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function dtree(examples, attributes, default) returns a decision tree
if examples is empty then
return default
else if all examples have the same class label then
return the class label
else if attributes is empty then
return majority_class(examples) Table
else
best + chogse_attribute(attributes, examples)
“tree + a new decision tree with root test best
for each value v; of best do best Ver
examples; < {elements of examples with best = v;}
m <+ majority_class(examples;) "/ IVV\V\4
subtree + dtree(examples;, attributes — best, m)
add a branch to tree with label v; and subtree subtree
end for
return tree
end if
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m Note that:
I(X;Y) = P(X)I P(X,Y)l
e ; ogP(X ; Vo8 BxTvy X\Y)
= ZP(X Y)IogP Z (X, Y)IogP x N
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m Due to equivalent definition:

1(X; Y) = H(X) — H(X|Y) = I(Y; X) = H(Y) — H(Y|X)
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m As a decision tree gets deeper, fewer examples are associated with the deeper nodes, often
leading to overfitting with large variance.

m It may not be good to fully expand a tree or else overfitting may occur.

m Pruning may be applied to reduce the size of the tree
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m The decision trees in a random forest are like ordinary decision trees with only one
exception in the learning algorithm: each decision node is created by selecting from a
random subset of the attributes (instead of all the attributes), called attribute bagging.

m A random forest is random in two senses:

B Sample bagging: random sampling of training data points when building trees
B Attribute bagging: random subsets of features considered when splitting nodes.
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