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Predictive performance and beyond

 Even if all you care about is vanilla predictive
performance, you should care about trees

kaggle

A look at Mathurin’s toolkit, which he keeps coming back to:

» Packages: scikit learn, pandas, numpy
 Frameworks: Keras, Tensorflow, Pytorch and Fastai
e Algorithms: lightgbm, xgboost, catboost

e AutoML tools: Prevision.io, h2o and other open sources such as TPOT, auto
sklearn

e Cloud services: Google colab and kaggle kernels

[https://analyticsindiamag.com/kaggle-master-mathurin-ache-competition-data-science/]
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« Regression tree with squared error loss ™
Bui1ldTree (I; k)

if |I|] £ k

Set y = averageigy(i)
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"
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J
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* Regression tree with squared error loss
BuildTree(I;k)kww,_,x
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Setﬁ—{zemgim}

Set[ = {iellz)’ <s

Set yj < —EwelragejE + y(};) n n n

Set y, o = averagezelﬁsy(f&) n

Set F; Ziélﬁs (y(Z) _ yj,S)Q e - X — U5 2
Set (5%, *) = argmin F

return Node (j*,s", BuildTree(I. ,., k), BuildTree(I}. .., k)

2%,8%7

9



Bullding a decision tree
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* Regression tree with squared error loss
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* Regression tree with squared error loss
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“Cost CompIeX|ty” of atree T

* Pruning

e [For each a, choose 1, by

pruning subtrees until it's not
worthwhile

 Choose a final tree by cross
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How the Netflix Prize Was Won

Like BellKor’s Pragmatic Chaos, the winner of the Netflix
Prize, second-place The Ensemble was an amalgam of teams
which had been competing individually for the million-dollar
prize. But it wasn’t until leaders joined forces with also-rans
that real progress was made in the contest’s goal to improve
the Netflix movie recommendation algorithm by 10 percent.
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