﬂlﬁ]ﬁ@ﬂ@ﬂu ‘W‘L!ﬂ\‘lTL!P»hEJ%ﬂﬂ'li HIgnUuUgna Llﬁ$‘]4ﬂﬂaﬂ'lEJHEJﬂi’JlWNﬁ\?ﬂiJIﬂfJ

AIUTIY

@ 14 a oA

25N NN (2550) na19 Yszaniea vutede msdfiaauliussg

4
A A v

4 o A o 7
agilszasansodhvunenas i nieanuamisalumsduiumsliussgiagiszaednaig

1A v o

o w a a J a { [ @ I
ul,'?]}ﬂﬂﬁWﬂm%ﬂQﬂﬁ%ﬁﬂﬁNﬁ@gﬂﬂﬂ?M NWH‘E?%W'J'NNQWa@]ﬁQﬂﬂ'lﬂﬂ')\?@]'lh’)@]i}ﬂi$ﬁ\?ﬂﬁ'ﬂﬂ

a

vlw a AaX
AUASHANAANVIINUUN

@ 4

' : a8 a = o & A g

pUUI WAz (2558) a1 UszAnsua nuedawaduiovesaiu miuly

' o Ao o 4 1
auanuganiandmua i ludagilseasd wiodhwine 1dun

Y a =Y o a o a 9 A

1 dhvedalsuw sedvuasiialszian vazdiuiuvesnananganien
9 Yo A oA g £
ADIN3 1A5Y WemsdutiuaaIdua

1 9
2. L%'Jmmamqmmw ilzuﬁmﬁaﬂmmﬁumwawamﬁ"lﬁ’sumﬂmsﬁuummum
Y A

Qy a A o a 1 9 d' g’/ Y A 1 d'
Qluu‘lfﬁlﬂﬁuﬁﬂ%@\iﬂi]ﬂiill‘ﬁi@ﬂ”liﬂ”lmuﬂ"lu’N]lﬂNﬁﬁ"liﬂ/]@'l\‘i]l?ﬁiﬂllu tasn

Q q

3.

v 9 (J o o

9 - S
TAYADIUAITIANTALIU



15

= a a J a dy [ o a A v A
FIU5ZANTHAVDIDIANT LNATVUNIVINANNTUWNUTVOIUTEANTHA 3 52AL 7D

[

o 1 @ 4 a A
JLAVYAAD T2AUNGN HAYIZAUDIANT TasdseANTWavodyana (Individual Effectiveness)
<3| 5 < A oa Y A o A a 4 a a
AuwadusolumsUuaanumuminnauvesninnurseansnluesdns scansnavos
1 < ] o a 1 3’,
N9 (Group Effectiveness) IJUNATINVDINTFINHAOAUUAYUVOIAUTFN IUNGUNIHNA
§ a a 1 < 1 ] o 1
Tagiilsz@ansnaveanguiluuinnnasInyoIMssIsmaoaiuayuvedtdazyana i
1 a3 [ { v W
Uszinnszvvaioniu uaiulugiveandisan (Synergy) MaaIdain1ssINAINUYBINIG

(2 a J

saiesmlagiemasnuvesyanailanyuzINUNI MITINAINUTTINAT LazsednTna
J . . . J 3 Y 1 a a
YIONANT (Organizational Effectiveness) ﬂﬂﬂﬂiuuﬂizﬂaﬂqﬂﬂjﬂuﬂﬂa Haznqu seansna
4 = Y a A 1 a a 4 Yo
Y9903ANT99152NOUAI81 Tz ANTNAvEIYANA HazngN TaolssEnTnavesoanns 1A
v 0 R A o Y s = a A @ J
HANIENVYBINGIIIN (Synergistic Effects) N1 1noaanslilszansnaluszduganiinasoy

Yy 9
U 1 1Y [ v J ' a A o o 1 o
INTIUANIC TITUAT T]Qﬁ ﬂ’J13Jﬁ3JWU‘ﬁ5$W'JN‘]J5$ﬁ“ﬂ‘ﬁNaigﬂﬂuﬂﬂa IeAUNQU HazgIeall

