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“Remember that all models are wrong; the practical
question is how wrong do they have to be to not be useful.”

"BIcE, FrERIRAERETERY;
HIFRYARET, BliSm2raEETREELAL.

— George Box, 1987.
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High Bias

» 75
« Voting Intentions:
« Sample # = 50 from the phone book

Voting Republican Voting Democratic Non-Respondent Total
13 16 21 50

« Republican: 13/(13 + 16) = 44.8%7?
« They actually /ose by 10 points
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. Regime 1 Ermr"‘ Test error
« High Variance
« Symptoms

« Training error « Test error

Regime #2

Regime #1

Ucceptable test error €

Training error

« Training error < ¢

* Te st error > ¢ # Training instances

« Remedies
« Add more training data

« Reduce model complexity
« Complex models are prone to high variance

- Bagging
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« kernelize, use non-linear models

« Boosting
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