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Budsakorn Sukonthawongsaroth 2008: Classification Algorithm for Knowledge Mapping of
Organizational Knowledge Workers. Master of Science (Computer Science), Major Field:
Computer Science, Department of Computer Science. Thesis Advisor: Associate Professor

Anongnart Srivihok, Ph.D. 106 pages.

Knowledge Management is a process that helps organizations to identify, select, organize,
disseminate, and transfer important information and expertise that are the part of the organization’s memory.
The structuring of knowledge enables effective and efficient problem solving, strategic planning and decision
making. A knowledge map is a navigation aid to explicit and tacit knowledge, supporting Knowledge
Management and describing knowledge flows throughout an organization. However, the study of knowledge
mapping in Thai organization is not widely conducted. Algorithms are used to classify attributes of
knowledge workers to expert classes in order to generate a knowledge map. This paper proposes an approach
for knowledge mapping of experts in organization by using data mining techniques. The expert classes in this
paper include Power Generation Business, Account and Finance Deputy Governor and Fuel Deputy
Governor, Electricity Generating Authority of Thailand. Data includes 28 sample groups and 805 instances.
we classified domain knowledge by using Decision Trees (C4.5), OneR and Naive Bayes. The prediction
performances of three classifiers are measured by four indices used for evaluating the efficiency of
classification. The indices include Precision, Recall, F-measure and Root mean-squared error (RMSE). There
are two steps in this study. Step 1, three classification algorithms including Decision Tree (C4.5), OneR and
Naive Bayes were compared on their classification performances. Results show that Decision Tree (C4.5)
algorithm is the best algorithm with 95.61% of accurate prediction, Precision (0.957), Recall (0.999),
F-measure (0.978) and RMSE (0.093).

In Step 2, Association Rules Mining by Apriori algorithm was employed to explore positive
association relationships with experts class such as Education level, Faculty graduated, Position, Division,
Department, Section and Expert level. Results are as follows. First, if staff position is technician, the
education level is lower than bachelor's degree. Second, the attributes include Division, Department, Section
and Expert level can be used to identify classes of knowledge workers. Third, working on various related
tasks will increase skills of knowledge workers. Finally, results from this study will be useful for developing
a knowledge map. It involves locating important knowledge in the organization, understands relationships of

knowledge components and increases the performance of knowledge management in organization.
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T= Enginesr Eacheior Science of Elsctuical FASs TSk Fower Flant | Electical Elsctnical
Ind stry Enginesring| Fower Plant maimenance | Maintenance

TE Enginecr Each=ior Enginconng | SecBiank “oal Ash
=

==z =ian Oniess o fac Uity Soiler

L= =]

Sontrol
Instrme ne

Classification Algorithm

Classification rules

If Bection = Electrical hfaintenance

and hfajor = Electrical Engineering

and Worlcing year = 12

and FPositicn = Enginesr

and Education lewel = Bachelor

and Faculty graduated = Bcience of Industry
Educanon

and Department = Power Flant hdaintenancs

and Division = hifas hiloh Fower Flant hdaintenance

Then Electrical

MNN 3 Classification Model @91}38?3% Decision Rules

31 Kantardzic (2003)

A ] A v a 7Y v ax o
AMNNINN 3 T@yjaﬂlﬂum@yjaﬁﬂu fl]ggﬂ'llﬂi'lgwﬂjﬂ'ﬁ]aﬂajﬂum@\?ﬂ’lifﬂuluﬂ
o Ay Y Y 9 o & Ay ¥ ~ Y
MU Illlﬂavlllﬂﬁﬂuzl!ﬁ]fﬂg@jﬂllﬂuiuzﬂmaqﬂaﬂ’lifﬂ’llluﬂ Glfﬂﬂj;]vlllﬂllmzmmmﬁﬂug’ﬂ

Y |a wa A
AU wemngaulsznnla
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< < {

2. Model evaluation (Accuracy) I UADUMIATINADUANUYNADY Inoazlidoyan 1y
) [ ~ 1 . I 9 A T Y 19 &’f [ 1 Y
dmSunaae 3901 Testing Data 1iudoyaiitsmsweguaindoyariueglungula uds

i lnfSeuiiouny Learning Model tonagou Tumanad i awnsodanguilszinn

Tuea

¥

Classifier

Y Y 1 Y A ' o A Y a P} =~ ~ o Ay v

may‘a"lﬂamqgﬂmmm”lu TﬂElﬁ]‘éﬁlﬂﬂﬁ?ﬁﬂlmﬁ]i\iﬂlf’)\iﬂ]@ﬂ;ljmﬂiEJ‘]JWIEJ‘]Jﬂ']JﬂﬁTﬁVI"lﬂinﬂ
. = ahrL)’. # 2 '

