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Attribute-based representations

Example Attributes Target

Alt| Bar | Fri| Hun| Pat | Price | Rain | Res | Type | Est | Wait
X, T| F F T |Some| $%% F T |French| 0-10 T
Xo T| F F T Full $ F F | Thai |30-60 F
X3 F | T F F|Some| $ F F | Burger| 0-10 T
Xy T| F T T Full $ F F | Thai |10-30 T
X5 T| F T F Full | $%$ F T |French| >60 F
X F| T | F T |Some| $$% T T | ltalian | 0-10 T
X7 F | T F F | None| $ T F | Burger | 0-10 F
Xy F | F F T |Some| $$ T T | Thai | 0-10 T
Xy F| T | T F Full $ T F | Burger| =60 F
Xig T| T | T T Full | $%$ F T | Italian [ 10-30 F
X1 F | F F F | None| $ F F | Thai | 0-10 F
Xis T | T T T Full $ F F | Burger [ 30-60 T
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function DTL(examples, attributes, default) returns a decision tree

if examples is empty then return default
else if all ezamples have the same classification then return the classification
else if attributes is empty then return MoDE(ezamples)
else
best <— CHOOSE- ATTRIBUTE( attributes, examples)
tree «— a new decision tree with root test best
for each value v; of best do
examples; +— {elements of examples with best = v;}
subtree +— DTL(examples;, attributes — best, MODE(examples))
add a branch to tree with label v; and subtree subtree
return tree
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Information gain &Ml o
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ID3 Decision tree learning

ID3(Examples, Target_attribute, Artributes)
Examples are the training examples. Target_attribute is the attribute whose value is to be
predicted by the tree. Attributes is a list of other attributes that may be tested by the learned
decision tree. Returns a decision tree that correctly classifies the given Examples.
e Create a Root node for the tree
e If all Examples are positive, Return the single-node tree Roor, with label = +
e If all Examples are negative, Return the single-node tree Root, with label = —
e If Attributes is empty, Return the single-node tree Root, with label = most common value of
Target.attribute in Examples
o Otherwise Begin
® A <« the attribute from Artributes that best* classifies Examples
® The decision attribute for Root — A
e For each possible value, v;, of A,
® Add a new tree branch below Root, corresponding to the test A = v;
o Let Examples, be the subset of Examples that have value v; for A
® If Examples,, is empty
e Then below this new branch add a leaf node with label = most common
value of Target_attribute in Examples
o FElse below this new branch add the subiree
ID3(Examples,,, Targer_attribute, Attributes — {A}))
« End

+ Return Root

* The best attribute is the one with highest information gain, as defined in Equation (3.4).
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Reduced Error Pruning
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