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name age income loan_decision

Sandy Jones youth low risky
Bill Lee youth low risky

Caroline Fox middle_aged high safe Y
Rick Field middle_aged low risky — —
Susan Lake senior low safe Classification rules
Claire Phips senior medium safe _—
Joe Smith  middle_aged high  safe =

o

IF age = youth THEN loan_decision = risky
IF income = high THEN loan_decision = safe
IF age = middle_aged AND income = low
THEN loan_decision = risky
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name age income loan_decision
Juan Bello  senior low safe
Sylvia Crest middle_aged low risky
Anne Yee  middle_aged high safe
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Classifier
(Model)
Bill__|Professor | 2 | yes

Dave |AssistantProf| 6 | no |l IF rank ="professor
Anne |AssociateProff 3 | no MM ORYyears>6

THEN tenured = ‘yes’
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3 s Info(D) =1(9,5) =——1o0g,(—) ——1log,(—) =0.940
g omp £ (D) =1(9,5) v 92(14) ¥ 92(14)
age |income [student| credit_rating |buys computer _ 2 - .

<=30 _|high no [fair no Info_ ., (D)= = X (—=log, — — ; log, —j )
<=30 |high no |excellent no i ' > TS 5 77O
31...40 |high no |fair yes +i ( _4 log, 4 0 log, i ;.
>40  |medium| no [fair yes 14 4 R i
>40  |low yes |fair yes +i < _‘_j log, = log, —)
>40  |low yes |excellent no 14 - 5 5 S5 775
31...40 |low yes |excellent yes = 0.694 bits.
<=30 |medium| no |fair no
<=30 |low yes |fair yes _
>40  |medium | yes |fair yes Gain(age) = Info(D) — Info,. (D) = 0.246
<=30 |medium | yes |excellent yes
31...40 |medium | no |excellent yes
31...40 |high yes |fair yes
>40  |medium| no |excellent no
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income student credii_rating class ncome student credii_rating class
high My fair no medium noe fair yes
high e excellent no low yes fair yes
medium ne fair no Lo Yes excellent no
low yes fair yes medium YEes fair yes
medium yes excellent yes medium no excellent no

income student credil_rating class

high no fair Yes

low YEes excellent yes

medium (8] excellent yes

high Vs fair Yes
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<=30 |high no (fair no
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Bayes ¢ ,q9

o(H | x) - POTHOP(H)

D Joge s

P(X)

s o0 4255 posterior probability b ;e Jla=P(H|X) &

prior L i oYlisl g el oo i 51, P(H) L P(X) Lbe s @
wsle probability
H s b 2,8 L5 o by s X diges canlice Jlozs! (likelyhood) P(X|H)
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P(X | H) (likelyhood)

P(H) (prior probability)

TR iyt Y A g A S
P(X) (evidece)
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P(H|X) (posteriori probability)

P(X |H)P(H) 0.5x1/50000

P(H | X) = — 0.0002

P(X) 1/20

 posteriori = likelihood x prior/evidence



Naive Bayesian classification
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Naive Bayesian classification
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P(CIAA .. A)=(AA.ACIP(C)

P(AA...A)
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Naive Bayesian classification
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Class:

Cl:buys computer = ‘yes’

C2:buys _computer = ‘no’

Data to be classified:
X = (age <=30,
Income = medium,
Student = yes
Credit_rating = Fair)

m
-
-
>40  Jlow | yes |far |yes
>40 Jlow | yes |excellent | no




JL‘“’ dolo| m redit_ratin

T

P(C): P(buys_computer = “yes") = 9/14 = 0.643 ki h!gh L e)fce||ent ‘
P(buys_computer = "no") = 5/14= 0.357
-I