— vonern | roney HTITREUNEH ﬂmgﬂmawm‘m

Tramng data
Powtian

[ e e Majet

If Secthon = Electncal Maintenance
and Major = Electrical Engineering
and Working ysar= 12
and Positicn = Enginesr

and Education level = Bachelor

and Faculty gmduated = Science of Industry Education
and Departrent = Power Plant Main tenancs

and Drwision = Mae Moh Fower Flant Maintenance

Then Electrical

] 9
MW 4 FumsasedeuaNugndovesluma

31 Kantardzic (2003)

<3| :ll o { 3 [

3. Model usage (Classification) i uiuneums1i laanasannduneuusninleny

) Sy < ' ) 0 o Yo 9 Y A o '
Joyan hinaduunou Tasazld Tumahmstmuaamaldnudoyan lau wienem

4
Youdoyariu Narsegaardla

Aw v A Yoo Y Y . . Ay ¥
NuAveRtiul §399 18e314 Classifier Model 4111 Multiple Class Tagaarai 1avinnis

o IS . A Y (a wva A
Mgz Ui Multiple Class M101/321anANUFEIMNYVOIRUTIAOUNRNBY 10 Uszian

a % o A Y
‘uuﬂmmmuﬂ'ﬂum‘;‘mmmwaya

° [ < . . .
Tumsinniloadoya lduadaualseeniluniy Categorical 1az1Y Quantitative
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A115110Y Categorical

[ @ § 1 ] a o v [
1. Nominal Variable iflugmls il ldnatean lifimsdedsdedrauvedoya iu
LW (B8, W)

[ o w Y

I Y { o W ) [ 1 {3
2. Ordinal Variable tJusaulshiidraudmsuaindulyla wu drauveq gndr @,

thunan, lud) szavaimsane Syanin, Usaanas, dae., by, dna o)

@151 Quantitative

v ]
S 1 A

. <3| v A ' Y

1. Continuous (Hudulsnianaoiiied wu 915‘{@11!,318]1@]
. @ Aa g o 3 ' o o

2. Discrete A5 NUANTUTIUIAY 1FU TIUIUNTNIU

o A A ) v o = 9 = ! . . @

@]'JL!‘}JTVIQﬂlaﬂﬂﬁ'lﬁﬁﬂﬂ'llﬁilﬂﬂsllﬂy’a HYNLTYNIT “Active Variable” IN512A015
z Y Y 1 1 ' 1 ) 9 o Y A o
‘Lluﬂ%gﬂjcﬁﬁiT\iﬂ?TiJ!L@ﬂﬂWQmﬂ\iﬂquﬂ'ﬂﬂ@nﬂq Llazﬁ"]lﬂﬁﬂu’]i]']nlclfﬁl,UﬂTﬁﬂ']uWﬂwallﬂ WM

= =

Yo ' Y A A o v Y =
1W3Juslﬁ]llTﬂﬂlﬂ1W‘1]@Q%@HﬁﬂQﬂLﬁﬂﬂHULﬂNWSﬁﬂJ VDHANAUN TN uazummgﬂ@m K

amnsnianunnladieItneada vieguaied
A o 3 = Y ) 1 A o A 1A VoA
Haymidnwuluduaoumsnsoudoya Taun Noisy Data Aedaulsiisunundimi
@ a { ' t4 a ' J o v 1 o
amanda 3 ervmanindoyai iauysel vinanududeve sy dredrasu wiinau
' o J 1 J
floudoya laorgauldnwiu 300 3 aunarfiasvzgoud lulgndes nieavesnvindoya

0w a v o R o Yt ¥ ' o v
AIUTUNITUATIZH AUU FiNﬂqﬂu@{lwuﬂ’liﬁijfﬂaﬂumﬂﬂuaﬂauu'lﬂ']‘lalf

v ] v Y
Al (Missing Value) Aoai i lduaasludoyaiis lddeniunans nio
1A 1 s ' o . . 1 a
A liauyssisraueon 11 524319113951 Noise Detection A10199z 118 lims1ziiaein

a [ 4 1 n ¥ 9
AanuauaveaNyud iz i 1dtloudoya
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NguMIMUNY3219N (Classification Theory)

o Y A Y @ 9 Y Ao Y
NITVULUNVDYD AD ﬂigfﬂjuﬂ1§ﬁ§'NINL@'(TIﬂﬂﬂ”lﬁ"’ll'ﬂi,luaclﬁ'ﬂQiuﬂqn‘ﬂﬂ’]ﬁuﬂiﬂiﬁ

A y < ' ' A v A g9 o ) g
lW@l!ﬁﬂﬂﬁlﬁlﬂuﬂﬂ'lullﬂﬂﬂﬁl\?igﬁj']\iﬂaﬁlﬁ ﬁiﬂﬂ’quﬂl@qm@yja LWﬂGlGIfGlUﬂ']ﬁﬂ']u1ﬂ'J'léllﬂﬂJ“au

