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Related docking applications

Eachapplicationrely on the prediction provided byscoringfunction (SF
A importantto develop SFs that are optimal for the intendagablication

Predict whether a
molecule dockedo
a giventargetis a
true binder from the
docked structure

Predict theaffinity of
amolecule boundto a
giventarget from the
crystal structure

Virtual
Screening

(VS)

Binding
Affinity
Prediction

* Usually benchmarking
as binary classification

* Goal: identifying new
binders of a given target

* +ve and —ve instances

* Disadvantage: more
confounding factors s.t.
docking pose error, decoys
assumed inactive, etc.

)

* Usually benchmarking
as regression problem

* Goal: determinations of
Kd/Ki by ITC reduced

* only +ve instances
(necessary condition VS)

* Advantage: any
decrease in performance
is due to worse modelling
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1. Genericstructures of proteins from other families may
Improve prediction(lcomplement structures of targgt

2. Providing that asufficiently flexible regression modisl
usedA Random ForeqBreiman 2001)

3. Advantage circumventing a priori assumptions about the
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Training and testing RF-Score

Test sef(195 complexes)

Training se{1105 complexes)
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Generation of descriptor&l . binning, interatomic types)
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(descriptor selection, model selection)



RF-Score -v1 performance on diverse test set

Pearson correlation (R)
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COMPARATIVE ASSESSMENT OF SCORING FUNCTIONS
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