r’Measure of Impurity: Entropy
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. Entropy at a given node t
¢=1
Entropy = — Z pi(t)logap;(t)
i=0
Where p;(t) is the frequency of class i at node t, and c is the total number

of classes

¢ Maximum of log,c when records are equally distributed
among all classes, implying the least beneficial situation for

classification

¢ Minimum of 0 when all records belong to one class,
implying most beneficial situation for classification

— Entropy based computations are quite similar to the GINI
index computations
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Continuous Attributes: Computing Gini Index...
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A3 1 AR It ORI N U S5 A SB[t~ e e e ———

e For efficient computation: for each attribute,
— Sort the attribute on values

— Linearly scan these values, each time updating the count matrix
and computing gini index

— Choose the split position that has the least gini index

. ~

SIS ~ 'Annual lhgﬁ@m,e A o - .
Sorted Values —, " lzs [ es | iso | e | t00n 120 |Laas | 220 \
Split Positions —, ' or || 110 | 122 |

<= | >

-

172 230

<= >]<:

Yes 0|3

Nowl 0 | 7

043

3
116253

al3llsli2aisel 1
Ginl 0.4201[0.400 0375 || 0.343 || 0.417 \LMOO 0.300
|

7| 0|
| |

0.343 | 0.3711 0.400 || 0.420 |
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Continuous Attributes: Computing Gini Index...
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o For efficient computation: for each attribute, |
— Sort the attribute on values

— Linearly scan these values, each time updating the count matrix
and computing gini index

— Choose the split position that has the least gini index

r Cheat_- 0 0 b : : = m

Sorted Values __, Fith , =D o : 00 :
Split Positions — | 55 | g5 | 72 | 80 || 87 || e2° || o7 || 110 || 122 | 172 || 230

(<= > [[<=]>|[<=] > [l<=] > [I<=] > []<=| > [l<=] > [|<=| > }i<= > |l <= >4[i=_ >
Yes 073 2
No | EERY ERE
Ginl 0.343 || 0.417 |

}




Continuous Attributes: Computing Gini Index...
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e For efficient computation: for each attribute,
— Sort the attribute on values

— Linearly scan these values, each time updating the count matrix
and computing gini index

— Choose the split position that has the least gini index

DL TR e B ORI G 'Aﬁphaliln'covrﬁe O SR O
Sorted Values ., SEEW | 70 | 78| cesiiiisa i [ es | 100 | 120 |
Split Positions —, [ 4, 65 72 80
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Continuous Attributes: Computlng Gini Index...
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e For efficient computation: for each attribute,
— Sort the attribute on values

— Linearly scan these values, each time updating the count matrix
and computing gini index

— Choose the split position that has the least gini index

g No - _'P;o i ‘m;l-o- ' _;’—e;— Y.és | "Yes . m s Nao-° No
B | ;‘" ."‘ Lo Annuaanome ; oo ; :

Sorted Values ., [EE l : , 75° l 85 j 90, |95, | Joa- | 120 \ 125 | 220 |

Split Positions —, | 5 65 122 172 230

BN 51T <=]> <= >]l<=] >]

110
<=|>

72 80 87 82 97
<=[> [[<=] > [[<=]| > [|<=] > [[<=] >
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Continuous Attributes: Computmg Gini index...

. For efficient computation: for each attribute,

— Sort the attribute on values
— Linearly scan these values, each time updating the count matrix

and computing gini index
— Choose the split position that has the least gini index

Sorted Values __,
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Continuous Attrlbutes- Computmg Gini Index \
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Use Binary Decisions based on one
value