Compu‘1\'e P(XIC)) for each class“ " .-.
P(age = "<=30" | buys_computer = "yes") = 2/9 = 0.222 -m
P(age = "<= 30" | buys_computer = "no") = 3/5= 0.6 -..
P(income = "medium” | buys_computer = “yes") = 4/9 = 0. m
P(income = "medium” | buys_computer = “no") = 2/5 = 0.4% _ \
P(student = “yes" | buys_computer = "yes) = 6/9 = 0.667 ks
P(student = “yes" | buys_computer = "no") = 1/5= 0.2
P(credit_rating = “fair" | buys_computer = “yes") = 6/9 =
P(credit_rating = “fair" | buys_computer = *no") = 2/5 =

540 |nedum| o [ewelent | o
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X = (age <= 30 , income = medium, student = yes, credit_rating = fair)

P(X|C,) : P(X|buys_computer = "yes") = 0.222 x 0.444 x 0.667 x 0.667 = 0.044
P(X|buys_computer = "no") = 0.6 x 0.4 x 0.2 x 0.4 = 0.019
P(X|C.)*P(Ci) : P(X|buys_computer = "yes") * P(buys_computer = "yes") = 0.028
P(X|buys_computer = "no") * P(buys_computer = “"no") = 0.007

3410 @les ("buys_computer = yes™) oM a X 2l by azs



Naive Bayesian classification

Bgs oo yiwo & ylae S5 oST (bl yhuo (b i Yl 31 S S
Sgud o 8,5 ool b S3g plw goud yao 3l Jol Ll (w50

Laplacian ) poS o soliiwl WY ruseai 31 i Jo sl 52
(correction

g o0 8)lg (rual Wjgo 4 WU o Jloda! il yao gl b, o2l o
Cls wlgz g0l bl SO 40908 adlsl Cawl Iy jlaun 0010 dc oo (492

- A JL@»‘ edl> Cﬁ‘ 39
Origmal : P(4, | C) = \jr—-

C

N, +1
N_+c

Laplace: P(4, |C) =




Naive Bayesian classification

Ol 3045 S (5815 0,95 Veee b oold asgame S 1 Lo
(Dol =alys °
9 (A4 ) lawgio =l yo @
(V)Y =uolyo
> 2 ) Hlade 90,8 adlal 1 WHLY Zumad jl oolaw! ©
Prob(income = low) = 1/1003

Prob(income = medium) = 991/1003
Prob(income = high) = 11/1003
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gaisdsiws 51y IF-THEN cpilgd 51 o0lasus!

IF-THEN  yilgd &g as gwild gimlos ©
R: IF age = youth AND student = yes THEN buys_computer = yes
R: (age = youth) (student = yes) = (buyes — computer = yes)

9 50 aidS (gil6 pode by byl iy Jsl GiS 4

(Rule antecedent or precondition) °

(Rule consequent) sgis o asS JB L il pgo jidu 4

a5 0gd oo a5 FMasl ;o Wgd 0,9l lassie U S olpaS Sy
(The rule is satisfied) wloas Lo, lals 1o oo

(the rule covers the ftuple) coul ools i |, bG o8 g ©
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coverage(R) = —nT‘gel"S

accuracy(R) = Deorrect

nCOVCf‘S
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credit rating?

excellent

3 gl W 35 A bt o puonad CS 50 3l ol ] g piled 1 JLio

IF age = young AND student = no THEN buys_computer = no
IF age = young AND student = yes THEN buys_computer = yes
IF age = mid-age THEN buys_computer = yes
IF age = old AND credit_rating = excellent THEN buys_computer = no
IF age = old AND credit_rating = fair THEN buys_computer = yes



(Sequential Covering Algorithm) .3y sdigs o o
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IF {3} THEN loan=accept -
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THEN lean_decision - accepy

/

IF loan_term . lonp IF income medium

IF loar_term .. shon
THEN loas_decision

- GCCEPL

/

IF income . high AND

age .. youih
THEN loun_decision

- Gecept

SN T e, T AR

IF income - high

THEN loan_decision THEN loan_decision - gecept THEN logn_decizion

IF income .. hiph AND
ape .. middie_ape
THEN logn_decivion

IF income .. high AND
credil_rating - fair
THEN loan_decision

IF income — high AND
credil_rating - exceilent
THEN loan_decision - accept
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Algorithm: Sequential covering. Learn a set of IF-THEN rules for classification.