9
= Y

o ' 2 Aq Yo 9 <3| ' Ay Yo Y '
assnaglunmiela & luean 1§ wundeyasendunquaui lasmua’ll aziuegiums
a 4 9 yas ° 9 9 = YWYy Y1 29
Ansziimavestoyanaass TaeldismahygadoyadeouinldszunGend lasuiniideya

] Y o da o .
laogluammfernuiie waansn ldninmaisous e Tumaswundszindoya (classifier

E4
model) Tuaail auwnsounuIdluraregiuny wu duldmsdaduls ngmsdaduls (F-
a Jd A 1 ~ o 9 ' A A Y A
THEN) gasnnadamans wie lasenelszamiion uazvzihdeyadiuimdenindeyad
[ ! Y 1 ! 4
Tinaeu iWludoyanldnadon (Testing Data) Aunguivnldan Tuaa ivenadouny

9 o ' Y Y o A [ 3 A~
gndealaoisvzlsulielueasuning lamnnugndedluszauimimels nasamiuiiod
v 'y o ' o ' v =y v
Foya lridwn izihdeyariuTuaa TagTuaaszanunsoiinenguuosdoyail 14 (Tan

et al.,2006)

ToA0Y ﬁumﬂﬁi‘imuﬂﬂizmw%}aya (Classification) 79 MINZANFIHTUMITHIUY
9 A 9y Y =\ Aa a A 1 9 A A A
voyanlilsznvesveyatios uazazilszansnnanal ioA1veIayalAINABILD
09.:} =2 9 o 9 o ] 09/' . .. @ a a
A1 990011 UBYANIINITUUIFY (Discretizing) Taanisualasdausiraalsuna
I

1 1 Y] { [~ a 3 [}
(Quantitative) 1¥1ilutuy Categorical Tagmsutisavesdantlsnazidlusunaliiiugie q

[} A < 9
I¥U m’a‘uﬂm’mq@m Lago1gNNUIBYIBIRY Wuau

v a R d' o Y
aanaﬁﬂuﬁl‘ﬁ‘lumﬁmuunﬂazm‘nmay’a

Ea
=
De

NHAUZYOINIIEoUSNADITNTTOU (Witten and Frank, 2005) A10619009

v A I a % {o o a o
1. duldimsdaduly (Decision tree) iHuAFntsnd vy lumatiamsswun Taedu 'l
o a Ao Y Yy v YA 1 o . A
msaadulaziianvuzadielaseaieduldnuaas Tuaudainuanbue (attribute) tAazn

A Ao 9
naaadou lvlumsnaaon vaz Tualy uagasnguiidimua’ll

4
2. Decision rule ngMsaaduly gwnsoadniunndulimsdadulalade Tasae
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oglugdveeng IF ... THEN Tagil IF {@rmvesmasivuatonla} THEN {dauaoanis

\ 4
AsziauEeulu}

<3| a { @ o
3. K-Nearest Neighbors [ umatinfiing fuilymmsswunilszinndoya Tag
a dy 1 a A Ay 1qyy Y o ' Y9 Qﬂl/
matiafivzuanaanmaiadui hilddeyadeu lunmsafauuviraswas lddeyatinmn
3| o o . 3 1w o [
Wudanniiaes Tuns1da1u K-nearest neighbor (K-NN) 1114 9A09521A 1831003 1142 1a
Yo ¥ ' & o 0 = A4 9 g o =
V1A k d2e Taea k 92 udI10nT14IUY03n5 8l (case) NIzADIALM TUMITiIUIENTal
Ty

=

. 3w axk Aq9 o ' ]
4. Naive Bayes Lﬂuaaﬂaimﬂwqyg Bayes Theorem Tumssmnuanuhaztiu

~

~q 9 A o 9y Y o o o
‘V]‘l"]fel,Uﬂ'ﬁL!ﬂ{lﬂJw']ﬁ@\t]ﬂ’]jfl]’llluﬂﬂjglﬂ(ﬂ"uauya%‘l"]ﬂlﬂﬂﬂ']aﬂ\ima\jﬂ’]icﬂ’]u'lﬂ Iﬂfﬁ]gvnﬂ’]j

a 4 v o J ' Y a 1 v v W
’JLﬂi'lﬁ’iﬂ’ﬂiJﬁllWH‘ﬁiﬁ’i’J'NG]’JLL‘]Ji’ﬂﬁiglmagﬁﬂﬂ‘ﬂﬁjuﬂiﬁ1h