‘Home Maritall  Annual o . ite
~ Owner Status Income

S : e | 1 Sifigle '/ | 125K
1 Several Choices for the splitting value 2 |No .,‘a,',',ed 100K
— Number of possible splitting values |3 |no  |singie  [79K B
= Number of distinct values 4 |Yes |Mamies {120k [Ne T U
| Each splitting value has a count matrix ~ |> |"° Divarces |95 \Yeslgw
associated with it 6 |No  |Mamea 60K \\“°J i
. Tl Y Divorced 220K  |Na & =
— Class counts in each of the A Nis bm::: " i
. partitions, Asvand A>v e et |ne I
| Simple method to choose best v 10 {No  |single [BoK_|Yes <
— For each v, scan the database to Ansial B
gather count matrix and compute /\
its Gini index <80 >80
— Computationally Inefficient!
Repetition of work. Defaulted Yes | O @

Defautted No _ 3 ) 4
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Binary Attributes: Computing GINI Index

e Splits into two partitions (child nodes)
e Effect of Weighing partitions:

~ Larger and purer partitions are sought

p— 5 Parent
WL, C1 7
YCS///\NO CZ s
e, _— — Gini = 0.486
Gini(N1) [Node N1 [Node N2
=1-(SI6R-(106)2  [—T=Twus]
=0.278 N1 | N2 Weighted Gini of N1 N2
— Cl| 5% =6/12*0.278 +
3 lnI(NZ) e 1 4 6/12* 0.444
=1 - (2/6)2- (4/6)> Gini=0.361 e
=0.444 : Gain = 0.486 — 0.361 = 0.125
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s

c~1

Gini Indey = 1 - mez
=()

Cl 0
C2 6

PC1)=0/6=0 P(C2)=6/6=1
Gini=1-P(C1)2-P(C2)?=1-0-1=0

| Q1 l 1 ’ P(C1)=1/6  P(C2)=5/6

2 15 | Gini=1- (1162~ (s/6) = 0.278
| Q1 [ 2] P(c1)=26 P(C2) = 4/6
| 4 Gini = 1 — (2/6)2— (4/6)2 = 0.444
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Measure of Impurity: GINI

e Gini Index for a given node t :

c-1
Gini Index =1 — Zp,;(t)z

— For 2-class problem (p, 1 -p):
¢ GINI=1-p2—(1-p)2=2p (1-p)

C2 6 C2 5 C2 4\{c2\3j

— A.— 1 .
Gini=0.000 | Gini=0.278 Gini=0.444 } rGim=0.500 }

Ci 0 1 1 t_m 2 | | @ .

-
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Measure of Impurity: GINI T

e Gini Index for a given node t

c—1

Gini Index =1 — Zpi(t)z
i=0

Where p;(t) is the frequency of class i at node t, and c is the total
number of classes

— Maximum of 1 — 1/c when records are equally
distributed among all classes, implying the least
beneficial situation for classification

— Minimum of 0 when all records belong to one class,
implying the most beneficial situation for classification

— Gini index is used in decision tree algorithms such as
CART, SLIQ, SPRINT
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2. Lompute impurity measure (M) after splitting
' Compute impurity measure of each child node
' Mis the weighted impurity of child nodes

3. Choose the attribute test condition that
produces the highest gain

Gain=P-M

or equivalently, lowest impurity measure after splitting
(M)

k4

Finding the Best Split

ot ms ST i ST ST T gt

Before Splitting: | 0| N0O | . p

ct | No1
No Yes
[Node N2| [Node N3]
co [ N10 ~co | N20 co | N30 co | N4o
Ci | N11 c1 | N21 c1 | N31 C1 | Na1
1 | l ‘,
M11 M12 M21 m22
- J - il
N
M1 M2

Gain=P-M1 vs P-M2
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Measures of Node Impurity

-~ San 5 = %72 - S R . of e - — 3

| Gini Index
Where p;(t) is the frequency

c—1
Gini Index =1 — z p;(t)? ofclassiatnodet andcis
=~

1 the total number of classes

| Entropy gl
Entropy = — Z pi(t)log,pi(t)
(=0

| Misclassification error

Classification error = 1 — max[p;(t)]




e Different ways of handling i

~ Discretization to form an ordinal categorical
attribute

Ranges can be found by equal interval bucketing,

equal frequency bucketing (percentiles), or
clustering.

