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Ref: • (content) https://en.wikipedia.org/wiki/Decision_tree

Decision Tree

• A decision tree is a decision support tool that uses a tree-like graph or 
model of decisions and their possible consequences, including chance 
event outcomes, resource costs, and utility. It is one way to display an 
algorithm that only contains conditional control statements.
• Decision trees are commonly used in operations research, specifically in 

decision analysis, to help identify a strategy most likely to reach a goal, 
but are also a popular tool in machine learning.
• A decision tree consists of three types of nodes:

• Decision nodes – typically represented by squares
• Chance nodes – typically represented by circles
• End nodes – typically represented by triangles
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CASE TEMPERATURE HEADACHE NAUSEA Flu

1 high YES no YES

2 very_high YES YES YES

3 normal no no no

4 high YES YES YES

5 high no YES no

6 normal YES no no

7 normal no YES no



Tree

21

?
? ?

? ? ? ? ? ?
? ?
? ?

?

?

? ? ? ?
?



Case

22

CASE TEMPERATURE HEADACHE NAUSEA Flu

1 high YES no YES

2 very_high YES YES YES

3 normal no no no

4 high YES YES YES

5 high no YES no

6 normal YES no no

7 normal no YES no
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CASE TEMPERATURE HEADACHE NAUSEA Flu

1 high YES no YES

2 very_high YES YES YES

3 normal no no no

4 high YES YES YES

5 high no YES no

6 normal YES no no

7 normal no YES no
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Information Gain

• Same things --> Low
• Different things -->High
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Decision Tree: Construction
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

Finding entropy H of 
every attribute
1) Headache

H(Flu | Headache) = 
Headache = YES Headache = no

- -
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 
Headache = YES Headache = no
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Finding entropy H of 
every attribute
1) Headache
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 
Headache = YES Headache = no

Finding entropy H of 
every attribute
1) Headache

- -4
7

3
7+

Flu=YES Flu=no

+

Flu=YES Flu=no
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 
Headache = YES Headache = no
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7+

Flu=YES Flu=no

Finding entropy H of 
every attribute
1) Headache
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 
Headache = YES Headache = no

- -4
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3
7+

Finding entropy H of 
every attribute
1) Headache

3
4 #$%!
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1
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Flu=YES Flu=no
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 
- -4
7

3
7+

Finding entropy H of 
every attribute
1) Headache

3
4 #$%!

3
4

1
4 #$%!

1
4 +0

3 #$%!
0
4

3
3 #$%!

3
3

0 0

= 0.464
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

Finding entropy H 
of every attribute

H(Flu | Headache) = 0.464 
H(Flu | Temperature) = 0.394 
H(Flu | Nausea) = 0.620 

Lowest
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

H(Flu | Headache) = 0.464 
H(Flu | Temperature) = 0.394 
H(Flu | Nausea) = 0.620 

Lowest

Table 1

Attributes Decision

Temperature Headache Nausea Flu

1 high yes no yes

2 very_high yes yes yes

3 normal no no no

4 high yes yes yes

5 high no yes no

6 normal yes no no

7 normal no yes no

Temperature

3,    6,    7 1,    4,    5 2

no,   no,   no yes,  yes,  no yes

normal high very_high

Figure 1.  Decision tree—first version

of examples.  When all members of S are members of the same concept C, they do not need
to be further partitioned, so S is a label of the leaf of the tree.  However, when S contains
examples from at least two different concepts, the node of the tree labeled by S is the root of
a new subtree.  An attribute to be a label for the root of this new subtree is selected among
remaining attributes again on the basis of the maximum of information gain criterion.

Table 1 is an example of the decision table with three attributes: Temperature, Headache,
and Nausea, seven examples, and two concepts.  The first concept is the set {1, 2, 4} of
examples that have value yes for the decision Flu, the second concept is the set {3, 5, 6, 7}
of examples that have value no for the same decision.  The entropy of the decision Flu is

H (Flu) = – 37 ⋅log 3
7  –  47 ⋅log 4

7  =  0.985.

Note that the entropy H (Flu) is computed from relative frequencies rather than from
probabilities.  The first candidate to be a label for the root of decision tree is the attribute
Temperature.  The corresponding partitioning of set U of examples is presented in Figure 1.

The conditional entropy of decision Flu given attribute Temperature is

TE(E1)=OK
Thenà Stop

abest

TE(E3)=OK
Thenà Stop
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

Lowest

Table 1

Attributes Decision

Temperature Headache Nausea Flu

1 high yes no yes

2 very_high yes yes yes

3 normal no no no

4 high yes yes yes

5 high no yes no

6 normal yes no no

7 normal no yes no

Temperature

3,    6,    7 1,    4,    5 2

no,   no,   no yes,  yes,  no yes

normal high very_high

Figure 1.  Decision tree—first version

of examples.  When all members of S are members of the same concept C, they do not need
to be further partitioned, so S is a label of the leaf of the tree.  However, when S contains
examples from at least two different concepts, the node of the tree labeled by S is the root of
a new subtree.  An attribute to be a label for the root of this new subtree is selected among
remaining attributes again on the basis of the maximum of information gain criterion.

Table 1 is an example of the decision table with three attributes: Temperature, Headache,
and Nausea, seven examples, and two concepts.  The first concept is the set {1, 2, 4} of
examples that have value yes for the decision Flu, the second concept is the set {3, 5, 6, 7}
of examples that have value no for the same decision.  The entropy of the decision Flu is

H (Flu) = – 37 ⋅log 3
7  –  47 ⋅log 4

7  =  0.985.

Note that the entropy H (Flu) is computed from relative frequencies rather than from
probabilities.  The first candidate to be a label for the root of decision tree is the attribute
Temperature.  The corresponding partitioning of set U of examples is presented in Figure 1.

The conditional entropy of decision Flu given attribute Temperature is

abest

Finding entropy H of attributes from the remainings

H(FluTemperature = high | Headache) = 0

H(FluTemperature = high | Nausea) = 0.667
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CASE TEMPERATURE HEADACHE NAUSEA Flu
1 high YES no YES
2 very_high YES YES YES
3 normal no no no
4 high YES YES YES
5 high no YES no
6 normal YES no no
7 normal no YES no

Finding entropy H of attributes from the remainings

H(FluTemperature = high | Headache) = 0

H(FluTemperature = high | Nausea) = 0.667

Table 2

Attribute Gain Ratio

Temperature 0.408

Headache 0.529

Nausea 0.020

Temperature

3,    6,    7 2

no,   no,   no yes

normal high very_high

Headache

5

yes,   yes no

yes no

1,      4

Figure 6.  Final decision tree

the first condition, (Temperature, high), may be dropped, the resulting rule is

(Headache, no) → (Flu, no).

3. ID3 Algorithm—Gain Ratio Version

The information gain version of ID3, listed in Section 2, builds the decision tree with some
bias—attributes with greater number of values are preferred by the algorithm.  In order to
avoid this bias, another version of ID3 [21] has been developed.  This version uses another
criterion for attribute selection, called gain ratio.  The gain ratio is defined as follows

I (a   →  d )
H (a)

abest