[} 4 4 1 1 ] 4
5. Bayesian Belief Network VIWNUANUFOIUG Son Taggan U1e1ULG (BayesNet)
I~ an ~ 9/::' Y o w ~ 9 d 1 a ld? [
L“lJ’L!'J‘ﬁﬂTﬁL'iﬂugﬂﬁﬂﬂlﬂﬂWﬂﬂﬂl@ﬂﬂﬁﬁEIH'E',L‘UﬁJfJEJN\ﬂEJ 1uaumgmmmmm‘lmuﬁmu Iﬂﬁl
Y A I a ldgl 1 Y] a A
lemqmmmwam81114mia‘ﬁmamm”lmu@mﬂmm‘ummu"lm (Condition Independence)

521199 l5

auliimsaaaula (Decision Tree)

9 9 v A v 1@ an ~ yaq ¥ A 2 ~ 9
auliimsdaduluivinduitmsGeuinldunnigauuunialumsisous Tasms
= 9 dyd ~ Y o Y I asJ‘ 1 9 A
FouguuutiilumsFeus laensswundoyaoonilugu (class) a1 9 Tasldnaauiinves
Y o 9 9 v A AN Y ~ Y o Y 1 A 9 ~
doyalumssuwundu limsdadulenldninmasous sldnsuhauanialevesdoyai
I @ o o 9 S)Ld'l v A A o 9 9 v Y ald'
Wudrdmuanmaswun Tasduldnelumsdaaulaszianyas Inssasnadrenudu 1o
uaaz Tuaszuaasnuautian1dlumsnadou uaaznwzuaaInaveImMsnadoy wazluves
' v A ] I
du'ldT (Leaves Node) azttaasnaiansamsutisnana @u'ldmsdadularielumsuaaily
] £ o Y o Y A 9 A ]
ng lumsuiisaae) Famsswunsznldlumsinnelszinnvesdoya niedoyain i

= a 9 A o Y 3 o % A o A g o
1/]5Tﬂﬂq‘ﬂfﬂﬂﬂﬁllﬁjﬂﬁlcﬂ%'IHWﬂllﬂﬁ]glﬂuaﬂymgm@\iﬁfllaﬂlﬁﬁ'E)ﬂ”lﬁ‘ﬂqu']fllﬂlﬂuﬁnlwnlg (‘]_Jiy,

L5, 2546)
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A A

Y 9 v A =\ o = 9/:!’9/ 9
@ullmmmﬂﬁualﬂ UNIITNINTUBUUNTLTYIUINADIUNITADU AD TTUITDAI I

U

o [V " Y 1 o 1 9 A Y o P2l 9 A A 1
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=

v A o 1 { o 1 ) [ 1
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A A yy
NITYNIN YAUDYANAADU llﬂﬂ’;lﬂ

sunnuvesduld azilsznoudie Tuausngaiisondn Tuasin 91nTuasn azuan

I A <3 = @ B A o Y = 1
panitluTuagn uazi luagnnazlignuesdnesds luanszaugameazisaniilualy

AN 15HH 1
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A1y Azl BT

IR ( 01514 ) tha ) fumi
( AMANTITY 1T Y )(ﬂmﬂmmﬁimmmu) ( AR INITYITIRY ). Tually AREAD WY 1Y
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MNN S fﬂﬁﬁ]WLLHﬂﬂi%!ﬂﬂﬁjl%ﬂ')"lﬂﬂgﬂﬁﬁl@luqﬂﬂ?ﬁﬁﬂﬁuiﬂ

3 = ~ 9 = ) = A = ~Aq Y
1 910 Tuasn audalualy ssinatedunie Sudunatiszesuie dangnly

) [ [ 1 1 = 1 qgj I ~ o 2 a
dmsumstaruIanyvednaazaala daluaas lualutivewiluaaia@eriu Funain
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BmsiBauvesaulimsdadula (Decision Tree Learning)

Y 9 9 v A <3| Y 1 A
ﬂ"liﬂ'i"l\?@luklilﬂTi@ﬂﬁuﬁl’ﬂTI%L‘]J“L!!L‘U‘Uﬂﬁﬂuﬁ"lfmﬂ‘ﬂua\mNLHJ‘UﬁZIiJ‘U‘Hﬁ?Jﬂ%ﬂiﬁJ

i v
vaaAAA

A < 4
(top-down greedy search) Tﬂﬂﬁumﬂﬂﬁlﬁﬂﬂﬂﬂlﬁ’ll‘ﬂﬂﬂﬂﬂ?gﬂﬂ'lﬁg)ﬁlﬂujuﬂﬁ"lﬂ Lﬁﬂ%ﬁ]y’a

=

] ] A 1 wAa Yy wvaAaa 9
Humsuiaseni Tuasinauagaauiaves Tuasnudl nzriguanianangavosdoya
] ] QSJ’ < 09/} 1