=

4 Y I 1 a A 1 ds! [V a A
93Ans naadlmiunlszaninaveanguazinognulsz@ninavesynna Tuvazh
= = o dﬂg (Y] Aa a 1 [ @ 4 gJ/ [ g =
Y52 ANTHAVDI0IANTYUBYN Vs ANTHNavOIYARALAZ NN ANNTUNUTNT 3 SzADUaE]
W&952 (Synergistic Effects) #9711 1915z @nnavosnguilinnnimasinvestlsz@ninaves
1JAfNa (Gibson et al., 1997)
Y a d‘ v [ a A a oA 1
Steers (1977) lAi@usuuaAamernumstadszansnalumsidfianunaunss
[ I [ a a @ 1 A @ ] R 4
uiieeonlatlu 2 Usznn fs madtalszanima Taelddi1smae) azlddr1srnmuz ey
d' = % = U a =) a wAa 1 a
Ngaeaauaerlunisdalseanina Tunisduiaau wu anwaivisoluniswaa
o a I~ ] a A @ 1 g
anudusalunisne agmsussgdhmune Wludu uazmsialszdninalasldarusdnaie
v 3 o A Yo a [] 9 9 o [ dy P ]
autumsian ldsunsieusg1aningwing Tasazldarsraledd mwuzaulunisia
Usz@nTua a9 Hoy uag Miskle (1991) latauenisindsz@nsrnaninviinnvan 4 dszms
[ dy [ % = [ @ Y 9 v A 9
aatl Uszmsusn mMsdsuad vivens msdsuarlviasandeanuaaIndaeuNeusn Ilagnis
[ A o A 9 J o (] 2 W ] dald' Y o a
UsSuasumsaniunuliaeudusinedmMnnisal il 3990957 1930 919 ANNE 10150
lumsdSunlasu wianssy anuwiadnTIa uazmsiau dszmstaesmsussaihu e
= o [ 4 [ Y o 1 d‘ Y o a
U809 MIMruATaglszasd MIdant uazmslgnineinsaes melinisauiuau
(% S 9 = (3 v dy @ a [ Q"J Y]
V359 ianUszasanae’d Fed21ue¥ e 010 wadugniAUNIN MITUANHINTNOINT LAY
Aa a ] [ v 7 a
UszAnsnm Uszmsaeuimsysanms vuede mslszeanuanuduiusvosdunsnaelu
4 A [ Y I % R o A 9 Aa oA L4 K o [ dy Y]
99An3 M INa Il usuniegwReInulumsl§inauvessdns $adauawsia

911 Awnele UTTEINIA MsARRR TS wazANNAALEY tazlszmIgatienIsAIaNIN



16
o T Aa o I 1 A 4 . % ] yw
ANVAVYTAVOITZVUMNEY HUIDI NITAITITABITZUVAIHINYDIDIANT FIAIUITIA
a v A o aa [ 4
911 ANUANA gudnannuaulaluayia usagals uazonanval
2.3.2 Usgansmwlumsififnam
a a o @ J 1 2 { o [ { 1%
Usz@nTan (Efficiency) Ao Anuduiusseraedanyiut (nput) fumai lasy
1 = o oA @ v 1 o A o Y o a Ayy 9
(Output) NA1DANENIT AD ANUFUWUTTEHININTNeInsNd N UHanani ldeonul 81
A A o 9 ' Yy A ) A A ¥ A A an
nanaaihoonu lauinnminens au Ju Taaaaved 1n3ed llnTedion1se uazisms
a ~ o 9 1 4 Y A Aa A o tg k)

Han) M veaNuNenns lmnulseaninmnszuiums lumshiauaunds woelu
1 a Lﬂl Yo = (% a d' Yo Y o d'al A %
wayuwanaan 1a50) Tuvazi@ernumnwandai lasueenu ldninensidesnsolszvda

= A o A 4 ) A o Y = Y
N ¥ IMaeg Idgnasunuizauieiinsminuauiane lavesgniidon
= o a o P dy % A 1 Y I a o P
Hu1e03 qumnludinaadunnilon1a5os1M30U0NABYBIGNAI1I 1T UHNAAN NN
9 Y a A A o Y o < ' o =<
AuMN wisuAwlszansma e mymanulnlscaumaduialuuinisdans nueds n1s
s o o 2 { o . .
vssgihminevesesanstiufen1sviignAon1udaina3i1 (Robbins & Coulter, 1999) &3
¢ Y Jd J a A 1o R KR 9 A
1195 sussgilmueyesesanslundyuaeslsz@ninaoia ludiadsdununso
@ A 9 1 A Y ~ Y a A A A (% v Aad
nnensn e lhezmnansedoadiosla lunmsunailse@nsnmngineanunuisns
dauilszaninarzeriunuyayanuerseithmne
A P~

o 1 a a 1 o w [ a A @ § Y
%ﬂlﬁ]u’)'lﬂi&ﬁ‘ﬂ'ﬁﬂ'lW’L;NEJ’E]iJ‘JJﬁ'JHT]ﬁ'lﬂﬂJﬂ“U“]JﬁZﬁ‘ﬂﬁNaﬁj\? ﬂ'l‘iﬂﬂﬂ'liﬁﬂ%\?@]ﬁ]ﬂ

