QTM 347 Machine Learning

Lecture 15: Random forests and boosting

Ruoxuan Xiong

Suggested reading: ISI. Chapter 8 and 10




Lecture plan

e Random forests

* Gradient boosting
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Decision tree has a high variance

* Example: Predicting a baseball player’s salary
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Bagoing decision trees to reduce variance

Idea: Bootstrap aggregation (mean / majority of predictions for
regression / classification tasks)
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Bageing decision trees

* Disadvantage: Loss of interpretability * Example: Predicting heart disease
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Recall the classification tree to predict heart disease

* Example: Predict whether a patient with chest pain has heart disease
based on Age, Sex, Chol (a cholesterol measure), and other heart and
lung function measures Fos
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* Three decision trees first split by CAtBat
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Random forests

* Random forests: Bagging plus random sampling of predictors

e We fit a decision tree to each Bootstrap samples

* When fitting the tree, we select a random subset of m < p predictors to consider
in each step

* This will lead to very different trees from each sample
* Finally, aggregate (mean or majority vote) the prediction of each tree
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Random forests

* Random forests to predict a baseball player salary: p = 19, m = 5

* Xjj: jth predictor of observation i
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Random forests
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* More generally, if we have B bootstrapped training data sets, frf(x) = %{ FLx) + f200) + -+ FE(x)}
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Bagging vs. random forests
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Bagoing vs. random forests

* Example: Predict whether a patient with chest pain has heart disease

* Random forests outperform bagging
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Random forests, choosing m

* Example: Predict cancer type (either normal or 1 of 14 different types of
cancer) based on 500 genes

* Error rate of a single tree: 45.6% b
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Boosted trees

e Boosted trees

* Trees are grown sequentially using the information left from previously grown
trees

* Each tree 1s fit on a modified version of the original data

e Random forests involve a lot of randomness
* Boosting uses less randomness

* Boosting is often more scalable
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Boosting

* Step 1: Sct f(x) = 0,andr; = y; fori =1, ,n.
* Step 2: For b = 1, -+, B, iterate:

* Fit a decision tree f? with d splits (d + 1 terminal nodes) to the response 77, ***, Ty,
* Update the prediction to

fG) « f00) +AfP(x)
* Update the residuals
1y & 1 — Af ()

* Step 3: Output the final model

B
fx) = Z 22 (%)
b=1
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Boosting
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Tuning parameters in boosting

e The number of trees B

* Boosting can overfit if B is too large (a.k.a. )

e Use cross-validation to select B

* The shrinkage parameter A
* Typical values are 0.01 or 0.001

* Very small A requires a large B to achieve good performance

* The number of splits/depth d in each tree

e d = 1 works well

e Remark:

* Also called gradient boosting
* A is learning rate




Boosting vs. random forests

* Example: Predict cancer type (either normal or 1 of 14 different types
ot cancer) based on 500 genes
* 4 =10.01
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