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The optimal classification concept

& Supervised Learning
— You know the true value, and you can provide examples of the true
value.

— Classification
* Ex1. Hit or Miss
« Ex2.Ranking A LHZ| F
* Ex3. Type Positive or Negative

« 0|0 27 classE 11 U= HEHOA, classificationS .



The optimal classification concept

& Optimal Predictor of Bayes classifier

Optimal predictor of Bayes classifier
f*"=argmingP(f(X) #7Y)
Function approximation of error minimization

Assuming only two classes of Y

f7(x) = argmaxy=, P(Y = y|X = x) Z P(Y = y|X =) =2
yeY
’ P(Y=y|X) P(Y=y|X)
0 X1 X2 X



The optimal classification concept

€ Review MLE and MAP
— MLE

0 = argmaxyP(D|0)

P(D|0) = 9 (1 — §)4r
aH
_ agtar

— MAP
0 = argmaxyP(6|D)
P(6|D) o gaH*a=1(1 — g)ar+h-1

ag+a-—1
agtatar+p-2




The optimal classification concept

& Bayes Risk

— Optimal classification2 Bayes Risk7} 2|27} €| £ 2 ST}

P(Y=y|X) Decision boundary P(Y=y|X)

Bayes Risk
R(f7)

‘ X
< Classify asy Classify asy >




The optimal classification concept

& Optimal Classifier

f*(x) = argmaxy—, P(Y = y|X = x)
= argmaxy—,P(X = x|Y = y)P(Y = y)

Class Conditional Density Class Prior

- oo A

Prior = Class Prior = P(Y = y)
Likelihood = Class Conditional Density = P(X = x|Y = y)
- O1EA & &= U=71
« DataSetCZ BEE{ L £ 92

o Lt X7t 02 72| H4-E JIRICHH, Ha 70| A4S 2E20| O|F 0.
« Olgfet &2 283 FAId2 =M, sl| Zst A 0| naive Bays classification.



The naive Bayes classifier

& Dataset
Sky Temp Humid Wind Water Forecst EnjoySpt
Sunny Warm Normal Strong Warm Same Yes
Sunny Warm High Strong Warm Same Yes
Rainy Cold High Strong Warm Change No
Sunny Warm High Strong Cool Change Yes

f*(x) = argmaxy_,P(X = x|Y = y)P(Y = y)

— P(X=x|Y=y)
=P(x,=sunny, x,=warm, x;=normal, x,=strong, x.=warm, x,=same|y=Yes)
P(Y=y)=(y=Yes)
— GOt} B2 Tef0[E 7t ER 5L
P(X=x|Y=y) for all x,y
P(Y=y) for all y

- dE S0[A]| ik, Oiet0[8E S0[7] floff 2714¢l 7+80] ER!



The naive Bayes classifier

& Conditional Independence

— XZH0l SYHYS 71T

—/ (@

PX =<x1,...,x; > |Y = y) 2 |[[; P(X; = x;|Y = y)

— Y7} FO|H S ), x12} x27F =2H0|C}
(Vx1,x2,¥)  P(xqlxp,¥) = P(x4|y)
P(x1,x,ly) = P(xq|y)P(x3]y)

— example
- B Of, dS0| 2 &2 H[7F 2= Aot= 4glo] Zo

P(Thunder|Rain, Lightning)=P(Thunder|Lightening)



The naive Bayes classifier

& Conditional Independence

\\E /l

Commander

gOfﬁcerA OfficerB 8

« Cf. Independence 5}A| QLC}.
P(OfficerA=Go|OfficerB=Go) > P(OfficerA=Go)

« Conditionally independent S}Ct,

P(OfficerA=Go|OfficerB=Go,Commander=Go)
=P(OfficerA=Go|Commander=Go)



The naive Bayes classifier

& Dataset with Conditional Independent assumption

Sky Temp Humid Wind Water Forecst EnjoySpt
Sunny Warm Normal Strong Warm Same Yes
Sunny Warm High Strong Warm Same Yes
Rainy Cold High Strong Warm Change No
Sunny Warm High Strong Cool Change Yes

- XHI40| SYHS IHHCHT

f*(x) = argmaxy_,P(X = x|Y = y)P(Y = y)
~ argmaxy-,P(Y = y) 1_[ P(X; =x;|Y = y)

1<i=d

— GO0t %2 Otet0[E 7t ERet

LS —

P(X; = x;|Y = y) has (2-1)dk cases



The naive Bayes classifier

& Naive Bayes Classifier
— Given

Class Prior P(Y)
d conditionally independent features X given the class ¥
For each X;, we have the likelihood of P(X,/Y)

— Naive Bayes Classifier Function

fnp(x) = argmaxy_,P(Y = y) [l1<i<a PXi = x;|Y = y)

* Bayes Risk & 2|43} ot= 2|A 9| classifier



The naive Bayes classifier

& Naive Bayes Classifiere| X|&
— Problem1 : naive assumption
. MR X W4 S ABNS JhaCt

T BA2 - L

— Problem?2 : 24 &tot et& A|AF Z¥Naive Bayes Classifier Function
« MLE 9| B2, GIO|&|7| &&3X| %2 3% A 2 + ULt
o ASE[Z] Q12 HEo| SER 022 Albhgt
« MAP2| &2, stupid prior?} 24|€ 4 QUCt.