=K =X =

o a d' 9 a a a a A = a a 1
ﬂTL!\fIiN’Haﬂ‘V]’NﬂWi“]J‘iWTi‘V]lliﬂigﬁ‘ﬂﬁﬂ1‘WLm$ﬂi$’ﬁ‘ﬂ‘ﬁNﬁ WseNlszansnauavia
Aa A 2 A a da! Y Y a ' v LY [ '
“]JiZ’(?f‘ﬂ‘ﬁﬂ1W Gmﬂamﬁmmm”l@@aamammﬂ IZJJ‘UTVﬂiUlllﬁ‘i$Wuﬂl!a$ﬂﬂ‘(’l‘i$ﬂﬂi$ﬁﬁﬂﬂ1ﬂ
~ o e I 9 A A Y a 9 = o v d A
INYIND Wﬁﬂﬂﬁuﬂ’ﬂhlﬂ‘L!ﬂl’f]m@uﬁli]ﬂ@‘]Ji“ri'li@]f]\iWQﬂ’E)EligiJﬂi%'NLTJ‘HE]EJNEN
. Y o a Y [ @
Harrington Emerson (1982) hlﬂ‘L!1Lﬁu’f)l,l,u’JﬂﬂIﬂﬁlfﬂ‘iluuﬂ1ii]ﬂﬁi’§‘1/]‘i‘1/\liﬂﬂil,m$
@ J [ a @ a 4 o w {
Gllﬁ]@ﬂ’JHJ’s;fﬂJul‘]Jﬁ1 T@EIﬂ1iEJ@3JT]Jﬂ1§“U‘§WWi%@ﬂ1iLL°U°U’J‘VI81ﬁ1ﬁ@illﬁ$1ﬁﬂ’ﬂﬂﬁ1ﬂmuﬁ
Y 9 4 ° 1 A o Y o < v
Iﬂ‘i\‘]’(ffiNLL@WL‘]h‘HiﬂEJGUfN@Qﬂﬂi INNITNTHUAYANIHNIINFALIU Glﬁlfﬂaﬂl,ﬁﬁ]waﬂ?]hlﬂ Gl,‘ﬂ
o Aa Aa a9 A A A Y < o 9 [l = Y
FULUSUINA WIUY gATITY mauﬂam%aﬂa"lmﬂuﬂmuu gneedtiasiuuou llﬂ’NiJﬂ’UUl’J

YBINITIATI NN @91} UIATTTULASAIT LA ‘%Jﬂ‘lel1ﬁ'f‘l1WLL’J@]§€J§J1’%§?IJ’HWM1@5§1H

Uiamsifiviasgiu IsdensUfiaauniimaigiuszy 3 uazisnnisinseiand
Uszansam
w a wAa U
2.3.3 msYanamsifinauvesniinau
o < Aa oA Y] Aa v chl/ dy = Aa oA
padusa lunsdfiacuminaulunmsiseaseiivuens kamsiUfinauves

@ 1 ] é J a oA Iy A g’/ o
W‘Hﬂ\i11!!,1,61’(3$ﬂuﬁlu‘B’NL’m1‘??‘1!\‘1’31?(1“13ﬂﬂj‘]ﬂﬁﬂul’lﬂﬂw\lﬂ\ﬂﬂ mummmmmqmiu



17

3 Y

v o o P { A& o o
wihnnau ldsvuevnuielddiSauiaglseass vazithuuenusindivuald Tagly

Y
v A o

1Y o < a o g 2 a oA o
Tademssiiaunaisn Auiudisia msiseaseilyuduramsUfiaauvesningu 3
Y A Y Y Y a Y a o
AU AB ALBDAYIE UM THUTNMT HAZATUNGANTIUMTTINY

INNITNUNIUITIUNTTVNEINUMTIANANITYJUANIUYDINTAIIUNUI

aAav Aa v A [ @ a oA o [ 1 aw
NUIBFTZINUNGINUMTTANaNITU AN UYRINTANUNHANINTIIA 15U N1UITY
W04 Ahire et al.,(1996), 114298409 Murray, Snider tiag Midkiff (1999) tag 11498999 Goris

et al. (2003) Fludu

2.4 NIPNUYAINMNNTINADM 3NN
nd iy a1 (2557) TavhinsAnyIgnE navesguanyUIZYATNAIN AZADIN

ameladfidensdsuar lumsdinuvesdiingaatatusialud naznulaudnyus

AaAa A 1 = (% % o v a d’d
nnmdansnanieassneanunane lalununaznmsdsuairlumsiau Taeiunani

