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Naive Bayes Classification

* If we know the prior probability and the likelihood
* which we can estimate from the data

Then we can calculate the posterior probability
* Which we use for classification P(A|C)P(C)

P(C|A4)= P4

Prior Probability
* P(A), P(C) “35.7% chance of rain”, “64.3% chance of play golf”

Likelihood, given an observation
 P(A|C) “33% chance of rain if go play golf”

Posterior Probability
* P(C|A) “66.7% chance of play golf of if no rain”
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Operators: Naive Bayes
e

o Input Parameters

. MNaive Bayes

* Training data (Example Set)

* Output
* Classification Model
* Training data (Example Set)

laplace correction

Haive Bayes
* Parameters - e
* Laplace Correction Y e
v
e Distribution Table (in results) shows
posterior probabilities
Attribute Parameter no yes
Cutlook value=no rain 0.600 0.667
Cutlook value=rain 0.400 0.333
Outlook value=unknown ] ]
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Naive Bayes in Rapid Miner
e
* Probabilities can be seen as confidences in the result

Ro... Play prediction{Play} confidence{no) confidence{yes)  Outlook

1 nao yes 0.333 0.667 no rain
2 no yes 0.333 0.667 no rain
3 yes yes 0.333 0.667 no rain
4 Yes Ves 0.400 0.600 rain
5 yes yes 0.400 0.600 rain
G no yes 0.400 0.600 rain
¥ yes yes 0.333 0.667 no rain
8 no Ves 0.333 0.667 no rain
9 yes yes 0.333 0.667 no rain
10 yes yes 0.400 0.600 rain
1 yes yes 0.333 0.667 no rain
12 Yes Ves 0.333 0.667 no rain
13 yes yes 0.333 0.667 no rain
14 no yes 0.400 0.600 rain
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Operators: Neural Net

* |Input Port
* Training data (Example Set)

* Output Ports
* Classification Model
* Training data (Example Set)

e Parameters

e Hidden layers (amount &
sizes)

Training cycles

Learning rate
Momentum

Heural Het

°
tra rmod

* Requires numerical
attributes
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Parameters

. MNeural Net

hidden layers ~ Edit List (0)...

training cycles R00

learning rate W* 0.3

mamentum 0.2
decay
< | shufe
+'| normalize
error epsilan 1.0E-5
use local random seed
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Operators: Support Vector Machine (LibSVM)
-

° Input Port Parameters

. SVM (Support Vector Machine (LibSVM))

* Training data (Example Set) sUm e o =
e Output Ports g - - mp
 Classification Model
e Training data (Example Set) e -
* Parameters " =
° SVM type cache size a0
e Kernel type epsilon 0.001
 +more depending on SVM & Kernel type class weights S EoiList{0)
* SVM Types shrinking
 Last character indicates model type s conftences
e ...C—Classification ...R - Regression
confidence for multiclass
.

Requires numerical attributes
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Parameter Tuning

* Most learning algorithms have parameters
e Systematic testing of parameter values is called optimisation

* There are different strategies for optimisation
* Here we use Grid Search

* Given a set of parameter values or ranges, test all possible
combinations

e Attention!

 We learn the best parameter values from the data
* So we mustfevaluate on a different dataset!!!

e Again, overfitting can be a problem
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Nested Cross-Validation for Parameter Optimization

Process
) Process » Cross Validation » 00% 02 2 L | @ & H Outer CI‘OSS
Validation
)ptimize Parameters (Grid) Apply Model Performance
Lic d inp j perD .. fpad (] mod lab [ { 1ab % peri] tes
'\1 inp mod D thr tes (] unl ’ mod [ ] per exa D pEr
par [‘ thr v 4 v per
out [‘
L
Process
6 Process » Cross Validation » Optimize Parameters (Grid) » 100% ,;'j' ICHC) + a w _._'1
Cross Validation (Optimization)
L d exa % modD per
Optimize . =)
t { ut
Parameters per D
per|
v :
Process
ﬁ) Process » ... Optimize Parameters (Grid) » Cross Validation (Optimiz... | 100% /'7’

Apply Model (Optimi. Performance

SVM
L (] tra mod[D fed mad (] mod lab F 1 lab % er
exa ) thr Lo (] unl . med [ ] per exa
Inner Cross v o | v
Validation ===
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Operators: Optimize Parameters (Grid)
s

Parameters

* Input Ports
e Any input (whatever you need in the nested

Q Optimize Parameters (Grid)

@ Edit Farameter Settings...

process)
error handling fail on error ¥ |
* Output Ports
* Performance Vector (for optimal parameters) Optimize Parameters (Grid)
* Parameter Set (optimal values) ~ 5 =P
o |: inp par:;l
* Any additional results (from the nested s )
process) =
* Parameters
Process
¢ ParamEter Values to teSt @F'rocessbOptimizeParametem{Grid}P 100%,@ ,9 /@ + a "3 E[
in:j Validation DT Log :-
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Operators: Optimize Parameters (Grid)