Aumsutiaueniiy nasaduTuagnuesTuasiniuae 1y uazezruaie Tuagnuazdu 1
[l [ Ql ¢ﬂl T 9 til [ 1 QSJ’ [ 1 1 = v A
dooveaaazna lliFos q aundoyafidumsuiwenivezineg lunguidernu vie

o 9 d' ] T Q' d! A Y 1 J d' o Y =)
ﬁnu’mmayjammummmuaﬂumwm il NﬂTu@ﬂﬂlTﬂWﬂﬂTﬁuﬂ% (‘]_G!iyl,ﬁiiJ, 2546)

v = Y E% 9 v A
anymzm‘mtmgmmﬂu"lumsﬂﬂau“lﬂ

= 9 [l ~ 9 1 o Y 1 a 4 wa A [l
1. NamiLiwguﬁmagiugﬂmmﬂmw ﬂWiﬂQWﬂﬁﬂﬂWiﬂlﬂiW%ﬁﬂﬂ!ﬁNU NUADAND

MIUBNUBZNGUAN )
2. uaazidunnainluasindlualuawnsouaasliogluging IF-THEN 18

= [ A o . ] wa A A 9
3. UANUNUMUADUBYANTUYIUTUNIU (noisy data) (U ﬂmﬁww"lmnmmm

QU g g

uazmAuANANRANIANT 01T 1Y
~ Y <3 A )=} Y AaR o o o A A
4. M3FEUTNANNIIAGY WeNsUNUTaNDI NUAMTUTWUNFIADY

o Y a 4 § Y aa o 4 a 4
5. i lglumsinsgranudesvesgnuil MIITIRENWMIUNNG MIAATIZH

NAUAT LAZUNNAUFITNALINGIEATOU 7
Y t4 v Aa . . .
MIunuAn1simMIsAaa1lo (Decision Tree Representation)
. A A 1 9 £ A g
1. Tuana1u (internal node) Av AMANIAAI ) YITBYA Fapveyala 9 Anasun

] E4 v
#lua w2 Fquantaiifuddadulaiweya: I luiamala TagTuaneluiiu

A 9 Y 3y va '
@ﬂgﬁmumamu"lmifjmﬂumm



18

A 3 1 wAa wAa 1 A Y %
2. N3 (branch, link) iumquantiavesnuauialuTuaneluiiuannstivonun a4

A g o 1 o o 1 wvAa o’/’
Tuameluszuannailusuminuiumgaantiaued Tuangluriv

1 1 t g v
3. Tualy (leaf node) Ao nques 9 Fuduradns lumsuenuesdoya

ad Y Y E% U A
’Jﬁﬂ1§ﬁ’§1ﬂﬂ1«!‘13~lﬂ1’iﬂﬂﬁiﬂﬂ

H H 4
1. wigudnbazdeya  Ndyhganmtsdoyalasguanyuzdoyaiivzgnmimn

afailuTuasn Tavesinuansazdoyaiiluihving Wunadwisaiulualy gasviua

U

1Anou

=

o 1 A & 9 Y Y A < 1 Y
2. u'lﬂTVIHJ1!VIJJUlﬂEluﬂﬂ!aﬂﬂﬂ!gﬂlﬂﬂaﬂﬂﬂmﬂﬂuulﬂﬂﬂ@ﬂlﬂuﬂalﬂl@ﬁﬂﬂ!ﬂﬁ

QU U a

9 v
3. umﬁff@y‘aﬁwmmmﬂquﬁgmﬂaaﬂmﬂiumm

o 0 Ao A o v Ao d' ¥ Ay
4. ’Juﬂaﬂhlﬂm'lﬂsllu@]@uuﬁﬂ o W’]ﬂﬂlaﬂyﬂlzﬂl@\iﬁll@ﬂﬁ Nnan ilJVIq@i]’]ﬂﬂl@?J“aﬂ!m']

Y

YUNe I 1l

@

Y o Y 9 ¥ A
UDI ﬂﬂlﬂ\?@luulllﬂ15§lﬂﬁu1i]

v '
A 1 A

o 9 Yy 9 v 5 = D 1o
1. mimuuﬂmayaiﬂﬂiwu"lumimﬁu% NIUVDNVIYANUATADIUDI LBU VDYDY

9 Y 9 9 o Y 1 A o & ' 1 .
1 Joyasield veyasian desihmanlasleglusisiedmilunqunou (Discrete)

=} [

a R A 1 9 1 I o 1 1 Yy 1 T A A =
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Yy yyda o o a 0o q YV A g 2 o 2
3.1 @]ullilﬂllﬁgﬂuelfuil']ﬂlﬂuvlﬂ {l]gcn'lﬁlﬁsllﬂll“aﬂﬂ'luiuﬂ Llﬂﬂ@@ﬂlﬂuGIfULaﬂcﬁu

L4

9 £ 9 1 qul (= o o o a
UBY FIVDYAIMATUY fﬂzuli]llﬂi$18“h’lﬂﬂﬂ1§u']iJ'WI']ﬂTi’JLﬂﬁWg‘W

