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Introduction

Molecular fingerprints are gaining more and more popularity in cheminformatic tasks, especially in those connected with application of machine learning (ML). It is a result of relatively low computational
expenses connected with their generation and simplicity of making comparisons between two 0-1 strings. The effectiveness of ML methods is strongly dependent on the type of input data and representation
used for compounds description [1]. Therefore, an extended study on those relationships was carried out in order to determine optimal conditions for such experiments
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Databases of compounds with reported activity towards particular target usually contain only a
few molecules which are proved to be inactive. Therefore, during the preparation for machine
learning experiments, the need of generating sets of compounds assumed as inactives arises. In
this study, six approaches of inactive molecules set formation were examined: random and
diverse selection from ZINC, MDDR and DUD database. ML algorithms were tested in two FP dens=f(various_param)
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space both in MDDR and DUD databases, may be a source of difficulties for ML algorithms to
properly identify active compounds, out of datasets with molecules of various structures and
properties [2].
The impact of FP_dens on the effectiveness of the classification of 5-HT1A ligands is
presented below. Results were also compared with those obtained for Extended

Determining the optimal size of the training set for the purpose Fingerprint, computed with the use of PaDEL-Descriptor, with fixed parameters (length:
of machine learning experiments 1024, no bits/hash: s3, max path length: 6).
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