¢ Static — discretize once at the beginning
¢ Dynamic - repeat at each node

— Binary Decision: (A<v)or (AzV)
e consider all possible splits and finds the best cut
¢ can be more compute intensive
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' Multi-way split:

~ Use as many partitions
as distinct values

| Binary split.
~ Divides values into two
subsets

~ Preserve order
property among
attribute values

o Madium  Large g
P
ahirt Shirt
aize , See

/\

(Small, (Largs,
Medium)  Extra Large)

Etra L-rm

snm
Slze

This grouping
violates order
property

(Small,  (Medium,
Large}  Extra Large)
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Test Condition for Continuous Attributes




| Depends on attribute types
- Binary
—~ Nominal
~ Ordinal

-~ Continuous




Design Issues of Deasmn Tree Inductlon

| How should training records be split?

— Method for expressing test condition
¢ depending on attribute types

— Measure for evaluating the goodness of a test
condition

| How should the splitting procedure stop?

— Stop splitting if all the records belong to the
same class or have identical attribute values

— Early termination




Hunt's Algorithm
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Defaulted = No

(7.3)

Defaulied = No

(3,0) Single,
Divorced

Married

Defaulted = Yes

Defaulted = No

(1,3)

(c)

(3,0)

@7
Yes No 1
2
Defaulted = No Defanlted = No 3
(3,0) (4,3) 4
(b) 5
6
7
8
9
Defaunlfed = No 10
3,0) single, -
( 2 )Divorce | Married
T Defaulted = No

< 80K

£83;83;3

Home
Owner

Yes
No

Marital
Status

Single

Married
'Single ,
Married

Divorced
Married
Divorced
Single
Married

Single

Annm!l
Income

[125K

100K

AT0K

120K
95K
60K
220K
85K
75K
90K

>= 80K

(3,0)

Defaulted = No

Defaulied = Yes

(1,0)

(d)

(0,3)




Hunt’s Algorithm

Defanlted = No

(7.3)

(a)

Yos No
[mmmn . Nﬂ [ Defantted « NOJ
(3,0) (4,3)
(b)

Set WS

'

%

2 @ & ~ @ a & a N =

|
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Hunt's Algorithm

= i~ 5

Defaulted = No

(7,3)

(a)

Defaalled « No

(3,0) Single,

Divorced

Married

IDcl'nnllul =Yes l I Defaulted = Nn]

(1,3) (3,0)

(c)

| Defaulted = No J [;efaulled = .\'oJ
(3,0) (4,3)

(b)

“ID Home - Marital, Annual Defaulted
QOwner _ Status = Income Borrower

1 [Yes Single 125K No |

2 [No  |Mamied [100K [No ‘

3 |No Single | 70K No

4 |Yes Marred | 120K No

5 [No Divorced | 95K Yes

6 |No Marmed |60K No

T..'| Yes Divorced | 220K No

8 |No Single  [85K Yes

9 |No Mamied | 75K No

_10 »No Single  |90K Yes
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Decision Tree Induction

e - ow b A WS 209 B LI AR ¢ N By T B B "
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e Many Algorithms:
— Hunt’s Algorithm (one of the earliest)
— CART
- 103, C4.5
— SLIQ,SPRINT

*‘ - "
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Decision Tree Classification Task

Attrib! Attrib?