3.2 Ty Overfitting / Overtraining tiaanMsnuuuTaed IdiGouiveyanldlu
a = o q9 0 S o W < a g ) 2
msaoumnnmull Jeih Tduuuseesiu Sdeyaideusunaiiugluvummzvesdoya

9 9 v A Ay Y A v Y A [ qu‘ A o :/
Tuﬂﬁummu“lmmm@ﬁu%ﬂ”lmwaﬂymzmwwmmmauﬂa‘ﬂﬁﬂu ANUU LUBLITUITRYD
= =

Y o 2K o Y o Z o J 9 ] 1 o Aad Yo
NATDULVIFLVVINAD m%ﬂmmumamuu 1/]11!18?11”1@11%“1!1!81 ’J‘ﬁﬂ"lillﬂﬂilﬁ’ﬂ 19 UNIT

aansvesau liimsdadulaminailyn overfitting von 1

dane3INy ID3

< @ a v A { @ ] v Ao
Wudanesiulumsadndulimsdadule Aldudnmsvemgufiinms amniald

) v A 1 o I o 1 A o
winnlFlumsdadulaig ldauslaiduduidoya Taeismsimualaseaiieduld
v A 3| Y] A 9 o o @ dycu A 1 . ~
msaadulvezidudnvauzvesmsidondoyamudrauvesddFinnioaunu (Gain) geige
3 9 A 9 9 [ A v W o w =\ A A 9 o 9
iWhudeyasudu uazdoyada linlisaanaunuawdiny Taeligasinerdostumsaiis

duldmsdadauls (Mitchell, 1997) fail

Entropy(S) = -pg 109, Pe — Pe 109, Po M
Tagdi
A o 9 QSJ‘
S A9 NUIUVDYATNHUA
A 9 A&
P, A® VoyanuAuuuIN
A 9 A d
P, A® VeyanuAuluay
Entropy(S,) Ao fﬁmaummm%’agaﬁyﬂumﬂ
Gain(S.A) = Entropy(S)- > —~Entropy(S,) @
veValues(A) |S|
Tagfi

flo waswvoItoyauINLazdoyaal
veValues(A)
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S, | v Suaumvesdoyanile q ANAUIN SawfusaY

S| wudeyanimua

o))
Do

3]

9aneINYy C4.5

[

AasR I ] AR o F) Y o 1 o ak
ganosiu 4.5 Wudanesiulumsswunlszinndeya lawanndenndanesin
1 9
D3 Mg msumsadedulimsdaaula vnauelag Ross Quinlan 143) 1993 dane3iuil

= ' o Yy 9y 3 = .
wisuuaaz TuauuvEend1 awnsoddwau livaegluun TaglduuiAnues Information
dad

. A A <3| A 9 dyw a A
Gain 1199 Entropy TumsiaonTua ﬂmmmmuiumimu UBNNUIITTNITOUANLAYINTT

adnlnseadredulinlugimnull1dée
PALAUVDIDANOTNY C4.5

F4
1. [vanmsiaunuves Tuunseazns 1y (Greedy approach) HUFIUVDINT TS
9 9 v A A o aR 9 9 Y ' = g’ .
au'liimsdaduls Aedanosny greedy Tasazaiiedu linnuuasarauuuiSend (recursive)

a, 1 1 o 13 [y 1
AT ML eNIezI015Ue (divide-and-conquer) TastiailymInaiiluilymidos
9 v [ 9 A [ A .
2. lunuansuzdoyaniia luaeiiios (Discrete)
3. AUANYUUIYAYNIABNIINAIWLVDIAIA Gain ratio

Y = ) 1 as A
4. blﬂﬂ')ﬁfl”ﬂ']jﬁﬂugu@ﬂﬂ’)qfl‘ﬁﬂ"liau

5. wadwsn Id@emiungiiihlaldde

[

H01AV0IDANDINY C4.5

' o 9 1 A . 9 = 1 Y Y
1. lisessudoyaunusaeiod (Continuous data) 9zAvalimsutialmiudoyanuy

lyineiiioq (discrete data) NOU
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dane3Nvee C4.5
Pseudocode of the C4.5 Algorithm
FormTree(T)
(1) ComputeClassFrequency(T);
(2) if OneClass or FewCases
return a leaf;
Create a decision node N;
(3) ForEach Attribute A
ComputeGain (A);
(4) N.test = AttributeWithBestGain;
(5) if N.test is continuous
find Threshold;
(6)  ForEach T’ in the splitting of T
(7) if T’ is Empty
Child of N is a leaf
else
®) Child of N = FormTree (T”);
(9) ComputeErrors of N;
return N

H [ a Y 9 v Aa
2Nf 6 danainuduldmdadula

fan: Ruggieri (2002)
ﬂ{,]ﬂﬁéfﬂau% (Decision Rules)
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Algorithm OneR
For each attribute,

