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Estimating the Performance of
Predictive Models

Why bother?
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Performance Estimates
— Absolute vs Relative
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Pessimistic Bias ﬁ
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* SoftMax Classifier on a small MNIST subset
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Validation Training

Fold Fold
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L2-regularization strength
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The law of parsimony

| -standard error method
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The law of parsimony
| -standard error method

A {
= \



0.8

0.2

-2

.-..- o .?‘:. L]
: -...' ‘:F, ; a
ute i
I: .- (=] A“:tp ..*
"ty "'h‘ ‘.
e mg O .... e®
’7=0.001
-2 - 0
X1
- . 1:. B
i B g --'IQ.“;‘ ; B
l: .— -‘ A“?" '.‘
"l\.’ l.‘ &.
e mg® O --:. a®
’7=10.0 i
4 _ X‘ln



K-fold for Model Selection step-by-step
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Beyond Performance Metrics

|deal features that are ...

* discriminatory
* salient

* Invariant



Example #3 of 6

True Class: . Atheism

Cinsiucions X provoss J o

Algorithm 1
Words that Al considers important: Predicted
‘ Atheism
Prediction correct:

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Algorithm 2

Words that A2 considers important: Predicted
Posting ‘ Atheism
Host Prediction correct:

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. 2016.""Why Should | Trust You?": Explaining the Predictions of Any Classifier.

In Knowledge Discovery and Data Mining (KDD).




THANK YOU!



< ’ https://github.com/rasbt
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