
Decision T ree Learning

[read Chapter 3]

[recommended exercises 3.1, 3.4]

� Decision tree represen tation

� ID3 learning algorithm

� En trop y , Information gain

� Ov er�tting
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Decision T ree for P l ay T ennis

Outlook

Overcast

Humidity

NormalHigh

No Yes

Wind

Strong Weak

No Yes

Yes

RainSunny
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A T ree to Predict C-Section Risk

Learned from medical records of 1000 w omen

Negativ e examples are C-sections

[833+,167-] .83+ .17-

Fetal_Presentation = 1: [822+,116-] .88+ .12-

| Previous_Csectio n = 0: [767+,81-] .90+ .10-

| | Primiparous = 0: [399+,13-] .97+ .03-

| | Primiparous = 1: [368+,68-] .84+ .16-

| | | Fetal_Distress = 0: [334+,47-] .88+ .12-

| | | | Birth_Weight < 3349: [201+,10.6-] .95+ .05-

| | | | Birth_Weight >= 3349: [133+,36.4-] .78+ .22-

| | | Fetal_Distress = 1: [34+,21-] .62+ .38-

| Previous_Csectio n = 1: [55+,35-] .61+ .39-

Fetal_Presentation = 2: [3+,29-] .11+ .89-

Fetal_Presentation = 3: [8+,22-] .27+ .73-
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Decision T rees

Decision tree represen tation:

� Eac h in ternal no de tests an attribute

� Eac h branc h corresp onds to attribute v alue

� Eac h leaf no de assigns a classi�cati on

Ho w w ould w e represen t:

� ^ ; _ ; X OR

� ( A ^ B ) _ ( C ^ : D ^ E )

� M of N
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When to Consider Decision T rees

� Instances describable b y attribute{v al ue pairs

� T arget function is discrete v alued

� Disjunctiv e h yp othesis ma y b e required

� P ossibly noisy training data

Examples:

� Equipmen t or medical diagnosis

� Credit risk analysis

� Mo deling calendar sc heduling preferences
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T op-Do wn Induction of Decision T rees

Main lo op:

1. A  the \b est" decision attribute for next node

2. Assign A as decision attribute for node

3. F or eac h v alue of A , create new descendan t of

node

4. Sort training examples to leaf no des

5. If training examples p erfectly classi�ed, Then

STOP , Else iterate o v er new leaf no des

Whic h attribute is b est?

A1=? A2=?

ft ft

[29+,35-] [29+,35-]

[21+,5-] [8+,30-] [18+,33-] [11+,2-]
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En trop y
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� S is a sample of training examples

� p

�

is the prop ortion of p ositiv e examples in S
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is the prop ortion of negativ e examples in S
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En trop y

E ntr opy ( S ) = exp ected n um b er of bits needed to

enco de class ( � or 	 ) of randomly dra wn

mem b er of S (under the optimal, shortest-length

co de)

Wh y?

Information theory: optimal length co de assigns

� log

2

p bits to message ha ving probabilit y p .

So, exp ected n um b er of bits to enco de � or 	 of

random mem b er of S :

p

�

( � log

2

p

�

) + p

	

( � log

2

p

	

)

E ntr opy ( S ) � � p

�

log

2

p

�

� p

	

log

2

p

	

53 lecture slides for textb o ok Machine L e arning ,
c


 T om M. Mitc hell, McGra w Hill, 1997



Information Gain

Gain ( S; A ) = exp ected reduction in en trop y due to

sorting on A

Gain ( S; A ) � E ntr opy ( S ) �

X

v 2 V al ues ( A )

j S

v

j

j S j

E ntr opy ( S

v

)

A1=? A2=?

ft ft

[29+,35-] [29+,35-]

[21+,5-] [8+,30-] [18+,33-] [11+,2-]
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T raining Examples

Da y Outlo ok T emp erature Humidit y Wind Pla yT ennis

D1 Sunn y Hot High W eak No

D2 Sunn y Hot High Strong No

D3 Ov ercast Hot High W eak Y es

D4 Rain Mild High W eak Y es

D5 Rain Co ol Normal W eak Y es

D6 Rain Co ol Normal Strong No

D7 Ov ercast Co ol Normal Strong Y es

D8 Sunn y Mild High W eak No

D9 Sunn y Co ol Normal W eak Y es

D10 Rain Mild Normal W eak Y es

D11 Sunn y Mild Normal Strong Y es

D12 Ov ercast Mild High Strong Y es

D13 Ov ercast Hot Normal W eak Y es

D14 Rain Mild High Strong No
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Selecting the Next A ttribute

Which attribute is the best classifier?

High Normal

Humidity

[3+,4-] [6+,1-]

Wind

Weak Strong

[6+,2-] [3+,3-]

  = .940 - (7/14).985 - (7/14).592
  = .151

  = .940 - (8/14).811 - (6/14)1.0
  = .048

Gain (S, Humidity ) Gain (S,          )Wind

=0.940E =0.940E

=0.811E=0.592E=0.985E =1.00E

[9+,5-]S:[9+,5-]S:
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Outlook

Sunny Overcast Rain

[9+,5-]

{D1,D2,D8,D9,D11} {D3,D7,D12,D13} {D4,D5,D6,D10,D14}

[2+,3-] [4+,0-] [3+,2-]

Yes

{D1, D2, ..., D14}

? ?

Which attribute should be tested here?