{

For each value of that attribute, make a rule as follows:
{
count how often each class appears
find the most frequent class
make the rule assign that class to this attribute-value

H

Calculate the error rate of the rules

H

Choose the rules with the smallest error rate

Y

MW 8 TUABUNITINNUUDIOANDINY OneR

#31: Witten and Frank (1999)
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Algorithm Naive-Bayes
Naive Bayes Learn(examples)
FOR EACH target value v DO
P(V;) « estimate P(V;)
FOR EACH attribute value a of each attribute DO
P(a; |v;) < estimate P(a; |V;)
Classify New Example(x)
arg max 5(\/ i)

_ Y T1P(a v
NB \/j c \/ X 1;{ (Ei| |\/J )

Y

MW 9 TUABUNTTINUYBIOaNDTNY Naive Bayes

301 Salton et al. (1983)
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38 9522033 uwunigesne i 3

39 9522034 wungesngUnssinIuRuIazIATeIA 3
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44 9522045 uwuﬂﬂﬁqa%’ﬂmqﬂﬂm‘fmuﬂmazm%ﬁﬂ 4

45 9522051 HHUNILEUIIIFITIEING

46 9522052 uwunﬂw;ﬁwmﬂaﬁmmq

47 9522053 HAUMINTITAEININ U

48 9522054 uwunihgesnm luihnang

49 9522055 urunthyesngUnsainiuauiaziniesianaly

50 9522056 urunT3euAsadna

51 9530002 uHunmnA T Tagasauma

52 9531016 UHUAALIATEANS 6

53 9531017 UHUAALIAT0aNE 7

54 9531019 uruMlszansam

55 9531041 HHUANUDIANT

56 9532011 uwunanugesne s lwihmasnnudon
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62 9532052 HHUNIAINTININTITIY
63 9532053 UHUNWAILNYAINTLHASTIND
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65 9533018 UHUNSZANTAINLAZ ALIHY
66 9533019 uHUNIIFITNE o5
67 9541031 HHUNTINZITAEIDIANT
68 9543042 ununiigesne Tse i
69 9546041 wrunTselrfhideuguasail
70 9546042 uwuﬂisa"lvhﬁhﬁjam‘;mq
71 9561092 UNUNTEUDULAZ Y DY
72 9564017 urunlzeau i
73 9572062 UAUNDUTUUAEWAILINTIANIS
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M99 13 AUaNYazUDI01gANNTEINY IUUNITA (Expert Level)

MAUN izﬁ’ummﬁmmty %aizﬁummg%mmm
1 01-05 1 Beginner
2 06-10 U Experience
3 11-15 3 Skill
4 16-20 Tl Expert

M 14 AuanvuzvodeyallszinnaMFeI IRy (Expert Class)

s v 2 3 =
GRLIN] ANUITIFIDY 5180z
[ r'd ]
1 Turbine qmﬁ’mﬂmuuazqﬂﬂim 1¥U Condensor, ESP (1ag BFP
2 Control Instrument NuUAUIAToILD TaLagAILAN 15U DCS, BMS Lag
ABC
Y a 091 FY = 9 a Y
3 Water Treatment NUAUTTUVNAAN NTUAAT TUAUTWNAROY
4 Information nuMuszUUYeyaneNTINeS STULIATOYBIAS
Communication SEUUTRET
Technology (ICT)
1 o [ a 4 1 <
5 Civil Numuneade 11395010115 USHA Wou 81Ny
Y Y
U1 LazAaDIEINl
Y
o d
6 Boiler numundietiuazgunsal 151 PULV, SSC 1182 Soot
7 Electrical Auauszuu T e Generator, Motor 18 EHG
. . Y A o w o [ J I
8 Fuel Gas Desulfurization  11uA1uATeIMiamMasamos azginyal
(FGD) 1% Booster Fan, Absorber 118% Slurry Pump
Y [
9 Coal Ash NUAMUTTVUTENIUE BB U Baldn 1
fmieingnaoeyla
10  Management NUAUTZUDUTHITIANT 1R UTNFIS BT VTS

MINAN TTUVUNIAITIUMITANST VIHIsANuasansy

M3IAMIANG
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uuum Ay Taensiiadoyanuy 10-Fold Cross-Validation vosdeyagai 1

Aadszansnn C4.5 OneR Naive Bayes
Percent correct 82.893 80.117 73.380
Percent incorrect 17.107 19.883 26.620
Precision 0.904 0.636 0.739
Recall 0.691 0.737 0.635
F-measure 0.758 0.658 0.653
RMSE 0.275 0.276 0.203
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5an3NY C4.5