Input:

D, a data set of class-labeled tuples;
Att_vals, the set of all attributes and their possible values.

Output: A set of IF-THEN rules.
Method:

(1) Rule_set = {}; // initial set of rules learned is empty

(2) foreach class cdo

(3) repeat

(4) Rule = Learn_One_Rule( D, Att_vals, ¢);

(5) remove tuples covered by Rule from D;

(6) Rule_set = Rule_set + Rule; // add new rule to rule set
(7) until terminating condition;

(8) endfor

(9) return Rule_Set;
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Rules for the class loan_decision = accept, showing accept (a) and reject (r) tuples.
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Entropy(D) = — z pilog;(p:)
i=1
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9 9 5 5
Entropy(D) =1(9,5) =——1log,(—) ——Ilog, (—) =0.940
py(D) =1(9,5) = 92(14) 7 92(14)
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(Confusion Matrix): gucoaiows pxww b ;Lo

Confusion Matrix:

Actual class\Predicted class C, - C;

C, True Positives (TP) False Negatives (FN)

-C False Positives (FP) True Negatives (TN)
1 Ja

Cuizdlo\¢ iy (i a=piguolf 1)b pb=3quoll 30 200
cLb=)_)9.LLoLY)_\ J0 6954 46 7000
)_l_n=p9.1_LoLY V)0 412 2588 3000
a0 /7366 2634 10000
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Sowo sl # 5 L (Accuracy oaseis Essensitivity)couls ol ©

Al oalds (gaisdil w4y aS
Accuracy = (TP + TN)/AlI Sensitivity = TP/P
= s(Specificity) o0 o> e

6:_6]5 e At

*Error rate: 1 — accuracy, or <
Specificity = TN/N

Error rate = (FP + FN)/AII
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Precision= TP+FP
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reca”= TP+FEN

RecallPrecision ., Sige,lo .5l :F-measures ¢

2*Precision *Recall

F= Precision +Recall .precision and recall _js Lxe: FB $

Dadee plais! fog casyo 4l 59 5LLP
(1+B2)*Precision *Recall

B2 *Precision +Recall



Actual Class\Predicted class cancer = yes cancer = Total Recognition(%)
no
cancer = yes 90 210 300 30.00 (sensitivity
cancer = no 140 9560 9700 98.56
(specificity)
Total 230 9770 10000 | 96.40 (accuracy)
* Precision =90/230 =39.13% Recall =90/300 = 30.00%
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Accuracy, recognition rate TP+TN
P+N
Error rate, misclassification rate FP+FN
P+N
Sensitivity TP
P
Specificity TN
N
Precision TP
TP+FP
FF,, F-score: 2*Precision *Recall
recall sprecision :ys Kilw
Precision +Recall
(1+B2)*Precision *Recall
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Estimate

Training
accuracy

set
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Estimating accuracy with the holdout method.
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T-test
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TABLE B: »-DISTRIBUTION CRITICAL VALUES

- Tail probability p

m 25 20 15 0 W05 @25 .02 .01 005 .0025 .00l .000S

1000 1376
816 1061
765 978
741 941
727 920
T18 906
896
889
833

1
2
3
4
5
6
7
8
9
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bootstrap aggregatlon (bagglng)
S gy iz 1l bl g g ko (adeid ylao @

Algorithm: Bagging. The bagging algorithm—create an ensemble of classification models
for a learning scheme where each model gives an equally weighted prediction.

Input:
D, a set of d training tuples;
k, the number of models in the ensemble;

a classification learning scheme (decision tree algorithm, naive Bayesian, etc.).

Output: The ensemble—a composite model, Mx.
Method:

(1) fori=1to kdo// create k models:

(2) create bootstrap sample, D;, by sampling D with replacement;
(3) use D; and the learning scheme to derive a model, M;;

(4) endfor

To use the ensemble to classify a tuple, X:

let each of the k models classify X and return the majority vote;
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