Ssunny = {D1,D2,D8,D9,D11}

Gain (Ssunny, Humidity)

sunnyGain (S , Temperature)=  .970  -  (2/5) 0.0  -  (2/5) 1.0  -  (1/5) 0.0  =  .570

Gain (S sunny, Wind) =  .970  -  (2/5) 1.0  -  (3/5) .918  =  .019

 

=  .970  -  (3/5) 0.0  -  (2/5) 0.0  =  .970
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Hyp othesis Space Searc h b y ID3
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Hyp othesis Space Searc h b y ID3

� Hyp othesis space is complete!

{ T arget function surely in there...

� Outputs a single h yp othesis (whic h one?)

{ Can't pla y 20 questions...

� No bac k trac king

{ Lo cal minima...

� Statisical l y-based searc h c hoices

{ Robust to noisy data...

� Inductiv e bias: appro x \prefer shortest tree"
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Inductiv e Bias in ID3

Note H is the p o w er set of instances X

! Un biased?

Not really ...

� Preference for short trees, and for those with

high information gain attributes near the ro ot

� Bias is a pr efer enc e for some h yp otheses, rather

than a r estriction of h yp othesis space H

� Occam's razor: prefer the shortest h yp othesis

that �ts the data
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Occam's Razor

Wh y prefer short h yp otheses?

Argumen t in fa v or:

� F ew er short h yps. than long h yps.

! a short h yp that �ts data unlik ely to b e

coincidence

! a long h yp that �ts data migh t b e coincidence

Argumen t opp osed:

� There are man y w a ys to de�ne small sets of h yps

� e.g., all trees with a prime n um b er of no des that

use attributes b eginning with \Z"

� What's so sp ecial ab out small sets based on size

of h yp othesis??
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Ov er�tting in Decision T rees

Consider adding noisy training example #15:

S unny ; H ot; N or mal ; S tr ong ; P l ay T ennis = N o

What e�ect on earlier tree?

Outlook

Overcast

Humidity

NormalHigh

No Yes

Wind

Strong Weak

No Yes

Yes

RainSunny
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Ov er�tting

Consider error of h yp othesis h o v er

� training data: er r or

tr ain

( h )

� en tire distribution D of data: er r or

D

( h )

Hyp othesis h 2 H o v er�ts training data if there is

an alternativ e h yp othesis h

0

2 H suc h that

er r or

tr ain

( h ) < er r or

tr ain

( h

0

)

and

er r or

D

( h ) > er r or

D

( h

0

)

63 lecture slides for textb o ok Machine L e arning ,
c


 T om M. Mitc hell, McGra w Hill, 1997



Ov er�tting in Decision T ree Learning
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Av oiding Ov er�tting

Ho w can w e a v oid o v er�tting?

� stop gro wing when data split not statistical l y

signi�can t

� gro w full tree, then p ost-prune

Ho w to select \b est" tree:

� Measure p erformance o v er training data

� Measure p erformance o v er separate v alidati on

data set

� MDL: minimize

siz e ( tr ee ) + siz e ( miscl assif ications ( tr ee ))
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Reduced-Error Pruning

Split data in to tr aining and v al idation set

Do un til further pruning is harmful:

1. Ev aluate impact on v al idation set of pruning

eac h p ossible no de (plus those b elo w it)

2. Greedily remo v e the one that most impro v es

v al idation set accuracy

� pro duces smallest v ersion of most accurate

subtree

� What if data is limited?
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E�ect of Reduced-Error Pruning
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Rule P ost-Pruning

1. Con v ert tree to equiv ale n t set of rules

2. Prune eac h rule indep enden tly of others

3. Sort �nal rules in to desired sequence for use

P erhaps most frequen tly used metho d (e.g., C4.5 )
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Con v erting A T ree to Rules

Outlook

Overcast

Humidity

NormalHigh

No Yes

Wind

Strong Weak

No Yes

Yes

RainSunny
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IF ( O utl ook = S unny ) ^ ( H umidity = H ig h )

THEN P l ay T ennis = N o

IF ( O utl ook = S unny ) ^ ( H umidity = N or mal )

THEN P l ay T ennis = Y es

: : :
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Con tin uous V alued A ttributes

Create a discrete attribute to test con tin uous

� T emper atur e = 82 : 5

� ( T emper atur e > 72 : 3) = t; f

T emp er atur e : 40 48 60 72 80 90

PlayT ennis : No No Y es Y es Y es No
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A ttributes with Man y V alues

Problem:

� If attribute has man y v alues, Gain will select it

� Imagine using D ate = J un 3 1996 as attribute

One approac h: use GainR atio instead

GainR atio ( S; A ) �

Gain ( S; A )

S pl itI nf or mation ( S; A )

S pl itI nf or mation ( S; A ) � �

c

X

i =1

j S

i

j

j S j

log

2

j S

i

j

j S j

where S

i

is subset of S for whic h A has v alue v

i
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A ttributes with Costs

Consider

� medical diagnosis, B l oodT est has cost $150

� rob otics, W idth f r om 1 f t has cost 23 sec.

Ho w to learn a consisten t tree with lo w exp ected

cost?

One approac h: replace gain b y

� T an and Sc hlimmer (1990)

Gain

2

( S; A )

C ost ( A )

:

� Nunez (1988)

2

Gain ( S;A )

� 1

( C ost ( A ) + 1)

w

where w 2 [0 ; 1] determines imp ortance of cost
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Unkno wn A ttribute V alues

What if some examples missing v alues of A ?

Use training example an yw a y , sort through tree

� If no de n tests A , assign most common v alue of

A among other examples sorted to no de n

� assign most common v alue of A among other

examples with same target v alue

� assign probabilit y p

i

to eac h p ossible v alue v

i

of

A

{ assign fraction p

i

of example to eac h

descendan t in tree

Classify new examples in same fashion
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