Attribl  Class

|y 125K Induction
“ 2 e Meskm [ 100K | No .m_Ooz::d .
3 |Ne Small TOK No - .
J ¢ Yes Medkm 120K No | T
s N Large 95K Yeos
T No Medhm | 60K No
w 7 Yes Large 220K No
e |Ne Smal 85K Yos |
s |Ne Medlum | 75K No
l10 |No Small 30K Yes
i oF ; Model
Training Set 3 R\‘ \
~ Apply Decision
Atirib® : “Attrib2 | Atnb3 |, Class' Model Tree
11 | No Small 55K 7 3y
12 | Yes Medium BOK ?
13 | Yes Large 110K ?
14 | No Small 95K (7
15 | No Large 67K ?
Test Set
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{ Mome
ws O\M\ﬂ No

- NO | Marst
\ Single, Divorced Married
l Inr..omo l N0
< 80K \\ oK ‘ ;
NO 'YES

" 'Assian Defaulted to

0'

12




{
Yes Owner No

g ﬂet‘ L MarSt
Single, Divorced Married
»
[_ Income ] Gﬂﬁ‘g
< 80K R0 Do
_'

Lo s YES

"

[maane 23 ot o i~

Apply Model to Test Data

Test Data

‘Home  Marital Annual Defaulted
Owner = Status ° Income ' Borrower

Home
Ye/ Owner No //’
| NO 7 St ‘//
} Married
" NO
< 80K > 80K

12



Apply Model to Test Data

Test Data

Marital  Annual Defaulted

Y Home
" Status Income Borrower

Owner

Married | 80K fi i
Home - &
Yes Owner No
L -
NO l MarSt
Single, D/iv/orced Married
- "j/“‘h‘ . o
Income ] Y 'NO
< 80K \ > 80K
*

NO 'YES |

Home Marital Annual ‘Defaulted
*Owner : Status Income Borrower

Home /,,——“’
Ye/ Oowner N No *~ -
NO | marst.
. Smgle%reed Married




Example of a Decision Tree

/77, e

Mamisl  Annus!l  Defsulted &
Wevtroywyer &

| 120N

Binge
Marwa | 100K (T8

Bingle | 70K Mo

| A Ve !M.ubt‘ | 120K Mo
N [ Divoroed | 08K Yer
‘ N | Mafried | 60K INo
Ve [ Divoroed | 220K JN')
" N | finge A% ;Yu
0 N Martied 75K |No
0 | N fingle | 90K ; Tes ,
| J
Training Data Model: Decision Tree

Apply Model to Test Data

Test Data

Start from the root of tree. ;
Home Marital Annual_ Defaulted

Owner Status Income Boirower

No Mamied |80K ?




oeneral Approach ror Bu
Classification Model

Training Set

Learmning
Algorithm

N
|

> 'Inducfloh\:“ N\

K\:'ann Modny

315332323

LS N
N Ataves ol
NS e L
R — Deduction:
— v,_[,_; - "Apply Model”
R e AT ool Oetunel /
| J»...mt’\.....u'..”..,“ - P
" N LT S ’/
{2 Ve j(\-\w\w 20X > //'
Yeu ‘Sv\)w ‘/
o [seoe
:_w lllvv\\' BTN
Test Set

Figure 3.3. General framework for building a classification model.

Classification Techniques

o

e Base Classifiers
— Decision Tree based Methods
— Rule-based Methods
— Nearest-neighbor
— Naive Bayes and Bayesian Belief Networks
— Support Vector Machines
— Neural Networks, Deep Neural Nets

e Ensemble Classifiers
— Boosting, Bagging, Random Forests




Classification: Definition
T ——————
e Given a collection of records (training set )

— Each record is by characterized by a tuple
(x,), where x s the attribute set and yis the
class label

¢ x attribute, predictor, independent variable, input
¢ y. class, response, dependent variable, output

e Task:

— Learn a model that maps each attribute set x
into one of the predefined class labels y

Examples of Classification Task

- ~—— .t -~ -}

e T oos =

Task Attribute set, x Class label, y

Categorizing | Features extracted from |spam or non-spam
email email message header
messages and content

Identifying Features extracted from |malignant or benign
tumor cells | x-rays or MRI scans cells

Cataloging |Features extracted from | Elliptical, spiral, or
galaxies telescope images irregular-shaped
galaxies
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