
Decision Trees

Nipun Batra 
Jan 8, 2019 



Training Data
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Day Outlook Temp Humidity Wind PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild High Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No



Training Data

 2Example borrowed from Tom Mitchell’s text book

Day Outlook Temp Humidity Wind PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild High Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No

Input features



Training Data

 2Example borrowed from Tom Mitchell’s text book

Day Outlook Temp Humidity Wind PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild High Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No

Input features Output 
Variable



Training Data

 2Example borrowed from Tom Mitchell’s text book

Day Outlook Temp Humidity Wind PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild High Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No

Input features Output 
Variable

Discrete Output : 
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Home # Square footage Age Price (1000 USD)

D1 1000 20 30

D2 2000 10 No

D3 3000 5 40

D4 1240 10 50
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Input Output 

Continuous Output : 
Regression



Train, Validation, Test

 4

Data



Train, Validation, Test

 5

Train Test



Train, Validation, Test

 5

Train Test

Machine learning 
algorithm



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm

Estimations



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm

Estimations

Performance 
Measure



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm

Estimations

Performance 
Measure

Q: Any problem with the model?



Train, Validation, Test

 5

Train Test

ModelMachine learning 
algorithm

Estimations

Performance 
Measure

Q: Any problem with the model?

Overfitting: Model highly tuned to 
train data, not generalizable to test
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Decisions - Will I Play Tennis?
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Outlook

Sunny Overcast Rain

Humidity WindYes

High Normal

YesNo No Yes

Strong Weak

Example borrowed from Tom Mitchell’s text book
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“biggest estimated performance gain” 
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Intuition:  At each level, choose an attribute that gives 
“biggest estimated performance gain” 

Image source: analyticsvidhya

Greedy! = Optimal
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Greedy Algorithm

1. Create a root node for tree
2. If all examples are +/-, return root with label = +/-
3. If attributes = empty, return root with most common value of 

Target_Attribute in Examples
4. Begin

1. A <- attribute from Attributes which best classifies 
Examples

2. Root <- A
3. For each value (v) of A

1. Add new tree branch : A = v
2. Examples_v : subset of examples that A = v
3. If Examples_v is empty: add leaf with label = most 

common value of Target_Attribute
4. Else: ID3 (Examples_v, Target_attribute, Attributes - {A})

ID3 (Examples, Target_Attribute, Attributes)
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Entropy: Statistical measure to characterize the 
(im)purity of examples

Entropy = - pNo log2 pNo - pYes log2 pYes 
                   = -(5/14) log2(5/14) - (9/14)log2(9/14) 
             = 0.94

Avg. # of bits to transmit 
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Information Gain: Reduction in entropy
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• Values (Wind) = Weak, Strong
• S = [9+, 5-]
• SWeak = [6+, 2-]
• SStrong = [3+, 3-]
• Gain (S, Wind) = Entropy (S) - 
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• A = Outlook
• Values (Outlook) = Sunny, 

Overcast, Rain
• S = [9+, 5-]
• SSunny = [2+, 3-]
• SOvercast = [4+, 0-]
• SRain = [3+, 2-]
• Gain (S, Outlook) = Entropy (S) - 

(5/14)*Entropy (SSunny) -
(4/14)*Entropy(SOvercast)-

  (5/14)*Entropy(SRain)
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Outlook

Sunny Overcast Rain
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Outlook

Sunny Overcast Rain

Example borrowed from Tom Mitchell’s text book

2+, 3- 3+, 2-

9+, 5-

Yes

Outlook Temp Humidity Wind Play
Tennis

Sunny Hot High Weak No

Sunny Hot High Strong No

Sunny Mild High Weak No

Sunny Cool Normal Weak Yes

Sunny Mild High Strong Yes

S’ = S_outlook is sunny 
Entropy (S’) = 
-(2/5) log2(2/5) - 
(3/5)log2(3/5)
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Outlook

Sunny Overcast Rain

Humidity WindYes

High Normal

YesNo No Yes

Strong Weak


