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Machine learning: what and why?

[1]

“We are drowning in information and starving for knowledge.“
John Naisbitt
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“We are drowning in information and starving for knowledge.“
John Naisbitt

Why?

● High dimensionality
● Hidden Patterns

● Scientist:                                
Precuts & attributes               
Knowledge / experience / bias

● Multivariate analysis
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Machine learning: what and why?

[1]

“We are drowning in information and starving for knowledge.“
John Naisbitt

Why?

● High dimensionality
● Hidden Patterns
● Multivariate analysis

What?

● IceCube: 1 TB/day

● Supervised learning

● Predictive learning

● Kinect
● Spam, ...

● Scientist:                                
Precuts & attributes               
Knowledge / experience / bias
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HE-Muon

[2]
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Muon bundle

[2]
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The atmospheric muon flux

[3]
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Supervised learning: Analysis chain

Validation

Precuts
Attribute
Selection

Multivariate
Classification

Final
Sample
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Part I:

Validation

bad Good [2]
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Attribute
Selection
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Attribute
Selection

Min. Redundancy Max. Relevance
(mRMR)

Attributes may be correlated

Optimize:
max. relevance
min. redundancy

[4]
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Multivariate
Classification
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Multivariate
Classification

Decision Tree

1

2 3

4

● Nodes, Leafs

● Best cut of all attributes in 
each node

● Leafs contain probabilities

Building a tree from top to bottom,

cutting on one attribute at each 
node.

[5]
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Multivariate
Classification

Random Forest

1

2 3

4

● Boostrap sample Z of size n from 
training data

● Grow random tree:

● Select m attributes at random

● Pick best attribute/split-point

● Split node into two daughter 
nodes

[6]
→ Output ensemble of trees
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Validation

X - Validation

TrainTest

Test

Test

Test

Test

Train Train Train

Train TrainTrain

Train Train

Train

Train Train

TrainTrainTrain Train

Train Train Train Train

[7]

Part II:
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Validation

Multivariate
Classification

Attribute
Selection

Precuts
Final

Sample

Muon bundle HE-Muon
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Multivariate
Classification

How to choose a cut?

● Information gain

[8]
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Example
Feature

Label
Type N_Hits

X1 HE 0-10 T

X2 Bundle 10-30 F

X3 HE 30-60 T

X4 Bundle 10-30 T

X5 Bundle 0-10 F

X6 HE >60 T

X7 Balloon 30-60 F

X8 HE 10-30 T

X9 Bundle 30-60 F

X10 Bundle >60 F

X11 Balloon 10-30 F

X12 Bundle 30-60 T

Multivariate
Classification

How to choose a cut?

Type

HE Bu/Ba

N_Hits

30-60 others

Convention:
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