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sSources

A Lecture 15: decision trees, information theory and random forests, Dr. Richard E. Turner

A Trees and Random Forests, Adele Cutler, Utah State University
A Random Forests for Regression and Classification, Adele Cutler, Utah State University
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0 female
1 bald
— |0 brown eyes

class label
X =12
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X ? unknown Iabel
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Motivation: object detection

X ? unknown label

pedestrian 1

feature vector

0.9 patch of
0.3 pixels

Z =02

class label
car 1 car2 cyclist 1 cyclist 2 X =12

How do we automatically learn optimal queries to make at each node?
How do we minimise the expected number of queries?

How do we make learning/estimation efficient?

How do we handle continuous features/distributional outputs?
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TASK: find the odd ball and whether it's heavier or lighter
in as few a weighings as possible

two pan balance

put any number of
balls in each pan

three outcomes:
left heavier/same/right heavier

12 balls, all but one same weight, one is heavier or lighter
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Decision tree
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Classificatiomnd Regressiofirees

Pioneers
A Morganand Sonquist(1963.
A Breiman Friedman Olshen Stone(1984).

A Quinlan(1993.
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A Treebasedmethodsare simpleand usefulfor interpretation.

A Howeverthey typically are not competitive with the best supervisedearning
approachesn termsof predictionaccuracy

A Hencewe alsodiscusshagging randomforests and boosting Thesemethods
grow multiple trees which are then combinedto yield a single consensus
prediction

A Combininga large number of trees canoften result in dramaticimprovements

In prediction accuracyat the expenseof somelossinterpretation.
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Bagging

Bootstrap aggregationis a generatpurpose procedure for reducing the variance of a
statistical learning method; it is particularly useful and frequently usedin the context of
decisiontrees.

Averaginga set of observationsreducesvarianceA this is not practicalbecausewe generally
do not haveaccesgo multiple training sets

Instead,we canbootstrap, by taking repeatedsamplesfrom the (single)training data set.
We generate B different bootstrappedtraining data sets, then train our method on the bth
bootstrappedtrainingsetin order to getf(x), the predictionat a point x.

Thenaverageall the predictionsto obtain:;

¢ 1 Z Fxb
fbag(aj):EZf (33)
b=1

Thisis calledbagging
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Decision trees
G 5 S O Argedafethe individual learnersthat areO2 Yo A. Y SR €

Decisiontrees, one of most popular learning methods commonly used for
dataexploration

Onetype of decisiontree is called
CARTA ClassificatiolAnd Regressionree(Breimanl983
CARTgreedy, top-down binary, recursive partitioning that dividesfeature
spaceinto setsof disjoint rectangularregions
A Regionshouldbe pure with respectto responsevariable
A Simplemodelisfit in eachregion
0 constantvaluefor regression
O majority vote for classification
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Regression
Givenpredictor variablesx, and a coOntinUOUS responsevariabley, build a

modelfor:

A Predictingthe valueof y for a newvalueof x

A Understandinghe relationshipbetweenx andy

e.qg. predicta LJS NEs2siblipBlood pressurebasedon their age,height, weight, etc.

Classification
Given predictor variablesx, and a categoricalresponsevariabley, build a

modelfor:

A Predictingthe valueof y for a newvalueof x

A Understandinghe relationshipbetweenx andy

e.g. predicta LJS NESygasarvival(yes/no)basedon their age,height, weight, etc.
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Regression Methods

o To I T

Simple linear regression
Multiple linear regression
Nonlinear regression (parametric)

Nonparametric regression:

i Kernel smoothing, spline methods,
wavelets

T Trees (1984)
Machine learning methods:

i Bagging
i Random forests
i Boosting

Classification Methods

A
A
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Linear  discriminant  analysis
(19300 s )

Logistic regression (1944)
Nonparametric methods:

T Nearest neighbor classifiers (1951)

T Trees (1984)

Machine learning methods:

i Bagging
i Random forests
i Support vector machines




Classification and Regression Trees

A Growabinarytree.

A Ateachnode,tsplité the datainto two & R | dz3rodeS NE

A Splitsare chosenusinga splitting criterion.
A Bottomnodesared (i S NYhbdégd f €

A For regressionthe predicted value at a node is the averageresponse

variablefor all observationsin the node.

A Forclassificationthe predictedclassis the most commonclassin the
node (majority vote).
o For classification trees, can also get estimated probability of

membershipin eachof the classes
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Splitting criteria

. Regression residual sum of squares
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where y, * = mean y-value for left node
yr* = mean y-value for right node

. CIaSS|f|cat|on Gini criterion
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where P, = proportion of class k in left node
pr = proportion of class k in right node
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