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PRUNING DECISION TREES

= Decision trees have a major drawback
= They can grow too deep
* They overfit
= How do we deal with a model that overfits?
= Remove splits that are not « statistically significant »
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PRUNING DECISION TREES

= Pruning a decision tree while building it won’t work.
= Famous XOR example.
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= Aand B have no information gain, but in combination they can separate

the classes.
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BOTTOM-UP PRUNING

A?
Y:p & N:n

A=a1 V
‘ Y:pl & N:nl Y:p2 & N:n2 ‘

No improvement then:

p/(p+n)=pl/(pl+nl)=p2/(p2+n2)

+N)= + = +
n/(p+n)=nl/(pl+nl)=n2/(p2+n2) UNIVERSITY



BOTTOM-UP PRUNING

« P _ p1 >p1=p*p1+n1
p+n pl+nl p+n

* Define pl = p * p;:zl, similar for n1, p2 and
n2.

* Calculate:

A= P1=PD* | (m1-nD)® | (p2-p2)° | (n2-n2)”
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pl nl D2 n2
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BOTTOM-UP PRUNING

* Ais y4distributed with 1 degree of freedom.

In general d-1 degrees of freedom, with d
number of splits.

* Small values for A imply no rejection of null

nypothesis (Hy: no improvement) and hence
oruning of tree.
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CONCLUSION

= How decision trees learn from the data = fit the model.
= Problem of overfitting In decision trees.

= Evaluating decision trees on imbalanced datasets.

= Pruning statistically insignificant splits.
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