L))}

fl

o2 =)

yaannmuuvlsziidszuen yaanammuuuudaad yaanniwuuuiyTudiiin uag
a a [ J = =< =2
yaannmuuulaiulszavmsal azianuiane lamelunuuazaesuenaiu soudams
Ysumlidinuau anmumeden tagieuiman laaniuuuou
1 @ 1 4
Kim Yun-Young Hagamiz (2012) Wi anuiane lalua anugniuaesdng

a A o = @ J Aa 1 % @ 1 [ 1
uazﬂizﬁwﬁmwiumimﬁm HANAUNUTIBIUINADNU UAZYINUINNQN Dominance fl

)

azuuumsdsziuaueandlszansainlunisiiau danuninmelunisiiau wazl

i l
a o A o =3

ANUGUeYADIUTENNIINY Ngeandazuuuiingy Steadiness  1sziluauiotadiall

v [ aa

gaIAYN DA



18

2.5 FEmsdwundeyanvuviaanva (Multi-label Classification)
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2.6 M3uundszan (Classification)
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M3199 4.1 91519158018 VA1 Hamming Loss voamnadon luuaazgiuuy

Algorithm HL minaaedl HL mM1inaand2 HL mMinaand3
BR+LR 0.446 0.446 0.419
BR+KNN 0.448 0.427 0.422
BR+NB 0.448 0.447 0.423
BR+SVM 0.418 0.437 0.407
BR+RF 0.464 0.442 0.421
BR+DT 0.444 0.446 0.419
CC+LR 0.441 0.442 0.435
CC+KNN 0.44 0.437 0.442
CC+NB 0.446 0.442 0.435
CC+SVM 0.433 0.44 0.41
CC+RF 0.431 0.442 0.433
CC+DT 0.448 0.441 0.435
LP+LR 0.432 0.438 0.401
LP+KNN 0.458 0.437 0.576
LP+NB 0.451 0.422 0.422
LP+SVM 0.422 0.428 0.406
LP+RF 0.453 0.432 0.407
LP+DT 0.422 0.431 0.401

H Y
INAITNWNN 4.1 WUN Iﬂ‘c’lﬂ1Wﬁ’JiJLlﬁj’J ﬂ?isl%}’zl‘ﬁﬂ1illﬁﬁﬂﬂﬂﬂﬁhﬂﬂﬂ15ﬂﬂlaflﬂ

AMANYULUVUTINAUANE UL (MINAADY 3) VAT Hamming Loss NANIT (H1NI1) MINAand
v Y
HUVUEAIIEOANBTNY MIBMINAanIn lFuaannui e 1R
Y
UBNAUFINDIN IFTMITWUALVVNAANVALVY Label Powerset 1083 IULUAD

(11013170 LP+KNN) §iA1 Hamming  Loss 191031350159 UL UUHa18a U2 350U

Tasimwiz LP+DT 71A1 Hamming Loss Ne1NgAN 0.401
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M3197 4.2 M319f5euNeua Accuracy veamsnadenluuaazgiuny

Algorithm Accuracy NiNAA0I1 Accuracy N1IiNANDI2 Accuracy N1INANDI3
BR+LR

' 0.155 0.196
BR+KNN 0.205 0.201

BR+NB 0.155

BR+SVM 0.171

0.16

BR+RF

BR+DT

CC+LR

CC+KNN

CC+NB

CC+SVM

CC+RF

CC+DT

LP+LR

LP+KNN

LP+NB

LP+SVM

LP+RF

LP+DT




0.

0.

0.

6

4

)

36

v Y
NAITNN 4.2 WUN ﬂ'lﬁsl‘lgf)fj%ﬂ"l’iI,Lff@ﬂﬂﬂWﬁMﬂUﬂ?iﬂﬂlaﬂﬂﬂmaﬂBmgLL‘IJ‘U'D"J‘N

[

AUANHUZ (MTNAA0I 3) UA1 Accuracy NANI (F9071) NTNARDIULLYNTIWOANDI N

i
A =

v
Wsominaaosn Isudaanaiissedufe Taslinigannlugnmssuuniuunaleanuanas

o =] Y I Y v
NNoaANvINy fJﬂL'Juﬂ’]ﬁﬂﬁgfalﬂ@GlcﬁﬂU KNN itag BR+SVM

e

9 v H 9
UONVINUIINYI A1 Accuracy NGINGASUAVALS 21NNITNAABINHNAIZ |

D.

