DECISION TREES - EXAMPLE

@ Fit decision tree with tree depth of 3 on bike data

@ E.g.. mean prediction for the first 105 days since 2011 is 1798
~+ Applies to =15% of the data (leftmost branch)

i o days sinvec 20011 hightest feature-importance-(explains=mast of variance)

4504
100%
lys_-'lu_ml 1< CQS
Feature Importance @ @
days_since_2011 79.53 days_since_ znn <106 hm¢< 12
temp 17.55
hum 2.92
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UNBIASED RECURSIVE PARTITIONING

Problems with CART (Classification and Regression Trees):
© Selection bias towards high-cardinal’continuous features
© Does not consider significant improvements when splitting (~ overfitting)

Jl Unbiased recursive partitioning via conditional inference trees (ctree)-or
Jll model-based recursive partitioning (muih):

© Separate selection of feature used for splitting and split point

© Hypothesis test as stopping criteria
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Problems with CART (Classification and Regression Trees):
© Selection bias towards high-cardinal/continuous features
© Does not consider significant improvements when splitting (~- overfitting)
Jl Unbiased recursive partitioning via conditional inference trees (ctree)-or
Jll model-based recursive partitioning (muih):
© Separate selection of feature used for splitting and split point
© Hypothesis test as stopping criteria
Example (selection bias): Which feature is selected in the first spit?
Simulate data (n = 200) with Y ~ N(0,1) Mgt [l oot [l corestorsii tusrce Toes (3o
and 3 features of different cardinality
independent from Y (repeat 500 times):

® X, ~ Binom(n.3)
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UNBIASED RECURSIVE PARTITIONING

Differences to CART:
@ Two-step approach (1. find most significant split feature, 2. find best split point)
@ Parametricamodel/(elg-\EMdnstead of eonstant) €an be fitted in leave nodes
e Significanceof split{p-valuergiverrineach node

® ctree andanuirdiffer imhypothesis testiused fon selecting the split feature
(independence test vs. fluctuation test) and how to find the best split point
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B o Significancecfsplit-(p-value}givenineachinode
Jl ° cureeandanohrdiffer imhypothesis:testiusedfor selecting the:splitifeature
(independence test vs. fluctuation test) and how to find the best split point

Example (ctree): Bike data (constant madel in final nodes)
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UNBIASED RECURSIVE PARTITIONING

Differences to CART:
@ Two-step approach (1. find most significant split feature, 2. find best split point)
ll ¢ Parametricmodel/{e.g.- .EMdnstead of constant) can be fitted in leave nodes
l o Significanceof split{p-valuergiverrineach node
@ ctree andanuirdiffer imhypothesis testiused fon selecting the split feature
| (independence test vs. fluctuation test) and how;to find the best split point
_
l

Example (mob): Bike data (linear mode| with temp in final nodes)

Modet

Train error (MSE):
758,844.0 (ctree)
742,244.4 (mob)
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OTHER RULE-BASED MODELS

ll Decision Rules
l @ (Chaining of) simple “if — then” statements
| ~+ very intuitive and easy-to-interpret

® Most methods work only for classification and
categorical features

izesbig

small THEN value=low

» THEN valuc-medius
THEN wvald
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ll Decision Rules
I @ (Chaining of) simple “if — then” statements IF sizo-small THEN value=low
~= very intuitive and easy-to-interpret F size-medius THEN-yalue-nedium

izesbig THEN Nalde-high

Huge Most methods work only for classification and
o Categoricalfeatures:

LIS - rrccran 1 rooescu 200 Sl
® Combination of LM and decision trees
Deeidlsesi{many) decision trees to extract
» important degision rules £k, fas fs Which are
used.as features ina (regularized) LM
8 Allows for feature interactions and; - 41 4
non-linearities,
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