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07 Decision Tree

% Machine Learning

v" Supervised learning method
ex) Decision Tree, Neural network, etc.

v Unsupervised learning method
ex) K-means, Clustering, etc.

i = B = H|11
ID3 Entropy CrX| & 2| (nominal)
C4.5, C5.0 Information Gain CtX|£2|(nominal) & O|ZI22|(humeric)
CHAID 7t0| M & (nominal), FA™ (numeric) | SAA 284
carr | G index(nominal), EEAIAO | gam maws, gatom 22|
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ex) weather

outlook te”&ﬁzrat humidity | windy | play
sunny 85 85 false no
sunny 80 90 true no
overcast 83 83 false yes
rain 70 96 false yes
rain 68 80 false yes
rain 65 70 true no
overcast 64 64 true yes
sunny 72 95 false no
sunny 69 70 false yes
rain 75 80 false yes
sunny 75 70 true yes
overcast 72 90 true yes
overcast 81 75 false yes
rain 71 91 true no

-

=sunmy' = overcast' = rainy

- m e

== 75 =T =TRUE' '=FALSE'

- - - e
yes @0 Il I Yoo @O
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02 ID3

< Entropy s F=O{ Xl H|O[H Z KISto| S &

MEZ BHE 28l % — Entropy !
ME CHE 222 /N — Entropy |

bl

=sunny' = overcast' = rainy’

-

= Th =T = THUE = FALSE
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% Entropy of the set S.

Entropy(S)=-)_ p; log, (p;)
i=1

o freq(C.,S)
8]

S: FO0Z HolE =2 &gt
C={C,C,, .., C} S =9 &
freq(C,, S) : SOIA class ¢;0fl £3t= AES|

|S|: o1zl HolE| S| et BofE <
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» ex) weather

play
0 - freq(C;,S
- Entropy(S) :—Z o, 10g,(p,) p = req‘(s‘. )
yes =1
— freq(C,, S)=9, freq(C,,S) =5
no S|=14
yes
no 9 9 5 5
es Entropy(9,5) = -—Ilog, (—) —-—1log, (—) = 0.9402
- PY() 14 gz(14) 14 g2(14)
yes
yes
yes
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% Information Gain = O] £-d0| H|O|HE H & F=ot=4X| LtEtLH= A&

Entropy, (T) = Z x Entorpy(T;)

gain(X) = Entropy(T) — Entropy, (T)
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% ex) weather (outlook, windy, play)

outlook | windy play
sunny false no
sunny true no
overcast false yes
rain false yes
rain false yes
rain true no
overcast true yes
sunny false no
sunny false yes
rain false yes
sunny true yes
overcast true yes
overcast false yes
rain true no
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0 9 5 5
Entropy(T)=—-—Ilog,(—)——1oqg.,(—) =0.9402
py(T) ¥ 92(14) i 92(14)
5 2 2. 3 3
Entropy,(T) = —x(——=log, (=) —=log, (=
pyo() 14X( 5 92(5) 5 92(5))

4 4 4. 0 0
=100 (3~ Zloa. (2
"’14)(( 4 092(4) 4 092(4))

5 3 3. 2 2
—x(—=log,(=)——=1loqg. (—
+14X( 5 92(5) 5 92(5))

=0.694
Gain(outlook) = 0.940-0.694 = 0.246
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% ex) weather (outlook, windy, play)

outlook | windy play
sunny false no
sunny true no
overcast false yes
rain false yes
rain false yes
rain true no
overcast true yes
sunny false no
sunny false yes
rain false yes
sunny true yes
overcast true yes
overcast false yes
rain true no

0 0 5 5
Entropy(T)=—-—Ilog,(—)——1oqg.,(—) =0.9402
py(T) ¥ 92(14) i 92(14)
6 3 3. 3 3
Entropy,, (T) =—x(—-=log,(=) —=log, (=
pyw() 14X( 5 g2(6) 5 92(6))

8 6 6. 2 2
—x(—=log.(=)—=1loq., (=
+14X( 3 92(8) 3 92(8))

= 0.892
Gain(windy) = 0.940 —0.892 = 0.048
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% Problem of ID3's algorithm

1) HE ZA 2ot 8271 sttt (17 2 2f/Ele= 89)
2) =X = d(continuous attribute)E2 CHEX| 23

s+ Gain ratio

In(X
split info(X) = Z xlog, ( gain(X)

split info(X)

T) gain ratio(X) =
% Continuous attributes
A={v,V,,..,v_} betweenv, and v,

i Voo s Vil Vi Vieps o Vi 3

. V, + V.
midpoint = '+2 I+
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% ex) weather (temperature, play)

temperature 85 | 80 [ 83 | 70 | 68 | 65 [ 64 | 72 | 69 | /5 | /S| 72 | 81 | 71

play no | no [yes|yes|yes| no [yes| no [yes | yes |yes|yes | yes| no

4

temperature 64 | 65 [ 68 |69 | 70 | 71 [ 72 | 75 | 80 | 81 [ 83 | 85

no | yes
yes | yes

L S e O O B O )

break points

play YES no | yes | yes | yes no no | yes | yes no

ex) break point: 71.5

9 9. 5 5
Ent =" 1og.(—=)——log,(—) = 0.94
ntropy(T) % 092(14) % 092(14) 0.940
6 4 4 2 2. 8 5 5 3 3
Entro TY=—(-=log,— — =log,=)+—(—=log,— — —loqg., =) =0.939
PY15(T) 14( : 926 - 926) 14( : 928 : 928)
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@relation weather

@attribute outlook {sunny, overcast, rain}

@attribute temperature numeric

@attribute humidity numeric

@attribute windy {true, false}

@attribute play {yes, no}

@data

sunny, 85, 85, false, no

sunny, 80, 90, true, no . el .
= s5unmy = overcast =rain

overcast, 83, 78, false, yes |
rain, 70, 96, false, yes
rain, 68, 80, false, yes é - ?

rain, 65, 70, true, no 'z 75 75 Ctue = false’
overcast, 64, 65, true, yes Ve ~ v .
sunny, 72, 95, false, no

sunny, 69, 70, false, yes - - - -
rain, 75, 80, false, yes

sunny, 75, 70, true, yes

overcast, 72, 90, true, yes

overcast, 81, 75, false, yes

rain, 71, 80, true, no
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=== Bun informaticn ===

Scheme:weka.classifiers.trees.J4s8 -C 0.25 -M 2

C4.5 [release 8] decision tree generator Sun Oct 19 15:08:43 2014 Relation: weather
Instances: 14
oot Attributes: 5
File stem <golf> cutlook
Read 14 cases (4 attributes) from golf.data CempErAture
humidity
Decision Tree: windy
outlook = overcast: Play (4.0) play
outlook = sunny: Test mode:10-fold cross-validation

| humidity <= 75 : Play (2.0)
| humidity > 75 : Don't Play (3.0)

TUt|0?ﬁd; ra{p; . Don't Play (2.0) === (lagzifier model (full training set) ===
w = e. Do a .0)
| windy = false: Play (3.0)

J48 pruned tree

Tree saved

Evaluation on training data (14 items): outlock = sunny
| humidity <= 75: yes (2.0)

Before Pruning After Pruning | humidity > 75: no (3.0)
Size Errors Size Errors Estimate cutloock = owvercast: yes (4.0)
) 8  0( 0.0% 8 0(0.0% (38.5% < cutlock = rain
| windy = true: no ({2.0)
| windy = false: yes (3.0}
Number of Leawes 5

o

3ize of the tree
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