INITMINUUANVVHAIBAUUALDL Label Powerset 1A8 LP+DT 911 Accuracy Ngangai

0.31

F1 Score

A Zaa et

BR+LR
BR-+KNN
BR+NB
BR+SVM
BR+RF
BR+DT
CC+LR
CC+KNN
CC+NB
CC+SVM
CC+HRF
CC+DT
LP+LR
LP+KNN
LP+NB
LP+SVM
LP+RF
LP+DT
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M3199 4.3 1319f5euMeun F1 Score voamsnagou luusazgiluu

Algorithm FI mMinaaodl F1 Minaand2 F1 mMinaaod3

BR+LR 0.398 0.398 0.398
BR+KNN 0.301 0.16 0.339
BR+NB 0.443 0.399 0.389
BR+SVM 0.167 0.339 0.363
BR+RF 0.315 0.393 0.392
BR+DT 0313 0.398 0.398
CC+LR 0.364 0.356 0.355
CC+KNN 0.287 0.349 0.427
CC+NB 0.424 0.362 0.355
CC+SVM 0.01 0.35 0.236
CC+HRF 0.302 0.359 0.329
CC+DT 0.255 0.364 0.355
LP+LR 0.415 0.267 0.265
LP+KNN 0.353 0.197 0.567
LP+NB 0.468 0.014 0

LP+SVM 0 0.389 0.338
LP+RF 0.37 0.415 0.334
LP+DT 0 0.464 0.249

AT 4.3 unmsuazuuulugasnInaasdazAsUI1INANURUNIU

V¥94A1 F1 Score 1INMITILUNLUURaeanUaonlasusanasny uaz luininaaoinso

s 1
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nMIstwunuUHaIganUala NBULAIBUNNATI LAILIHNI 3 SuALLINATA1 F1 Score g
ngaeglumanaaosi ldmasuunuuraIsanUauY Label Powerset

] Y
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AUANHUSLVUTINAVUANYUL (N5NAADI 3) NATF1 Score g7 0.567 AMUIAIY LP+NB
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Precision
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— Precision A115NAADI1 e Precision. 113 MAD02 Precision N13NADDI3
d‘ = ! 1
MNN 4.4 ﬂTWL‘IEEJ‘UL“VlEJ“]JﬂW Precision sumfnﬁmﬁ@u‘lmmaggﬂuuu
M ~ ' !
A1319N 4.4 GﬂiN!,‘]_r!iEJ‘]Jm UM Precision maam‘smaaﬂmmazgﬂuuu
Precision Precision Precision
Algorithm
MInaandl MINAADI2 MINAADI3
BR+LR 0.462 0.462 0.505
BR+KNN 0.439 0.469 0.5
BR+NB 0.466 0.46 0.497
BR+SVM 0.522 0.468 0.533
BR+RF 0.417 0.467 0.502
BR+DT 0.449 0.462 0.505
CC+LR 0.464 0.461 0.474
CC+KNN 0.453 0.47 0.47
CC+NB 0.465 0.462 0.474
CC+SVM 0.85‘ 0.464 0.55
CC+RF 0.476 0.461 0.473
CC+DT 0.426 0.464 0.474
LP+LR 0.483 0.453 0.582
LP+KNN 0.437 0.436 0.415
LP+NB 0.465 0.467 0
LP+SVM 0 0.488 0.54
LP+RF 0.447 0.483 0.537
LP+DT 0 0.487 0.59
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M990 4.5 A1510L5801NeUA1 Recall ﬂlE]Qﬂ'liVIﬂﬁ’E]‘]JiHlLG]EI%ETJLLUU

Algorithm Recall MIinaasdl Recall MINAaDI2 Recall MINAanI3

BR+LR 0.349 0.349 0.328
BR+KNN 0.229 0.096 0.256
BR+NB 0.422 0.353 0.32
BR+SVM 0.099 0.266 0.275
BR+RF 0.253 0.339 0.322
BR+DT 0.241 0.349 0.328
CC+LR 0.299 0.29 0.283
CC+KNN 0.21 0.277 0.391
CC+NB 0.39 0.297 0.283
CC+SVM 0.005 0.28 0.151
CC+RF 0.221 0.294 0.252
CC+DT 0.182 0.299 0.283
LP+LR 0.364 0.189 0.172
LP+KNN 0.296 0.128 0.893
LP+NB 0.471 0.007 0

LP+SVM 0 0.323 0.246
LP+RF 0.316 0.364 0.243
LP+DT 0 0.442 0.158

uﬁ”hmﬁmumuu CC+SVM iﬂﬂfﬂi‘ﬂﬂaﬂﬂllﬂﬂllﬂﬂi?ﬂgﬁiﬂﬂ%ﬁl} (MINAADI

a1 A 1 ° i g ' ' {
1) 32UA1 Precision WQQﬂ'J']ﬂ']iﬂ']LLUﬂ U,aé'ﬁﬂ'ﬁﬂﬂa@\ulﬂﬂaulﬂuaﬂ'mll']ﬂ L!Gﬁ]']ﬂ@ni'l\‘lﬁ 4.5

v H
WU A1 Recall Y83 CCHSVM UDIN1TNANDY | uummﬁf@amm 2N 0.005

] Y
TadionFoumeouludiuuodal Recall HUWLUI LPHKNN 910015 1995 n15iaa
9

v H H
ﬂﬂ\?NﬁiJﬂ“]Jﬂﬁﬂmﬁﬁ]ﬂﬂmﬁﬂHmZLlﬂﬂiﬂhﬂmﬁﬂ‘]ﬂmg (MINAAaDY 3) UUUAT Recall NPINGA

