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1¥ndnms MAP (maximum posteriori) hypothesis
h =arcmax Pi1(h|D)=arcmax P1(D|h)Pr(h).
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Bayesian classification
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Outlook yes | no Humidity yes | no
sunny 2/9 | 3/5 high 3/9 | 4/5
overcast 49 | 0 normal | 6/9|1/5
rain 3/9 | 2/5

Temperature yes ho Windy [yes| no
hot 2/9 | 2/5 true 3/9|3/5
mild 4/9 | 2/5 false 6/9 | 2/5
cool 3/9 |1/5
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nqujves Bayes
Pr(class =|X) = Pr(X|class =c)-Pr(class =)/Pr(X)
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Naive Bayesian Classification
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sede Prix|play=yes), Px|play=no)

Outlook Temperature Humidity Windy Class

Fmsswundtedelagls Naive Bayes

sunny hot high false no

sunny  hot high true no | Pr(sunny|yes) = 2/9 Pr(sunny|no) = 3/5
overcast hot high false yes

rain mild high false  yes | Pr(overcast|yes)=4/9 | Pr(overcast|no) =0
rain cool normal false yes R — 2 —

En ool ormalltie no | Pr(rain|yes) = 3/9 Pr(rain|no) = 2/5
overcast cool normal true yes

sunny mild high false no

sunny | cool normal false yes

rain mild normal false | yes | Pr(hot|yes)=2/9 Pr(hot|no) = 2/5
sunny | mild normal true yes A _ A _
overcast mild high true yes Pr(mild|yes) = 4/9 Pr(mild|no) = 2/5
overcast hot normal false yes = =

= T high == S Pr(coollyes) = 3/9 Pr(cool|no) = 1/5

Pr(yes) = 9/14

Pr(no) =5/14

| Pr(false|yes) = 6/9

Pr(high|yes) = 3/9

Pr(high|no) = 4/5

Pr(normallyes) = 6/9

Pr(normal|no) = 2/5

Pr(truelyes) = 3/9

Pr(true|no) = 3/5

Pr(false|no) = 2/5

TBayesamtHvenTat e tvorc

Fregnlniii inswinnen X = (outlook = rain, temperature =
hot, humidity = high, windy = false)

Pr(X|play=yes)-Pr(play=yes) = Pr(outlook=rain|play=yes)
-Pr(temperature=hot|play=yes)- Pr(humidity=high|
play=yes) -Pr(windy=false|play=yes)- Pr(play = yes)
3/9-2/9-3/9-6/9-9/14 = 0.010582

Pr(X|play=no)-Pr(play=no) = Pr(outlook=rain|play=no)
-Pr(temperature=hot|play=no)- Pr(humidity=high|play)
-Pr(windy=false|play=no)-Pr(play = no) =
2/5-2/5-4/5-2/5-5/14 6018286
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dedi Pr(x|play=yes), Px|play=no)

Outlook Temperature Humidity Windy Class _
sunny hot high false no
sunny  hot high true no | Pr(sunnylyes) =3/12 | Pr(sunny|no) = 4/8
overcast hot high false yes
rain mild high false | yes | Pr(overcast|yes)=5/12 | Pr(overcast|no) = 1/8
rain cool normal false s 3 5
i =o0| rormalllite )fo Pr(rain|yes) = 4/12 Pr(rain|no) = 3/8
overcast cool normal true yes
sunny  mild high false no
sunny | cool normal false yes
rain mild normal false | yes | Pr(hot|yes) = 3/12 Pr(hot|no) = 3/8
sunny  mild normal true yes A _ o —_
overcast mild high e s Pr(mild|yes) = 5/12 Pr(mild|no) = 3/8
overcast hot normal false | yes | pr(cool|yes) = 4/12 Pr(cool|no) = 2/8
— Pr(high|yes) = 4/11 Pr(high|no) = 5/7
Pr(yes) = 10/16 Pr(normallyes) = 7/11 | Pr(normal|no) = 2/7
Pr(n0) = 6116 [windy ]
Pr(truelyes) = 4/11 Pr(true|no) = 4/7
@ Pr(false|yes) = 7/11 Pr(false|no) = 3/7
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Bayesian Networks
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Quadratic loss function
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alsziuanugndass TP, TN, FP, FN

s iadmivaaathwineaesn yesiu nofe

@

TP (True positivefatuiudredresnduuuinnegi yesuay

aamathwneilu yes

@ o

TN (True negativefioswaudiegaidnuuiiuiedn No way

maaenihmneiu no

@ o

FP (False positivejoiiudiednnduuuiiuein yesuas

maaenthmnedu no

FN (False negativejpiiudgaidaanuuiiuieil No way

aammthmnailu yes
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True positive rate, False negative rate

alsziiuanugndesdnassdadmsuaarainiue yes s no fe

True positive rate = TP/(TP + FNydadiuvesiuau
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Success rate and error rate
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Confusion matrix

a do A A oJa 1 2 o o oA Y o A
WNTAFFUAY ABtUN3 nnuaazyaitusuIualesanaeandnanud
Soulvde TP, FP, TN, FN
Tuseudurs Wekauunanaaansmaarathnuigsssaindioana Tu
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=== Confuslion MNatrix ===

ahb <-— classified as
90| a= vyes
l4|b=no
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% 1 a a’ﬁ) ﬁ
Cortectly Classified Instances 13 892.8571 % P
I tly Classified Inst 1 7.1428 3 S =7 2N
T i ¥ NNUNTNYF VU Li'lvlﬂil'l
Kappa statistic 0.8372
Mean sbsolute error 0.z817 & 0 ~ -
Root medn squated error 0.3392 ﬂ:]ﬂ&l']ﬂcnnju AUANUDD
Relatiwe absolute error BZ.B233 % v q:
Root relative sguared error 70,7422 % v o/ "o ' =
Total Mumber of Instances 14 ADITNUUA LUANIDYTIN

=== Detailed Accuracy By Class ===

TP F;

ate FP Rate Precision Recall F-Messure ROC Area Class
0.2 0.8 1 0.5947 0.911 ¥es

.8 a 1 0.8 0.889 0.922 no

Confusion Matrix ===
<-— tlagaified a3z

a = yes
b =mno

Classification: Bayes and Neural network

iflu b imsfineaa 1
A10814
aau Overall success

rateqs 13/14 =
92.8571%
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