Week 09
Classification evaluation in
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= Dataset: risk
week 09 — datasets.xls
= Algorithms: classification



Decision tree for the risk dataset
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Computing the cost of the solution.
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Changing the cost matrix values.
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Computing the cost of the solution while giving different costs to different errors.
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Using the cost matrix when building the model
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Multiclass Classification Perfarmance Annotations
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creating a lift chart
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lift chart for two models
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Lift chart for the naive Bayes model

Plot () TextWiew () Annotations

W Count for RISE. = good risk -#- Cumulative (Fercent)

Count

327124

89 /123

#4123

9,123

5/124

5124

14123

15/ 124

24 /123

[0.985 - a]

[0.147 - 0.985]

[0.037 - 0.147]

[0.020 - 0.037]

[0.013 - 0.020] [0.008 -0.013)
Confidence for good risk

[0.006 - 0.009]

[0.004 - 0,006]

[0.002 - 0.004]

[-eo - 0.002]

100%

a0%

0%

T0%

G0%

S0%

40%

30%

20%

10%

0%

3si1 poob jo wadiay

13



#4 Nominal to Binominal
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