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A multitude of machine learning algorithms are suitable for QSAR modeling and they rely upon various AZOrange 1ntegrates several Open Source codes using the
conceptual foundations. In general, no method can be 1dentified as superior and an efficient data specific choice Orange platform as a framework and AZOrange itself 1s oran GUI
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developed for automated assessment of the accuracy of all the AZOrange algorithms and consecutive automated
model building and selection. To avoid overfitting and overestimation of the generalization accuracy, potentially The AZOrange methods are AZO ran ? Pvthon
resulting from any elaborate selection process, extensive re-sampling of external test sets is used. The accuracy 1s customized for automated model Y
complemented by the accuracy variance between the folds 1n the assessment of model quality. The process development. In particular, model / 1\ \
includes automated construction of a consensus model, weighting the constituting models by their global hyper-parameters are automatically Cinfon‘h — Q ;
accuracy. selected using the pattern search 0 /i /
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The top level process accepts a data set

and returns the selected AZOrange
model together with extensively re-

algorithm in APPSPACK. . o o
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Consensus Decision Binary Classification Classification Rank Sum 4.98 3.52 2.45 2.64 4.32 3.09 1.45 1.31 E
AVg(CA)POS = Average CA of all learners predicting POS . N
If Avg(CAPOS >= Avg(CAINEG; Predict POS Times Selected 9 4 2 1 6 1 E
Else; Predict NEG Regression Rank Sum 3.82 3.65 1.41 2.35 NA 3.76 1.35 1.21 II{
Times Selected 6 4 0 1 NA 6 C
R Classification Rank Sum 4.06 4.65 1.65 1.70 5.41 3.53 1.65 1.49 G
Times Selected 1 2 1 0 12 1 (L)
Regression Rank Sum 3.93 3.14 1.86 1.34 NA 4.71 1.49 1.33 B
J Times Selected 2 1 0 0 NA 11 i‘

getOptParamﬂ

buildModel

L_I_Aﬁs‘ Select Parameters

_ PACK

Statistics /

trainModel

Calculate

// Statistics /

A\

/ Parameters /

The getUnbiasedAccuracy chart shows C O n CI u S | O n S

the assessment of the generalization
accuracy expected when using
getOptParam for automated model
hyper-parameter selection.

The process developed automatically makes a data sets specific selection of
machine learning algorithm and performs extensive external validation.

No algorithm can be 1dentified as superior as many of the methods are

, frequently selected as the most accurate.
getOptParam performs numerical

optimization of the model hyper-parameters

using the pattern search algorithm of
APPSPACK.

For the global data sets the automatically constructed consensus model and
the boosted tree algorithm are almost exclusively selected for the regression
and classification data sets, respectively.

The objective function used 1n the parameter AC k N OWI e d g emen tS

selection 1s the generalization accuracy
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