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| Training data |
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Classification rules

me age income loan_decision

Sandy Jones young low risky

Bill Lee young low risky

Caroline Fox ~ middle_aged  pigh safe

Rick Field middle_aged  Jow risky

Susan Lake Seﬂ-:lOI' low safe

Claire Phips senior medium  safe IF age
Joe Smith middle_aged  pigh safe

IF age

IF income = high THEN laan_decision = safe

THEN loan_decision = risky

= yauth THEN loan_decision = risky

= middle_aged AND income = low

&oLuo 0usLiils sole Ol o0l ke doun

b ymai axlgs o idls

5/20/2012



SR dwd 0 5l Al 50 93 a2

Jaa 3l eolanwl ®

Classification rules

Tast data |
name age income loan_decision { Tohn Henry. nﬂddle_agedk
Juan Belle senior low safe L
SylviaCrest  middle_aged  low risky Loan decision?
Ame Yee  middle_aged high safe l
nsky
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Classes buys_computer = yes | buys.computer = no || Total | Recognition (%)
buys.computer = yes 6,954 46 | 7,000 09,34
buys_computer = no 412 2,588 | 3,000 86.27
[ Total | 7.366 | 2,631 ] 10,000 | 95.52 |
[ € Cy
Cy || true positives | false negatives
C'y || false positives | true negatives
topos
sensitivity = s
pos
Capa oy tneg pos neg
spect fieity = —— accuracy = sensitivity —————— + speci ficity —————.
neg (pos +neg) [pos + neg)
El_j."U.‘-i

precision =

(t_pos + f_pos)
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Simple Bayesian Formula

P(B/A)P(A)

P(A/B) = "®)
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Naive Bayesian Classifier

age |income sstudentredit rating com

<=30 high no |fair no

Class: <=30 |high no |excellent | no
Cl:buys_computer =‘yes’ |31...40 |high no |fair yes
C2:buys_computer ='no”  [>40 medium| no |fair yes
>40 low yes |[fair yes

Data sample >40 low yes |excellent | no
X = (age <=30, 31...40 |low yes |excellent | yes
Income = medium, <=30 |medium| no |fair no
Student = yes <=30 |low yes |fair yes
Credit_rating = Fair) >40 medium| yes |fair yes
<=30 medium| yes |excellent | yes

31...40 |medium| no |excellent | yes

31...40 |high yes |fair yes

2o 0aStilo ake o 0l ple dpans >40 medium| no |excellent no
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* P(C=c|Al=alu... U Ak=ak) =
* P(Al=alu... U Ak=ak | C=c) P(C=c) / P(Al=alu... U Ak=ak)

coml gl BB e cop i gl a5l ) ;&Lw e P(C=C) d
e S s ol 36 2 5,8 e gl P(Al=alu... U Ak=ak) -
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® P(Al=alu... U Ak=ak | C=c)
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® P(Al=alu... U Ak=ak | C=c)

it JEns 08 31 oy 90 & LSy 45 sl () 3yl 3973 05Ls BAYES 55 Lo ¢
P(x|Cy) =[] PlaxlCi)
k=1

= P(x1|C5) »x Plxa|Cy) » ... Plzn|Ch).
P(Al=alu... U Ak=ak | C=c)= P(Al=al| C=c) * ...* P(Ak=ak | C=c)
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X = (age = youth, income = medwum, student = yes, eradii_rating = fair)

P{buys_computer = yes) = 0/14 = 0.643

Pibuys_computer = na) = 5/14 = 0.357

Plage = youth | buys_computer = yes) =2/0=0.222
Plage = youth | buys_computer = no) =3/5 =0.600
Plincome = medium | buys_computer = yes) =479 =10.444
P(income = medium | buys_computer = no) =2/5=0.400
Plstudent = yes | buys_computer = yes) =6/9 = 0.667
P(student = yes | buys_computer = no) =1/5=0.200

5
Pleredit_rating = fair | buys_computer = yes) =6/9 = 0.667
Plereditorating = fair | buys.computer = no)  =2/5

&obuo ousLiils oode Wl o0l doun
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P(X |buys_computer = yes) = Plage = youth | buys_computer = yes) x
Plinceme = medium | buys_computer = yes)
P(student = yes | buys_computer = yes) x
P(eredit_rating = fair | buys_computer = yes)
= 0222 x 0.444 = 0,667 x 0,667 = 0.044,
tasls sSes (IS (sl sgbe rnan
P X |buys_computer = no) = 0.600 »x 0.400 » 0.200 x 0.400 = 0.019,

P(X|CHP(Cy), 093 o 3Sa 929y Cilus tamline waser 28l O (855 I sl
el crlplis

P(X |buysccomputer = yes)P(buyswcomputer = yes) = 0,044 »x 0,643 = 0,028
P(X |buys_computer = na) P(buys_computer = no) = 0.019 x 0.357 = 0.007
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Bayesian Belief Networks

* Bayesian belief network allows a subset of the

variables conditionally independent

+ A graphical model of causal relationships

— Represents dependency among the variables

— Gives a specification of joint probability distribution
O Nodes: random variables

A Links: dependency

Q X and Y are the parents of Z, and Y is
the parent of P
O No dependency between Z and P
O Has no loops or cycles

Example: Bayesian Network

| Lung Cancer depends on Family History and Smoker |

Family History Smoker
Positive X-Ray @

FHS FH~S ~FH,S ~FH,~S

LC

0.8 0.5 0.7 0.1

02 05 03 0.9

Lung Cancer is conditionally independent of
emphysema. given Family History and Smoker
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Bayesian Belief Network

The conditional probability table
(CPT) for variable LungCancer:

(FH.S) (FH.~S) (~FH.S) (~FH.~S)

LC 0.8 0.5 0.7 | 01

~LC 0.2 0.5 0.3 0.9

CPT shows the conditional probability for
each possible combination of its parents

Derivation of the probability of a
particular combination of values of X,
from CPT:

n
P(X,,.... X,) = T1 P(xj|Parents(Y;))
i=1

Training Bayesian Networks

» Several scenarios:

— Given both the network structure and all variables
observable: learn only the CPTs

— Network structure known, some hidden variables:
gradient descent (greedy hill-climbing) method,
analogous to neural network learning

— Network structure unknown, all variables observable:
search through the model space to reconstruct
network topology

— Unknown structure, all hidden variables: No good
algorithms known for this purpose

* Ref. D. Heckerman: Bayesian networks for data mining
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