[
=

g 0.893
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ABSTRACT

The ohjective of this sady was o ssomate job parformance
prediction based on INSC personality sest. We transformed this
protdem %o Multi-Label Classification  (MLC) by using
employver's job performances as labeks. In this sudy, three widely
weed MLC techmiques hawe been emploved sosch as Binary
Relevance (BR), Label Powerset (LF) and Classifier Chains (CC)
for prediciion of job performmnces. However, these taditiomal
techniques dide't show promising resultz. Therefore, we proposed
another approach by building smcking MLC with mede] selection.
The proposed mecthod has three sieps: (1) bulbding MLC model;
{2) usimg process from the first step and applying with a siscking
mosdel and (3} utilizing festure selection techmigue o select the
proper models for final prediction. Using the surveys from a hig
fimancid company im Thailand, we found tha the last p
approach shows better performance, eompared in the traditicsal
MLC.

CCS Concepts

Amfermatien  svstems = [Data  masspement sy siems=
Daisbase design amd models —+ Dain medel  exiensions
omputing methodobegies = Modellng amd simulation =
Simulstben tvpes and techmigees — Massively parallel and
hlgh=per fermance s mailathoes
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The relaticeship hetween personzlity and job performance has
Been studied in many  mdustrizlorgamizmtional | psychology
research, the result of mamy research found the persomality is ane
of the most impona factors that affects to the employes's job
perfamuance [1]. Job performance generally relates to the positive
things that people do o succesd =1 work, mcluding sk
perfomuance,  disorationary  bebaviors,  fulre-foossed  and
improvement behavicrs [2].

Howeever, not every personality is suited for every job position, so
i’s imporiant s recognize personality traits and 1o pair employees
with the job that fit their persomalities the best. This can lead
imcreased productivity and job satisfiction, belping business
function to be moce efficient.

To put the right man on the right job, undersisnding personality
which suited for job position is crucial.

Previces research and sbedy bowards personality and job
performance  were comdecied with omly  single-label  af

performmance, but in fact, each emploves can perform various
performance at the same time. Single-lzbel study cannat apply 1o

complicated problem [1].

The classification of personality comsisis of comparning 8 user's
personality apasirea the :mndzn?permmliy tesis mken. NSC is
aome off the most popular and siandardized personality tesa, it shows
that the baman psychology end perscraliny of nomeal pecple can
B identified and observed and divides it inte four emegonies.
These four foctors are Dominance, Influsce, Sieadiness and
Compliance [4].

Sectiom 2 is about the relsied works to conduct this sbady. Section
3 talks ahout the proposed method i dhis sudy. Section 4
descrines the process flow. Section § and 6 walls shom the resuls
and comclesions drawn from this sbedy

1. RELATED WiIRKS

Kim Yun-¥Yong et. al. stadied about the effects of DISC behavior
style of office workers on job mtsfaction, organizatioral
commitment and job perfoomance. The sudy compared the
difference Imwu-n group of [MSC type and found that

mn wiha has E,:d.h;- ;erﬁrm.ru:e :{ﬂm“_pe::b‘[i.
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Fariba Tabasum &. al. had investigated the relatiorship betwesn
salesmaan's personality tmits on sales performance far FMCG.
Thits study shown the positive and significant relationship between
salesmaan persomality and corsamer perception and sales. The
result shows that castomer percepion and =mles of specific
product or service con be enbanced with the atmetive personality
of salesmen [6].

Joy Eberechukwu Agodi, Emmanuel Omyvedikacki Alaiwe and
Aniekmn Evo Awah foend a gly positive relationship berween
persanality traits and sales perfi . Successfal sal can
e disseribed as being empathetic, assentive and ambitos [ 7]

Aniska Yata & gl studied showt personzlity prediction of the
weers by implementing nealti-label classifiers on texmual data
which are the views and opinions of the wsers posted by them on
the social networking [5].

Gauthier Doquire and Michel Verleysen proposed the wse of
mrtuzl  imformeation:  for  femiure  selectom  im maulti-label
classification. The resalis show dhe imerest of the approach which
allows ane wo sharply redece the dimension of the problem ond 1o
enharce the perfomance of dassifiers [9).