Percent Percent
Fold . Precision Recall F-measure RMSE
correct incorrect
1 95.074 4.926 0.952 1.000 0.975 0.099
2 95.000 5.000 0.951 0.999 0.975 0.099
3 95.037 4.963 0.951 1.000 0.975 0.099
4 94.988 5.012 0.951 0.999 0.974 0.099
5 96.150 3.850 0.963 0.999 0.980 0.088
6 96.213 3.788 0.963 0.999 0.981 0.087
7 96.213 3.788 0.963 1.000 0.981 0.087
8 96.138 3.863 0.963 0.999 0.980 0.088
9 96.225 3.775 0.964 0.999 0.981 0.087
10 95.025 4.975 0.951 0.999 0.975 0.099
méﬁl 95.606 4.394 0.957 0.999 0.978 0.093
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umao lAuniiga 110U 0.964 1z Recall Mmuzanogh Fold 1, 3 uaz 7
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lli\l@,ﬂg])ﬂﬂﬁ%j:ﬂ MNY 3.775% @1Yi9UA Precision %zmmwﬁ Fold 10U 9 9%

1 1 1 § J { v o J ' 1 1
ANNIND 1.000 A1 F-measure FUTUANLAAIANNTNRUTTEHIIM precision LA recall

ioIANgNADY lagsiiAngaogh Fold 6, 7 uaz 9 AWNINY 0.981 A1uAINIIN

Aanata lumsinenawnsosoninld (RMSE) imdigaodh Fold 6, 7 1az 9 1M1iy 0.087
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9andINU OneR

Percent Percent
Fold . Precision Recall F-measure RMSE
correct incorrect
1 94.988 5.012 0.953 0.999 0.976 0.100
2 94.889 5.111 0.953 0.998 0.975 0.101
3 94.926 5.074 0.953 0.999 0.975 0.101
4 94.926 5.074 0.952 0.999 0.975 0.101
5 96.150 3.850 0.964 0.999 0.981 0.088
6 96.075 3.925 0.965 0.998 0.981 0.088
7 96.138 3.863 0.965 0.999 0.982 0.088
8 96.013 3.988 0.964 0.998 0.980 0.089
9 96.100 3.900 0.965 0.998 0.981 0.088
10 94.925 5.075 0.954 0.999 0.976 0.101
Lﬂéﬂ 95.513 4.487 0.959 0.999 0.978 0.094
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{ 1 o 1 ° [ - [ [ 1 .. <3 1 {
n7 ﬁmmﬁmma"lugﬂﬁ’mmm NN 3.863% 113U Precision Lag Recall HUNN

Fold 6, 7 1Az 9 vzenansnauaudiaen lduinfiga 110U 0.965 uag Recall Mmuzaung

N1 Fold 1,3, 4,5, 718z 10 AUNIAY 0.999 A1 F-measure UAGIAN Fold 7 191171 0.982 A1

amanuAanaalumsinneiaunsnsensu’la (RMSE) fisdgaegi Fold 5,6, 7 1az 9
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Naive Bayes Tassriua (n=805)
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9ane3Ny Naive Bayes

Percent Percent
Fold ' Precision Recall F-measure RMSE
correct incorrect
1 91.235 8.765 0.953 0.958 0.955 0.122
2 90.346 9.654 0.953 0.948 0.951 0.127
3 90.420 9.580 0.952 0.950 0.951 0.125
4 90.543 9.457 0.950 0.952 0.951 0.126
5 91.412 8.588 0.964 0.949 0.957 0.117
6 91.450 8.550 0.964 0.949 0.956 0.117
7 91.450 8.550 0.965 0.949 0.956 0.118
8 91.188 8.813 0.964 0.946 0.955 0.119
9 91.800 8.200 0.965 0.952 0.958 0.116
10 90.537 9.463 0.953 0.951 0.952 0.125
méﬂ 91.038 8.962 0.958 0.950 0.954 0.121

M3197 18 udaswansnaaedlumsinnennusermnyvesdi inau de Naive

Bayes 0anesnu 1510931 Fold 71 9 Idmanugndeslumsinnegega midu 91.800%

uazdisimainne ligndesdiga 10y 8.200% A1 Precision Nuaasdemsduaumaoni

3 ' { {
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v
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15199 19 M37adszanEMNYeedanesnu C4.5 6ana3 N OneR 6ano5NY Naive Bayes

upumay Taensuiadoyauuy 10-Fold Cross-Validation

Anadszansnn C4.5 OneR Naive Bayes
Percent correct 95.606 95.513 91.038
Percent incorrect 4.394 4.487 8.962
Precision 0.957 0.959 0.958
Recall 0.999 0.999 0.950
F-measure 0.978 0.978 0.954
RMSE 0.093 0.094 0.121
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Precision 0.904 0.957 0.636 0.959 0.739 0.958
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RMSE 0.275 0.093 0.276 0.094 0.203 0.121
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