A
« 2L} prior2 MLEQ} 22 2A|Hd2 ol 2 4= ULt



Apply the naive Bayes classifier BEOAN

to a case study of a text mining

@ ReviewOl| Ci2t Sentiment Analysis

— 2|/ 7} positive oF Z|, negativeetA| &Fot= classifier

Capture from Amazon

Janeway's immunobiology (Immuncbiology: The Immune System (Janeway)) [Papermack
Buy New Rert
$83.49 & reer shipping $29.23 « $37.50 o ruee stippieng
In Stock " Stock
o Exdiiied by A
268
e avazen

Arwnson Oy Seey e Leed Yem

Capture from Amazon

Most Helpful Customer Reviews

A lot of information, but weird presentation

£ | Was this review helpful 1o you? Y85 No




Apply the naive Bayes classifier

to a case study of a text mining

& ReviewO| LSt Sentiment Analysis

— Hot or cool?




Apply the naive Bayes classifier

to a case study of a text mining

& Bag of words

Most Helpful Customer Reviews

15 of 16 people found the following review helpfu

122.2.¢ A lot of information, but weird presentation June 10,2012
By couchpotato

Format Paperback | Amazon Verified Purchase

| was heavily reliant on this book for an immunology course | took as an elect
book is very detailed, and its scientific journal-like diction helped me a lot whi
were already versed in the topic of immunology,somewhat, and not for peopl
the first system. Chapter divisions were really nice and so were the summari¢

in a nracadinn dianram and rnnild havae haan ciimmarizad nntn a cinnla nar

— HIE <1,0,0,1>
— O] 2|AE !, cool, Icd, reliant)
- 0] 2|52 192 reliantE Z &5t Qe HS < 4+ ULt



Apply the naive Bayes classifier

to a case study of a text mining

& Sample Dataset

— Bag of words
+ 200 documents
* 29000 unique words

— C(Classes
* Positive Sentiment N
e N tive Senti t N or P7} given 'd Q%I'O'“*-I,
SOaHVE SEnHmen e cHojS0] SRS HE0f
NorP et 24
— Naive Bayes classifier0f| & F ]_T

fnp(x) = argmaxy:yP(Y =M 1<ica PXi = x;ilY = y)
You need to calculate...

P(Y =y)
P(X; = x|Y =y)




Apply the naive Bayes classifier

to a case study of a text mining

&ecxample
*File1 : bag of words
— Row: documents / col: words / value: word?| 4 £ (10r0)

1 2 : : 28999 29000 |words
1 1 0 0 1 0 1
2 1
1 0 0 0 0 0
: 0 0 1 0 1 1
199 0 1 0 0 0 1
200 0 0 0 0 1 0
documents
*File2 : words
1 2 : : 28999 29000
apply easy : : simple |complicate

*File3 : document® positive or negative E3d (y4k given)

1 2 : : 199 200
1 1 : : 0 0




&cxample

X*bagotword(sanpla, ).
Vocant imant {<ample. 2 ):

cnlkbvv “ gnestinum¥ord ) /1000, MAP £
for + =1 numVord
tor ISl N
It X().1) »= )
entXbyVii1 VOJl)el)=entXhyVi i V(Jlel)el
wind
end
end
entyY = Jeros(d. 1),
lor J=1 N
i1 V(i) == ()
entYOl d=entVil )« MLE %%
Al BT

et Y(2) v entVi2)e):
ond

ond

probeXbyy¥ =« ceraos(nueWord,. ),
tar |+ = | numWaord
for =) 2
probeXbyV(i. J) = entXbyV(l . J) / entV()).
wind

vny



&ecxample

probusSent iment = seros( 198, 2):
fer 1=l 7199
Ior k = 1°2
proballent iment (| k) = 1,
tar J=1 nun¥ara

1t XCE.}) »e Likelihood A|4t

probaSentiment (i b)) = probhaSent bment (s b)) o probnXbyVii k)
else
ProbusSentiment(y k) probuSentimenttis k) « (1-probasXbyy(s . k)).
win
and
prahstant imant (. k) = prohsSeant iment (i ) « probaVisy ). Prior ﬂ' 7:||+_|'
s HH| 2t A4k

louProbsSent jewnt = Zeros(198.2);
lor =1 198
tar k = .2
lagPrabaSant imont (i k) = ().

tar J=1 num¥ard 27 '6='I|-_Jlk_ §El-.g.

FE XS o= i
logProbuSent iment (i k) < louPrubsSentiment (i k) + logl probeXbeVii k) )
elge
luaProbLsSentisvnt (i k) = loaFrobssentiment (i k) « loal 1 probsXby¥YCl . ¥) ).
ona
ana

(agPrabheSant imont (i k) = loaProbecSontimont (i k) « 1oal proahaYik) ).
"'Il'

ond



estSent iment = Jeruw(198 1) S| A md
for + = 1198
It probsSantimant (i, 1) > probsSent iment (| )
antSant imant (1) = ().
alee
cstSent iment (i) = 1,
ond
und
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