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I ¢ A1 Atbib2  Alibd  Class Learning
1 Yes Large 128K NO a] g orithm
2 [No Medium | 100K | MNo
L 3 [No Small 70K No
e e S Induction
examples 5 |No |rarge  |osk  |ves
(training 5 |No [Medium [eok  |No
insta nces) 7 Yes Large 220K NO Learn
8 [No Small 88K Yos Model
9 |No Medium | 75K No \
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Training Set / m
Apply
7id Atrib1  AMnib2  ANAb3 Model
Test /
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Status
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Taxable

Income Cheat
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Status
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Y N S C i N . ) 300
cancer) =——
Y i Y 200 1800 4300
N N N 100 2200 ) 200
P (smoke | cancer)=——
N Y ( | S
300 _ 200
P ( ~ faye] = P (cancer) P (smoke | cancer) 24300 A 300
cancer =yes |smoke = yes) = T = -
4000 _ 1800
N P (carncer) P (smoke |Caficer) 2300 ~ 2000
P (cancer|smoke) =1 - P (cancer | smoke) = =
P (smoke) a
—_— 3 _ 2 40 _ 18
If you need to compute the exact probabilities: a = ekl Rk
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i, Age Weight - Healthy / Patient
25 60 117) Healthy
27 80 14 Patient
X: (Age=23, Weight=65, Blood pressure=13)
_ P (healthy) P (X | healthy) ; _ P (patient) P (X | patient)
P(healthy | X) = P X , P(patient | X) = PO
P (healthy) P (X | healthy) - P (patient) P (X | patient)
P (X) = P (X)
P(healthy) _ count of healthy people ’ P(patient) _ count of patient people —1— P(healthy)

count of examples count of examples

count of healthy people with age=23 & weight=65 & blood pressure=13

P (X | healthy) = count of healthy

—— Unlikely!!

14



@ Naive Bayes o atw

df/:&‘&h
uLMDm'J
Semnan University
T Al s SO0 4 s byl jeb 4 by Sg i g ilwooll 5,8

n
PX|C)=T] P(.\'k [af =P(.\'1 Ci)xP(x \C;‘)X---XP(.\'” | C;)
k=1 i

@ dges Al 2,8 Lo Xk Jlade Ak Fhg as o lid a5 cl Db yd sl P(xK|Ci)
Syl 3l C1 IS

15



&

c}&’:?'!
o boww 881>
Semnan University
O o

W 00 N OO B W N =

= e e e
B W N =2 O

youth
youth
middle
senior
senior
senior
middle
youth
youth
senior
youth
middle
middle

senior

high
high
high
medium
low
low
low
medium
low
medium
medium
medium
high

medium

No
No
No
No
Yes
Yes
Yes
No
Yes
Yes
Yes
No
Yes

No

fair
excellent
fair
fair
fair
excellent
excellent
fair
fair
fair
excellent
excellent
fair

excellent

No
No
Yes
Yes
Yes
No
Yes
No
Yes
Yes
Yes
Yes
Yes

No

Jls
Prior P (bU\/ = Y) 9/ 14 =0.643
probabilities P (buy = N) 5/ 14 =0.357

Compute P(X, | C;) for each class and each attribute

P (age <30 | buy =Y) 2/9=0.222
P (age < 30 | buy =N) 3/5=0.600
P(31 <age<40|buy=Y) 4/9=0.444

P(31 < age <40 | buy =N) 0

P (student =Y | buy =Y) 6 /9=0.667
P (student =Y | buy = N) 1/5=0.200
P (credit =F | buy =Y) 6/9=0.667
P (credit = F | buy = N) 2/5=0.400

Training
~ phase
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X = (age <= 30, income = medium, student =yes, credit_rating = fair)
5 A

P(X|buys _computer=“yes”) =0.222 x 0.444 x 0.667 x 0.667 = 0.044
P(X|buys _computer=“no0")=0.6x0.4x 0.2 x0.4=0.019

P(X|buys _computer = “yes”) x P(buys_computer = “yes”) =0.044 x 0.643 =0.028
P(X|buys _computer=“no”) x P(buys_computer= “no”)=0.019 x 0.357 = 0.007

Therefore, X belongs to class (“buys_computer =yes”)
With what probability?
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P(X|c;) = TI1P&rlCy)
k=1
= Example:

" Consider a dataset wit‘h 1000 tuples, income=low (0), income= medium (990), and
income = high (10)

= Use Laplacian correction (or add-one smoothing)
= Adding 1 to each case

" Prob(income =low) = 1/1003
" Prob(income =medium)=991/1003
* Prob(income = high)=11/1003
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from cltloaarn datacate Amnartd make rlacecifircratinn

from sklearn.neighbors import KNeighborsClassifier

clf = KNeighborsClassifier(n_neighbors=1)
LRSI O
print('with k=1: ', clf.predict([[-2,-2], [1,1]]))

clf = KNeighborsClassifier(n_neighbors=3)

clL ST (X))
print('wWith k=3: ', clf.predict([[-2,-2], [1,1]]))

With k=1: [1 1]
With k=3: [0 1]
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Z=wy+w X +wrX, +--+w,X,

Logistic regression

A5 i |y oS Lag aSl gl s camo o @1, | Cilites (gla IS Jlos]
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o(Z) =

1
1+e—Z

1.00

0.75

0.50

025

0.00
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i Predict y=1if o(z) > 0.5
Thatis, predicty=1if wg + w1 X; + wp X5, + - =0

SIY=1 oS S o e i Jlie sl p

—3 F Xy F Az =0
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Support Vectors
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Feature Space

A

http://thecaffeinedev.com/2-support-vector-machine-learning-math-behind-part2/

Input Space
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clf = svm.SVC(kernel="linear") clf = svm.SVC(kernel="rbf")
clf.fit(X,y) clf.fit(X,y)
8t 8
6 1 6
4t 4
° °
- 2 § 2
g g
0t 0
-2 -2
-4 4 -4
4 2 o 2 4 & 8 % 2 o 2 & & 8
Feature 1 Feature 1
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cLf . fit(X,y)

_C =10000, gamma = 0.5
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