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e AHT ?

Tid fZffEsk ISR FRA BEERE

P
NG
1
X

1 Yes Large 125K No

2 No Medium 100K No

3 No Small 70K No

4 Yes Medium | 120K No UEI ?Vﬂ

5 No Large 95K Yes

6 No Medium | 60K No

7 | Yes Lage  |220K |No Learn

8 |No Small 85K Yes Model

9 No Medium | 75K No

10 | No Small 90K Yes ﬁjmﬂ

~
Y ZLE / ey

Apply
Tid Attrib1 Attrib2 Attrib3  Class MO d & I
11 | No Small 55K ?
12 | Yes Medium 80K ? N
13 | Yes Large 110K ? EFE}E
14 | No Small 95K ?
15 [ No Large 67K ?
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o Decision Tree (= % 4)

Naive Bayesian (4% W *t7)

KNN (K- 4R & 75 i%)

Support Vector Machines (3 4@ =4L)

Neural Networks (A L AP 4 1 %)
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Tid Refund Marital
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Yes
No
No

Yes
No
No
Yes
No
No
No

Status

Single 125K
Married |[100K
Single 70K
Married |[120K
Divorced |95K

Married |[60K
Divorced |220K
Single 85K
Married |[75K
Single 90K

Taxable
Income

No
No
No
No
Yes
No
No
Yes
No

Yes

Cheat

IS SE/EE S

1

71

Refund |‘.
Y‘ey y
NO MarSt

Single, Di¥orced

< sorf/
NO

w‘arried

TaxInc NO

\> 80K

YES

P
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(SRURTERY =% NS
Refund Marital Taxable

Status Income Cheat

Refund No Married |80K ?
Y‘ey QO o
NO MarSt
Single,y/orced \Il/larried /,// HE % “No”
TaxInc NO -~
<8o§// \\>80K
NO YES
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Tid Refund Marital Taxable
Status Income Cheat

1 Yes Single 125K No
2 No Married |100K No
3 No Single 70K No
4 Yes Married |120K No
5 No Divorced |95K Yes
6 No Married |60K No
7 Yes Divorced | 220K No
8 No Single 85K Yes
9 No Married |75K No
10 |[No Single 90K Yes

MarSt

Marri‘ed/

Single,

\%ﬁ)rced

NO

Refund

Ye?/

NO

<wy’
NO

QO

Taxinc

\:%K

YES
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Tid Refund Marital Taxable
Status Income Cheat

1 |Yes Single 125K No
2 |No Married |100K No
3 |No Single 70K No
4 |Yes Married |120K No
5 |No Divorced | 95K Yes
6 |No Married |60K No
7 |Yes Divorced | 220K No
8 |No Single 85K Yes
9 |No Married |75K No
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Single 90K Yes
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¢ Nominal (FARA)
¢ Ordinal (5 # 7))
¢ Continuous (£ 4:7)

© AR2: BMEXSNS KT
2
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o HX]/
o ZX|H

Small Large {Medium ‘ {Small, -
Medium Large) ’ {Small} Large} {Medium}
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Taxable
Income
> 80K?

Yes No

(i) Binary split

Taxable
Income?

[10K,25K) [25K,50K)  [50K,80K)

(i) Multi-way split
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B AR THFR, T mmR] 57

Xi4>Hi: 10 records of class 0,
10 records of class 1
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B 5 Ew R ey E it (Impurity) B 24845
* Gini Index (Gini A& %¢)
* Entropy (12 &1§)
e Misclassification error




AL : Gini Index

GINI(t)=1= [p(j|D

J

Hde P(lORLE T AP £ ARG A ST &)

C1 0 P(C1)=0/6=0 P(C2)=6/6=1

C2 6 Gini=1-P(C1)2-P(C2)2=1-0-1=0
C1 1 P(C1) =1/6 P(C2) = 5/6

C2 5 Gini =1 - (1/6)2 - (5/6)2 = 0.278

C1 2 P(C1) = 2/6 P(C2) = 4/6

C2 4 Gini = 1 — (2/6)2 - (4/6)2 = 0.444




RAZENMENE : Entropy

Entropy (t) == p(j |[t)log p(j 1)

Hde P(lORLE T AP £ ARG A ST &)

C1 0 P(C1)=0/6=0 P(C2)=6/6=1
C2 6 Entropy=-0log0-1log1=-0-0=0

C1 1 P(C1)=1/6 P(C2) = 5/6
C2 5 Entropy = — (1/6) log, (1/6) — (5/6) log, (1/6) = 0.65
C1 2 P(C1) = 2/6 P(C2) = 4/6

