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N1SLIEUINILLATDS
N15138USYDILATDS
USeNUBINISLILUS

Naive bayes classifier

Decision tree

Nearest neighbor classification



N13L38UIVDILATDY

5 A SNEgUYN LA DIA NN LA DS KS OLASIDLA NN TBNNA LAE1UITOVINIUN

JAunatale

o 3a§wqumawmm€[,umﬁL‘%ﬁuﬁmﬂﬁﬁaaﬂaLsé’h
(~ al v L i k

" Jun19L38U3UY inductive learning

= Sgusanteyaunsadiu wethluldmanuasaiiduaina
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UYBdaINITLTEUS AN
" AdARUYBIATNIBNS (Supervised Learning)
= Yszaunisadluenn (Learning from experience)

" 11539731 (Rote learning)

" A75SuANFaazn1SHARY (Learning by doing)
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" aietunaunsseuslageAurannIsNISsEUs Yoy

= SUtayainNUIUNINNENALIINIATIUWIAR (concept) TBFULUL
(pattern) Y@IYAVBYATIY

" Ypvayantidniunisiseus 1Sundn ayakln (training set/data)

" UszifiununInvaifnile lagthdayauiaaay 38031 Jeyanaasy
(test set/data)

(%

" Jayainuasteyanaaeunisiiunuazyniy

q

" nsUseilulsednsnnluninnugneaed Aesiinaay (labeled data)
dmsuteyayavadou Ninwseuld
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" Luulinalaay (Supervised learning)
= puubifinaeey (Unsupervised learning)

= LuUAsiNalaay (Semi-supervised learning)



N13L58UILULINALAY

= Wisulanunisiseuiuuiaginimiiladass
" pealinswSeutayanntviinaiaas

o %’umaui‘%ﬁ%’aaﬂaﬂﬂiumﬁﬁumLLaza%@LLu’JﬁﬂﬁuaﬁaaﬂaﬂﬂLwiazﬂ'izmw

Y

" Syuslumsiuundaya lnediugiunisneinsalanveyaniaualuyateya

o wﬁqmiﬁaui ﬁwmimaauLﬂaﬁfﬂﬂﬁzam%mwmaqmmiw‘%agﬂLLUU‘ﬁLfJuma
INNTIUUT

U 1

" §29879L%U naive bayes, decision tree, neural networks
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" §7987°39L%U Nearest neighbor classification, K-mean clustering, K-mode

clustering, hierarchical clustering
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" §998719%uU Co-training algorithm



Naive bayes classifier
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P(class)P(attribute | class)

P(class | attribute) = Plattribute)
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P(class | a,,a,,..,a,) = (class)P(a,,a,,..,a, |class)

P(a,,a,,..,a,)



Naive bayes classifier
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Naive bayes classifier

B eanudnasilureaangnisalsngg Siudu analalag

P(a,,a,,..,a,)=P(a,)P(a, |a)..P(a,|a,.,a, )

P(a,,a,,..,a |class)= P(a,|class)P(a, |a,,class)..P(a,|a,,.,a, ,class)

B apnu9sduves P(a,a,,..a, | class) ilaenn fadldvayaindiuiu
WnivelrlaA1ignAes

B quufgiu Naive bayes Wansanluwddl  attribute @ 1 Uudaszsionu

1 U o

AAUUTuNsAnmaNsalsngg Miludaseraiu Aulalag

P(a,,a,,..,a, |class) = HP(al. | class)

P(a,,a,,..,a,|class)= P(a,|class)P(a, |class)..P(a, | class)
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A29819n151% Naive bayes classifier

(age = youth, income = medium, student = yes, credit = fair)

RID | age income  student credit C;: buy
1 youth high no fair Cs: no
2 youth high 1no excellent | Cs: no
3 middle-aged high no fair Ci: yes
4 senior medium no fair Ch: yes
5 senior low yes fair C1: yes
6 senior low yes excellent | Cs: no
7 middle-aged low yves excellent | C;: yes
8 youth medium no fair C5: no
9 youth low yes fair Ci: yes
10 senior medium  ves fair C: yes
11 youth medium  yes excellent | Cy: yes
12 middle-aged medium no excellent | C': yes
13 middle-aged high yes fair Ci: yes
14 senior medium no excellent | Cs: no

source: http://cis.poly.edu/~mleung/FRE7851/f07/naiveBayesianClassifier. pdf




A28814n151% Naive bayes classifier

X = (age = youth, income = medium, student = yes, credit = fair)

attributes lawn age, income, student, credit

Puunilu 2 class (gnAasdonauiunesvseli) laun yes (class C,) waz no (class C))
n
doomnen  classify(data) = argmax P(c, )H P(a,|c;)

c.eC . i=1
NIA P(Cj) way Pla, |Cj) ] Wei=1,2uagj=1,2,3,4

U

lowufe/guiuuannnIsseus feil

P(buy = yes) = % P(age = youth |buy = yes) = % P(age = youth |buy = no) = %

2
5 P(income = medium | buy = yes) = g P(income = medium | buy = no) = B

P(buy =no) = —
(buy =no) 9

1
P(student = yes | buy = yes) = P(student = yes | buy = no) = 3

Z
5

O | &

P(credit = fair | buy = yes) = P(credit = fair | buy = no) =

O | N




A28814n151% Naive bayes classifier

X = (age = youth, income = medium, student = yes, credit = fair)

