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Low energy -spectrum
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Why do we need machine learning?

Better representation of data

Multivariate Classification

Hidden Patterns

Scientist: experience / knowledge / bias

Precuts & feature generation
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Analysis chain

Feature Multivariate Final Sample
Selection Classification P

(1]
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Feature Selection
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Forward Selection [2] Minimum Redundancy Maximal Relevance [3]
Begin: zero attributes Stable represantation with min. number of

Add one unused attribute attributes

Calculate performance 1
Choose new attribute for max I(x, c) — m_1 Z I(xi,x;)

. XjEX—Sm_1
max. performance increase X E€Sm_1
— 2, unless chosen number
of attributes reached
Stability [4]
AN B
Jaccard = ‘7
|AU B
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Stability Evaluation
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Multivariate Classification
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Naive Bayes
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STMSTICALLY SPEAKING, IF YOU PICK UPA
SEASHELL AND DOV~ HOLD IT TOYOUR EAR,
YbU (AN PROBABLY HEAR THE OCEAN.
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p(C) f{lp<x,-| 0)

Clxt,...,xp) = ————
p( | ! ) p(X17"'7Xn)

Bayes Classifier [6]: argmax, p(C = ¢) H p(xi|C)

i=1
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Decision Tree

w.
> ws t

dDws+ Y ws “tp+fp
s b

Purity =

Gini = i:w,- P(1—P)
[7]
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Random Forest [2]
Ensemble of decision trees
Bootstrap random number of events
Random (pre-set) number of attributes

Less vulnerable to over fitting

. N;
Confidence = N
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Validation
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X-Validation
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Conclusion

Feature Selection Multivariate Classification Validation
m Forward Selection = Naive Bayes m X-Validation
= mRMR m Decision Tree m Importance
m Stability = Random Forest

Validation

Final Sample

(1]

'Any measurement that you make without any knowledge of the uncertainty is meaningless.
- Walter Lewin
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Classifier Comparison
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