C2 4 Entropy = — (2/6) log, (2/6) — (4/6) log, (4/6) = 0.92




A4 EE . Misclassification error

Error(t) =1-max P(i | 1)

Hde P(lORLE T AP £ ARG A ST &)

C1l 0 P(C1)=0/6=0 P(C2)=6/6=1

C2 6 Error=1-max (0,1)=1-1=0

Cl 1 P(C1)=1/6 P(C2) = 5/6

C2 5 Error =1 - max (1/6, 5/6) =1 - 5/6 = 1/6
C1 2 P(C1) = 2/6 P(C2) = 4/6

C2 4 Error =1 - max (2/6, 4/6) =1 - 4/6 = 1/3
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i Entropy ]
0} ]

0.7 ]
06| i

05k . i
Gini
0.4 |

Ean 4

02k Misclassification

error
0.1k




HFGini Index BB &ERI45

o Parent
C1 6
Yes No
C2 6
Node N Node N2 Gini = 0.500
N1 | N2
Cl 5 1
C2 2 4
Gini=0.371

Gini(N1) = 1 — (5/7)2— (2/7)? = 0.408
Gini(N2) = 1 — (1/5)2 - (4/5)2 = 0.320
Gini(Children) = 7/12 * 0.408 + 5/12 * 0.320= 0.371




HTFGini Index RSB E

B A4 69 NE X 9 £ 1+ A L Gini Index
B L RE 5 £ 09Gini Index, M ik F A% o

Two-way split

Multi-way split : (find best partition of values)
I
.
{Sports, . {Family,
CarType : Luxury} {Family} {Sports} Luxury}
Family | Sports | Luxury C1 3 1 C1 2 2
C1 1 2 1 : Cc2 2 4 c2 1 5
C2 4 1 1 : Gini 0.400 Gini 0.419
o 0395 |
| {Family,
: { Luxury } Sports }
\ C1 1 3
: C2 1 5
| LGin 0.475
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B AR ARBFEHALENIMRTAFH AL 0HE

P(A N B)
P(B)

P(A|B) =

B AT HL: P(A|B) 5 P(BJA) #9 Z 3%

P(ANB) P(B|A)P(A)
P(B)  P(B)

P(A|B) =




W 5 XA AR N vt AL

PO|D) = = wp'(i;f (9
EY S

PO|D) x P(D|6)P(O)

posterior likelihood prior

Bayes, Thomas (1763) An essay
towards solving a problem in the
doctrine of chances. Philosophical
Transactions of the Royal Society of
London, 53:370-418




B HEENIATZX, Xy, X)) AR EIRE T SYHAE
mARIE =

B SR B AR (X, Xy, Xp)
© rRHY H AU EHNNZARAS SR IEARAEY B HUE

B ARIE N vH AT 2 AR, XFP(Y| X, Xy, ..., X, )Z4EF

P(X,X, - X_ | Y)P(Y)
P(X X, X)

P(Y | X X, X ) =
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P(X1,X2]Y) = P(X1]Y)P(X32|Y)

H i) B — AT

d
P(Xq1..X4lY) = H P(X;|Y)

=1
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B AHEE PRI AT AZ &
o RIFENEEHHAZ 8 P(Y)
o B AAREYR SR 098 X
o R FAEA R B X,, 3P GIY)

B vt A7 E AL

fnp(x) = arg max P(zy,...,zq| y)P(y)
d
=mm@ﬂIP%MHw
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MR UM £1RE: B+

Name Give Birth Can Fly |Live in Water| Have Legs Class .

human yes no no yes mammals A: attrlbUteS
python no no no no non-mammals
salmon no no yes no non-mammals M: mammals
whale yes no yes no mammals
frog no no sometimes |yes non-mammals N: hon-mammals
komodo no no no yes non-mammals
bat yes yes no yes mammals
pigeon no yes no yes non-mammals
cat yes no no yes mammals 6 6 2 2
leopard shark |yes no yes no non-mammals P(A | M) =—x—-x—-x—-=0.06
turtle no no sometimes |yes non-mammals 7T T
penguin no no sometimes |yes non-mammals 1 10 3 4
porcupine yes no no yes mammals P(A|N)=—x—x—x—=0.0042
eel no no yes no non-mammals 13 13 13 13
salamander [no no sometimes |yes non-mammals 7
gila monster  |no no no yes non-mammals|  P(A|M)P(M)=0.06x—=0.021
platypus no no no yes mammals 20
owl no yes no yes non-mammals 13
dolphin yes no yes no mammals P(A | N)P(N) =0.004x—=0.0027
eagle no yes no yes non-mammals 20

Give Birth CanFly |Livein Water| Have Legs Class P(AlM)P(M) > P(AlN)P(N)
yes no yes no ?