* Configuration steps:

1. Select the operator you want to optimise
2. Select the parameters of that operator
3. Specify which values to test

I!e!J_JJ Select Parameters: configure operator X

5 Select Parameters: configure operator
f Configure this operator by means of a Wizard.
-1

Operators Parameters Selected Parameters

alidation (X-Validation) maximal_depth Decision Tree.criterion

Decision Tree (Decision Tree) apply_pruning Decision Tree.minimal_leaf_size
Apply Model (Apply Mod confidence

Performance (Perfor apply_prepruning

Log (Log) minimal_gain
minimal_size_for_split
number_of_prepruning_alternatives

<

GridiRange

€» | gain_ratio
information_gain
gini_index
accuracy
@ (1]
e O
2 parameters [ 44 combinations selected w oK x Eancel
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Operators: Optimize Parameters (Grid)

* Nominal parameter values
e Select which values to use

€p | oain_ratio

gini_index
information_gain
accuracy

(= 1)
Possible values © Selected values O
 Continuous parameter values
» Specify values by steps
* Linear: 0/10/20/30/..
e Quadratic: 0/1/4/9/16/ ..
* Logarithmic: 1/2/3/4/6/10/16/ ...
GridiRange
Min Max Steps Scale
0 1000 [ 10 linear v
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Operators: Log
e

* Input Ports rorameter
T Log
’ Through filename
* OUtpUt POrtS log — Edit List (0)...
* Through (will simply forward what you | |
connect to the input) soringvee none "
* Parameters e
* Filename Log
* Log (what to log) { thr g thr [)
E thr thr :|

Does not need any connections!

But if connected, the order of
execution is defined
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Operators: Log

* You can log parameters and output values of operators
* Parameters can be changed by the optimise operator
* Values are the results of operators

Performance Parameters

Decision Tree

criterion " gain_ratio v

wll Edit Parameter List: log et

BENEED

Edit Parameter List:
7 List of keyvalue pairs whedg the key is the column name and the value specifies the p ssvalue to log.
column name value
my log value Decision Tree ¥ | parameter ¥ | criterion A
my ather log value Performance ¥ vyalue ¥ accuracy A
_-_"|_ Add Entry _: Eemove Entry 0 Apply x Cancel
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Operators: Optimize Selection
e

* Input Ports P;l'"f‘f”ﬂ t_
f ptimize Selection
* Training data (Example Set) selection direction * forward ¥ |G

° Any |nput Optimize Selection
(: Bxg '——| EEa ::, | limit generations without improval

* Output Ports Qe = =D
* Training data (Example Set) %;r) gt number of gensrations
e Attribute weights
e Performance Vector

generations without impr._. | 1

keep best 1

< | normalize weights

e Parameters

* Direction (add or remove attributes during e localandom seed
optimisation) show stop dialog
* Finds the optimal selection of attributes user resultinividual selecton
show population plotter
population criteria data fil...
maximal fitness Infinity
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Optimize Selection with outer cross-validation

-
* Optimize Selection is a nested process

* In order to avoid ,, contaminating” our results we would

need to add an outer cross-validation (similarly to grid
search)

Things become complicated...

Logistic Regression.,, Apply Model (2) Performance (2)
4 » o }
I» - ap - 8 ned a ab (EE »
. a ] " v mod |
L) v O ) e LAl
Multiply Select by Weights ’ Select by Weights (7) \
) tes |
| J i ! Tl F L J v
e , o | | wa o | ]--J N wal)
- on | ' i on | J ] [ ori )
' Optimize Selection (.. ' p
v v v
»

source: https://rapidminer.com/blog/learn-right-way-validate-models-part-4-accidental-contamination/ (accessed March 2020)
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https://rapidminer.com/blog/learn-right-way-validate-models-part-4-accidental-contamination/

Optimize Selection with outer cross-validation

Process

100% 0 2 L 4 o @ K

) Process » Validation »

Apply Model Performance

mod L] rmod lab lab % per per
mdd unl - rmod per exa

Optimize Selection Decision Tree

Process

Use Wrapper-X-Validation
which aligns the outer
validation so that the test fold

@) Process » Validation » Optimize Selection »

Inner cross- considers only the attributes
tr Cross Validation validation for selected by Optimize Selection
q- % " feature operator.
" selection
E optimization
v
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More Examples

* Rapidminer Tutorial on Accidental Contamination through
Feature Selection and Parameter Optimization

* https://rapidminer.com/blog/learn-right-way-validate-models-part-
4-accidental-contamination/
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