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Visualizing Prediction Provenance Iin Regression Random Forests
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Problem: provenance of random forest (RF) Goals related to trust levels (TL)

predictions Is complex to apprehend by end users

who need to build trust in the model * G1 - Rules / criteria used by the model
Understanding and explanation (TL3)

Solution: Multiple coordinated views supporting . G2 - Data used to learn the model or form a
prediction provenance analysis decision path (DP)

- Level 1: inspect data instance Diagnosis (TL3)
* Level 2: Inspect decision path

» Level 3: inspect individual decision tree
» Level 4: inspect global random forest

» G3 - Degree of uncertainty for a prediction
Performance, model bias and variance (TL4)

Variation of hyper parameters: when max nb. of leaves T, bias 1 but variance and RF complexity T
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