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We want to calculate the information gain (or entropy reduction).
This is the reduction in ‘uncertainty’ when choosing our first
branch as ‘size’. We will represent information gain as “G.”

G(size) = I(parent) —
G(size) = 0.9836 -
G(size) = 0.1008

3 L / 40/ 1478V
I _*/ /8 / 4 4

So, we have gained 0.1008 bits of information about the dataset

by choosing ‘size’ as the first branch of our decision tree.
44

G &, %
&/ , 5
%
b} v/, & 1/, =
/ /.,
9 / & *
1 / % P
= & & / & F
& /
$ &
- ) & &
. ! ., &
/ &

45

1318436 =10 rate=1
1.334692-0 133469200 131843720

131851 1318513 1= 0 1221501 221503 1= 0 131851.4_3185141=0

N

(1551 155282 1= 0 1.1521_1622441=0 13051 505798 1=0 12201 2281091=0 1 3051 30579

131861 318514 1= 01_32221 302247 1= 0 ',31234,312815 = nUan&lnx\SH:\n.

130778 = 13077812 0 130777 = 130777 3= 0

e

39624120 § 322459 - 0 1322469 1= 0 e
0 141 0.93 - o046 0.78
1139624=0 014 0.3
i 110 0072 /L\ 112022 1100
122006470 T 2290641 0

0 1700 0.99
112 0.0076 T~
18 0.21

1155262 = 0 1.1552821=0

0 442 0.98 T/
1

18 0.02

/ * & &,
0 % 1
6,2 5 / »
o 4 / c &%
G * , 5 !
& &
- &
0"," $& ! ! 2 1
% &
? % 0
2 X
e . / & . &

47

G 5 " ow- , @ ) *
, 5 " ACM Computing Surveys! P0 1 2P !

77"

) = 1= T 2 %6 ! BB

M .M ,YZ '@ 2* *
, 5 " Proceedings of SIGIR! BBB"

3 s ) *

& 0 BBEl — % "< , %

@ :
- /

G » 5 <
/ "y < " - . [5"

) 6 ! \ G !

Elements of Statistical Learning: Data Mining, Inference
and Prediction" / , 2. %Mt

48