P(X |buy = yes) = P(age = youth | buy = yes) _2466 0.044

P(income = medium | buy = yes)
P(student = yes | buy = yes)
P(credit = fair | buy = yes)
3212

P(X |buy=no)=————=0.019
(X | buy = no) SEELS

B %1177 max senaAuiaziuues 2 class
P(buy = yes)P(X | buy = yes) =0.028
P(buy =no)P(X | buy =no)=0.007

] ﬁqﬁumﬂﬁﬁay}amﬁx vhuwegnAseiifiay L aADUR LN DS
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A298149n154% Naive bayes 3MUUNLINETT

EiEEEE

docID || words i document mn ¢ = China?
training set|| 1 Chinese Beijing Chinese ves

2 Chinese Chinese Shanghai ves

3 Chinese Macao ves

4 Tokyo Japan Chinese no
test set 5 Chinese Chinese Chinese Tokyo Japan||?

P(Chinese|c) = (5+1)/(8+6)=6/14=3/7
P(Tokyo|c) = P(dapanjc) = (0+1)/(8+6)=1/14

P(Chineselc) = (1+1)/(3+6)=2/9
P(Tokyo|t) = P(Japanjc) = (1+1)/(3+6)=2/9

Plc|lds) o« 3/4-(3/7)*-1/14-1/14 = 0.0003.
B(tlds) o« 1/4-(2/9)*-2/9-2/9 =~ 0.0001.

P(c) =3/4 and P(c) =1/4

source: http://nlp.stanford.edu/IR-book/html/htmledition/naive-bayes-text-classification-1.html
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Outlook=sunny, Temp=cool, Humid=high, Wind=strong

Day||Outlook|| Temperature|Humidity|| Wind ||PlayTennis
D1 || Sunny Hot High Weak No
D2 || Sunny Hot High ||Strong No
D3 || Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 | Rain Cool Normal | Weak Yes
D6 | Rain Cool Normal |[Strong No
D7 || Overcast Cool Normal ||Strong Yes
D8 || Sunny Mild High Weak No
D9 || Sunny Cool Normal || Weak Yes
D10| Rain Mild Normal | Weak Yes
D11|| Sunny Mild Normal ||Strong Yes
D12 || Overcast Mild High |[Strong Yes
D13 || Overcast Hot Normal | Weak Yes
D14| Rain Mild High |Strong No

source: http://jmvidal.cse.sc.edu/talks/bayesianlearning/nbex.xml



Nearest neighbor classification
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Lﬂldl U 1 v

InngulaeiiansanaindeyafifiarlndlAssuavestoyaiifiarsanuinas
AlndiAesedlusuves szogmne/szaeine sewinsyadeyatudeyaiauls
SELINN SENINNUBYAENNNTANIVUALAIIARINISWNLA MEAT k
adnngulagldszeziiadu 1158091 1-NN (One Nearest Neighbor)
JeniFenin kNN Tag fn k Aeszozvinsiinmun

lo@3n1s Euclidean TUASAIUIUMISEEENY



Nearest neighbor classification

= {9@unns Euclidean TUANSAIUIUMNSEEEN

d=Ji<pi—qi>2

[~ 1 v a v Y] 1 a
= p JuAluyatayanfeen1sanngy 1 p,, p,, Py - P

Y

< 1 v ¥ = A o a S
= g Jualuyadeyatnufesitiuniiansan 861 g, g, g, --



A128790715 1% k-NN

Mvuadad 5 vila danauanauautRnldusuanaeius
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A22819n15 LY k-NN

AeIN1INIIUERIUTAulnalPgsiuaeuslaunian (INN)

B 5293190090 (d,)

d, =J0+(1=1>+0+0+0+0+(0—1)° +(1-1)> +0 =1

B 5zavinevesdn (d)

d,=A0+1=1)2+0+(0-1)2+0+(0-1)>+0+(1-1)>+0 =~2
B 5288rnaTedANn (d,)

a’3:\/(0—1)2+(1—O)2+(O—1)2+(O—1)2+0+O+0+(1—0)2 =45

m izazmwaﬂg (d,)

d, :\/O+(1—1)2+O+O+(0—1)2+O+(O—1)2+(1—0)2+O =3
B SyesinsvesUaugaueu (d,)

dy =\J0+(1=1)2+0+0+(0-1)7+0+0-1)>+(1-0)>+(0-1)> =/4




A29819n15 LY k-NN

Aviundnd 5 wila IanguanAuauURnltUiuananeius
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A128190715 1% k-NN

ABIN1INIIUNERIUTAUlnaLABsiuaguslaunian (3NN)

PERIAT NN

H Ny = 2.449 B Jawwausuw = 2.645
mdn =1732 95z = 2.236
B A9AN0 = 1.414 H 300 =1
K = 2.236 B ynnszasnind = 1.414

nsrezmsiildanndeyaria 8 feghe denseezynaditonan 3 Sudy
T fniABsgndeuy

2. ANAT fniABsgndeuy

3. UNNTEIBNNA un
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AaaN1InIIUEnIvsaunlnapesiuaeusiauinian (INN wag 3NN)
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http://cis.poly.edu/~mleung/FRE7851/f07/naiveBayesianClassifier.pdf

http://jmvidal.cse.sc.edu/talks/bayesianlearning/nbex.xml

http://nlp.stanford.edu/IR-book/html/htmledition/naive-bayes-text-

classification-1.html
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