In this study, we combined techniques between Muli-Label
Classification, Smeking and Fenture Selection to gain a better
result.

2.1 Multi-Label Classification
Multi-label Classification is the msk of a<igning data poinis ina
set of clesses or categories which are not mutually exclesive,
which meass dhat a point can belong simalianeously o different
classes.
Multi-labdl classification neethods can be hroadly calegonzed ini
mwo different groups:

i) Prablem Transformation methods

it} Algarithm Adzagpaation methods
The first groap contains methods that are zlgorithm independent
appeoach, since its functioning does not depend directly oo the
classification method wsed. This method transforms the ongemal
mulilabel clessificaiion problens inbo one or more single label
classification, regressiom or ranking tasks.

The second group conizins methods that exiend specific lesming,
algorithms o develop new algorithms in coder so handle mult-
label problems direcily.

This paper aims a0 sobving nwlii-lshel  classfiestion by
implementing Problem Trassformation method. The mahi-label
classifiers proposed 10 use in this soedy are Binary Relovance
{BR), Label Powerset (LF) and Classifier Chams{CC) which are
all Problem Transfoamation Methods.

The first two approaches were selevied because they are the mast
hasic approaches for multi-abel classification tsis. BR considers
the prediction of each label 2= an imdependent binary classification
tzsk and then constructing & hinary trmining set for ench particular
lzbe|, while LF considers ench unique sei of labels thai exists moa
mlti-label mmining sei & one of the lsbels of a new single-lahel

classification task. For CC, it tansfomes the problem inio a
hierarchical chain of bimary classification where each
ome is bailt upon the: previces prediction [10 [11] [12].

11 STACKING

Stacking is an ensemble leanuing techmique in which a mamber of
base ifiers are combmed wsing one meta-classifier which
learms @i ouiputs. The individual classification models are
wmained based on the complete waining se4. Then, insiead of using
e original input stiributes, Stacking wses the classifications
predicied by the base-classifiers os the input atiributes.

The mesta-classifier that has been produced combines the different
predictions into a final prediction. [13][14].

13 FEATURE SELECTION

Many classification problems rely on 2 large set of femtures,
feabare  selection methods cen  effectively  rodece  daia
dimezsionzlity by removing imelevant and redendant Features
which can be used 1o get rid of this problem. There are 3 tpes of
feabare selection methods which are fiher, wrapper, and embedded
methods [15].

Filter methods is the simplest and most scalable of the methods,
this method mnk the features based on relevance messure and
select the highest k mnked feabares scconding o that measure.

Wrapper method I all possible combinations of the
feavares and selects the combimation that vields the best result for
a specific machine leaming algocithm.

Embedded methods wsing specific algorithms which incorporate
feavare selection as pan of the iraiming process, this method has
the best ahility to discriminaie among classes.

In this st we applied Backward Elimination which is the
WIEpPEr of feabare selection bo s=lect relevance atiributes.

3. PROPOSED METHOD
We proposed a method of combining of MLC, Seecking and
Feature Selecion. 3 siegs were creaied as following;;

Step 1D building MLC model by applying each algorithn: with
MLC 1o the iraming set.

Beopsse of each employes can perfonm vanious. perfonmance, s,
MLC would be applied in e machine leaming process. Figare |
demonstraies the structare of Stepl. In this stepc BR, LP and CC
were run using & chssification madels (Logistic regression, KNM,
Maive Bayes, SWVM, Randoms Forest and Decision Tree) as the
base classifier. We used a spilt test validation {rein T0%, test
2%} an the training s Finally, we would gt the resalt of each
base classifier in each MLC algonthm.
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Figure 1, Building MLC madel
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Siep X psimg process from the first siep and applyving with a
sincking model.

Manak Chand et al. {2016) measured and compared performance
of 8% and iis sacking with 9 other mackine lenming algorithms,
and found tha Swmcking of S5WM was peoviding a  better
performance [16].

Wazhia COwar o al {2003) made 2 comparative stady camed out on
ther effectivensess of imdividual supervised classifiers and ersemble
methods for Subjectivity and Sentment Amalysis of Arbic
Cusicmers’ Reviews. The mesulis showed that ensemble of
classification with meiz leamer emsemble techmique
performed robusily beiter than all the other individual classifier
.

