g
N

/%
(4|
N

CICI

tre ht
niversity

A

Introduction
to Random Forest

Spatial Statistics

Madlene Nussbaum
m.nussbaum@uu.nl

Utrecht University, Department of Physical Geography


https://www.uu.nl/medewerkers/MNussbaum/
mailto:m.nussbaum@uu.nl

1 Why random forest?

Quite fast model fitting and prediction.

Models interaction in the data, models non-linear relationships and
threshold behavior.

Very good predictive power expected, therefore often used for spatial
prediction.

No extrapolation over value range of the response.
Prediction uncertainty for continuous responses (at point location).

Not sensitive to user choices or model parameters, easy to implement.



2 Random forest - Overview

Ensemble machine learning method
Classification and regression trees (CART) as base element
Bagging (Bootstrap aggregation)

Large number of trees are fully grown
Trees are decorrelated with
= Resampling of original dataset with replacement
= Only a random subset of predictors are tested to split tree nodes

Prediction is the average of all trees (continouous response) or the
majority vote (binary or multinomial response).



Classification and regression trees — binary splitting
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Classification and regression trees — tree

Response: soil pH

Predictors: forest/no- LWWaId Wald

forest, ML: molasse \
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Classification and regression trees — formally

Technique: Recursive binary splitting

Consider all predictors Xy, ..., X,, and all possible values s for splitting for each of the

predictors, and then choose a predictor X; and splitpoint s such that the resulting tree has
the lowest residual sum of squares.

For any 7 and s a half-plane is defined by
Ry(j,s) ={X|X; <s} and Rs(j,s) ={X|X,; > s}

where 7 and s are chosen to minimize

Yo W)+ Y, (Wi—ur)

1:x;€Ry (j,S) 1 $16R2 .73 )

with yp and yp, being the mean of the observations values in tree node R, (7,s) and
Rs (7, s), respectively.



Random forest algorithm

1. Resample dataset (with replacement)

2. Take a random sample of predictors of size mtry

3. Test all selected predictors: find optimal predictors value to split data into 2 portions
4, Chose predictors with lowest error (e.g. MSE) and split data

5. Continue to split the data with (3)-(4) until you are left with a small number of data points (min.node.size)in
each leaf of the tree

6. Repeat (1)-(5) ntree times
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Random forest tuning
Main tuning parameters:

e mtry: number of randomly selected predictors to test at each split
e ntree: number of trees (mostly not sensitive, if large enough)

e min.node.size: size of remaining dataset in tree leaf, when it stops to split (mostly not
sensitive, if small enough)

Other options:

e splitrule:loss function to split data
e max.depth: limit tree depth (interaction depth), otherwise fully grown

e case.weights:increase/decrease weights of to be sampled for a tree (e.g. because of data
quality)
e ... many more (in general not changing the big picture)



Random forest — Default objective function

Regression - Mean squared error

MSE =~ En:(yi — f(z;))?

n 4

with y; being the observed value, fA(wZ) the prediction that prediction function f gives for

the ¢th observation and n the total number of observations. For random forest, f is the
mean prediction of all fitted regression trees.

Classification - Gini index
K
G = Zﬁmk(l — ﬁmk)
k=1

with p..;. being the proportion of training observations in the mth tree leaf from the kth
class (response category), across all K classes.



Random forest — Compute predictions
CART

For each location, decide in which tree end node it falls (“send” each location with its
predictor values down the trees). Take the mean (regression) or proportion/majority class
(classification) of the observations within this end node.

Random forest

~1 ~2 ~B
with f (x), f (z),...,f (x) being predictions of one single CART, random forest
predictions are averaged over B different bootstraped (bagged) samples b used for the

~b
training of f (x)
B
fbag — Z
b—1

For regression, this results in a weighted mean of all the observations. For classification, we
obtain proportion of classes “voting” for an categorical outcome.
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Random forest — Out-of-bag predictions

e Due to resampling with replacement, ~1/3 of observations is not used for one single tree.
They are “out-of-bag” (OOB).

1. take a random sample of N 2. Fit tree to resampled dataset of N
(with replacement) Hence, some data points are not used for
some data points will be duplicated/ model fitting, they are out-of-bag.

triplicated, some will not be chosen
(about 30 % will be left out)
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These predictions can now be
compared to the observed

values and error statistics can
dataset of N be calculated.
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3 Quantile regression forest — Uncertainty

e Keep all observations in the final tree leaves

e Get distribution D from all observations that were in tree leaf with observation y;

e Compute required quantities from D like 90 % prediction intervals or standard errors

Full training data

dom samp\mgwith replacement
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4 Random forest - summary

Bootstrap aggregation method
Uses classification or regression trees
Adds some more randomness to the trees to make them more dissimilar

Predictions are the mean of all trees, i.e. the data points in the tree leaves
— cannot extrapolate beyond value range

Often not sensitive to outliers

Widespread use, especially for medium-sized datasets
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