=> Mammals
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B ABELTER —CHRRMOFEAT LR T/

B 3 AR AT B AT 5 AR I A R4

B AP BB AR, AN E W AR BT ARIT R

WA MR AR, F 2R A K, 42 Bayesian
Belief Networks (BBN) <.
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12 %5 0] 91= 8

B AT ERAREZ6H(1/0), FATTVAEEP (YX) -

PY =1)x) = —Plwo Tt 2 WiKi)
1 + exp(wo + Y _; w; X;)

o :

Logistic Function (or Sigmoid Function):

_exp(z)
) = 1+ exp(2)

logit (z)

z = Wy + E w; X;
i




Z A0 R8N

WPy X AN IES

exp(wo + D, w; X;)

PlY =1X) =
( %) 1 +exp(wo + ) _; wiX;)
= P(Y = 0|X) = !
N - 1+ exp(’wo - = Z,{,‘ ’LU@,X%)
P(Y = 1|X) I
_ X 2
B - o

1
=lwo+ > wX; =0 R HAER) |
0




ZEEOIRE: SoRFE

B %5 KREY E{y, ...V}, AL S »EFER

B k<K
exp + 54w X
P(Y — yk|X) — K_(lwko 22—1 w]:l )
1+ 357 exp(wjo + Ximq wjiX;)
B k=K
1
P(Y = yg|X) =

1+ Y5 exp(wjo + 24 wjiX;)




ZEEEFER . REdhiT

B 4 BARER:

(XD, vy wh x6) = (xP  x)

[ EJ’H‘ 'féﬁ‘j;\é’i Wo W, ... Wy

BRI W KPARAE 7

n . .
WNCOLE = arg max 1] P(Y(3)|X(J),w)
j=1




ZEEEFER . REdhiT

P(Y =1 X,w) = exp(wo + >; wiX;)
) 1 + eXp(wO _|_ ZZ w’LXz)

exp (y(wo + >; w; X;))

e P(Y = X,W — ‘
( Y| ) 1+ exp(wg + 32 w; X;)

1
1 + exp(wo + >; wi X;)

—

(w) = InJ[P (y(j)‘x(j), W)
J
. d _ ] |
=13 [y(ﬂ) (wo + Zwixi(j)) —In (1 + exp (wo + sz’fc?)))]
j ; :

max |[(w) - min—I(w)

KAJE R 7Y ( Gradient Descent ) SR g% o) i)
e E
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Refund Marital Taxable

Status Income Cheat

No Single 75K ?
Refund Marital Taxable Yes Married |50K ?
Status | Income No Married | 150K ?
1 |Yes Single | 125K No Yes Divorced |90K ?
2 |No Married | 100K No No Single 40K 2
3 |No Single 70K No No ied |80K ?
4 |Yes Married |120K No Mﬁ
5 [No Divorced |95K Yes BAEE
6 |[No Married |60K No \
7 |Yes Divorced |220K No l
8 |No Single 85K Yes L )
9 [No Married |75K No classifier R
10 [No Single 90K Yes \

e IVAE
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B AR E R loss(Y, f(X)) k= EXEAMNEE AL R
PR AR Z ] 69 AL

B B3R 0T T AR K oy 2 e T

loss(Y, f(X)) = Lir(x)#£Y) 0/1 loss

L(Y, f(X) = |Y — f(X)| Absolute Value loss

loss(Y, f(X)) = (Y — f(X))? square loss

L(Y,P(Y|X)) = —logP(Y|X) logarithmic loss function




Y. ESCXReFIEE X

B AER&/4% (True Risk) : #5288 R FAE—A
kFo bt K8 L AT R A F) R A IR £,
o Blde kM FaE S BE P(F(X) £Y)
o e )3 5T F 89 E[(F(X) — Y)?)

m 25 i % (Empirical Risk) : &A% 40| 45 4E
EAEAMIRER K. L

© DARABE LB FHE 2 oo
 DIABAER LA B AT A Y e -y
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WA ISR E T e

Prediction
Error

i g @ el
empirical risk -

fixed # training data

true risk

Complexity




A

B RERRAFHEE (confusion matrix)

TIN5
Class=Yes | Class=No

. Class=Yes a b
HACH) K (TP) (FN)

P2 Class=No C d

(FP) (TN)

.. a

Precision (p) =
a—+c¢
Recall (r) =
ecall (1) oy
2rp  2a

F - measure (F) = =
r+p 2a+b+c

a: TP (true positive)

b: FN (false
negative)

c: FP (false positive)

d: TN (true negative)
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