In this sudy, we applied Stacking model with the previous step.
As we disoessed in the reviews above, Stacking combmes
muliple classifiers genemied by differeni machme leaming
algorithms. S0, in this siep, we ussd the top three performance
algerithms to be hase-clissifiers {classification models) and each
base classifier will predict the resub from trmining set, then
cremted & new dma by tramsformed ench hase classifier resalt o e
attribases of new dara. & elassification models (Logistic regression,
KMM, Natve Bayes, 8¥M, Random Forest and Decision Tree)
wene selecied for metesclassifier, and we ased it 1o predici the
final reseali by applied with BR. P and CC. {Figure 1)

B Muu"‘“ | Bhron: Relovasco ” Clmsfier Chams I_ I.'ﬂ'\-r.l Powerat

~ I

Figure 1, Using the preces from the fiest step io bulld a
stacking model,
Step 5 we sdded femture selection echmique imto step 2 process in
arder o select the proper models for the final prediction.

The number of atnkwses from guestionname have 144 afnkbaes,
e high member of atinbeies thai ese do tmin the models may
bave a huge influemce om the performance.

Erik M. Schamidt et al (2010) found that Stacking with feature

selection technique provided the best perfomance across the
classification amd ion imks for aslomated sywems i
recognize the emotional content of music [ 1]

In order io find relevance atiribuies and achieve better acoomcy,

Itl;phﬂdhnliudElmﬂnu:ﬁndI‘huhxmulhmm
method in the firsi process. However, the selected

amnbaes from femture  selection af each label were
difference. We joined (uniom) 2l wtiribuies of each label

“ﬁi
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Figure 3, Utilizing feature selection techmigee io select the
proper mesdels for final prediciios
4. EXPERIMENT

4.1 Dataset Collection

For dam collection process, this study collected dats frem the
MMSC persamality test from 2317 respondenis which are Mamager
lewel (364 pespomdenis) and Operation level (1,753 respondents),
and also collecied past 3 vears of job performance record which
consist af 4 joh performance types.

4.2 Dataset Preparation
Affter that move o the daa ion process, swme data such as

wrong employes 10, duplicmed record (1 1D did the test more
than | times) 2nd employvee daia who have been wocking less than
1 vear should be elimimaied. So. in total of | 838 respondents are
remained {4 menagers, 145} operaticns). Joined dma from
personality tesi with daia from daiahass.

Mext step, we rarsfem the dala into hinary datn type. For job
performance, 23% of each high and low owilier would be
eliminzied, then tansform by wsing the avemge value of each
performance as a oot pomd (i i is higher than average, it will be
wransfonmed ie 1., but if it is lower than average the vabee will be
).

4.3 Evaluation
We have performed these experineenis on Python version 1.7 by
wsing [MSC and job performance dainset. This study wsed five



measures which are: Hamming loss, Accuracy, Precision, Becall
and F-Measmre [19][20].

Hammimg Loss: is the fraction of labels that are incomesily
predicted. A low value of hamming loss is required io show betier

classification perfomance.

g = 23 [0

Accmmey: for each instance is defined a5 the propomion of the
predicted conrect lzbels 1o e ioial mamber (predicted and acual)
of labels for thal nsznce

9 A (fing
¥ _mZ hufal

Precision: Precision can be defined & the percentage of true
pessiivve examples from all the examples clssified a5 positive by
he classification model.

prcsion = 13 (122

Recall: is the percenizge of examples classified as positive by 2
classification mode] that are tnee positive.

!=ii|hn2i|
m ¥i

imi
F-Measure: is a combimation of Precision and Recall. It is the
bhanmonic average of the two metrics and it is used &= an
aggregated perfmaance soore.

1w 2Q¥im &
F — Measure = Ezl—hH‘ ]

Tabde 1. Evaluation Measures Comparison of $tep 1
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Tabde 2, Evaluation Measures Comparison of Step 2
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Tabde 3. Evalaatien Measures Comparison of Step 3
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5. RESULTS

Tahle 1-5 shows the predictive performance of all evaluation
measures of each pair betwesn hase classifiers and MLC
algonithems in each siep

Here, HL, A, F1, Pre and Be represents Hamming Loss, Acoumcy,
F-Measure, Precision and Recall respectively.

From Table 1-} we can draw the conclusion that Siep 3 that
wtilizing feature selection technique o MLC with Swcking
method dominates the other steps in mostly of messures result
Moreover, Decisiom Tree base classifier gives the best owerall
performance (owest Hamming Loss and highest Accuracy) when
e wiith the MILC Label Powerset.

6. CONCLUSIONS

We proposed MLE of employee job performance prediction by
disc persomality. For improving MLC performance, we focus on
sep 3 that combined festure selection process for MLC with
Sinckimg. The btop three performance algorithms (Logistic
regressiom, SV, and Devision Tree) were applied o be bose
classifiers with six Mem-classifier's algonithms, while three MLC
algorithms imcluding BR, LP and OC. The resals of step 3
revealed that this step able 1o gain & beter performance than
traditiomal MLC ar cnby MLC with Stacking
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